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|. Introduction

What is a time series? What is an anomaly?
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Introduction: Time series are Everywhere

Energy Production Astrophysics Volcanology

Medicine

Edf.fr: tinyurl.com/yc7x5xje Virgo: https://www.virgo-gw.eu/ tinyurl.com/39dx2us4 tinyurl.com/ybcttmfz

ML4Jets 2024 | 04/11/2024 | 3



Introduction: Time series are Everywhere

Energy Production

i a

Secondary circuit sensor
measurements

Fiber-acoustic sensors in
VIRGO north building

S

Astrophysics

Bt ]

the Sensor measurements of the Da-

Vinci surgery robot

Medicine
& ~0 P _ L

Volcanology

Sensor measurements on le Piton
de la Fournaise

B i
Deep_earthquakes pgr day: 2009-12-0

P25 D20 D15 D10 D5 D

D+5 D+10 D+1
Summit_earthquakes per day: 2009-12-

D-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1j
BOMG-BORG_(cm): 2009-12-03

“,—‘/”\—'\—"//\W_d

D-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1j
BOMG-DERG_(cm): 2009-12-03

.

D-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1j
BOMG-DSRG_(cm): 2009-12-03

]

p-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1f]

ML4Jets 2024 | 04/11/2024 | 4




Introduction: with Important Challenges

Energy Production

Astrophysic

S

Secondary circuit sensor
measurements

Fiber-acoustic sensors in the
VIRGO north building

S

Identification of
precursors of feed-
water pumps
vibrations

TT T S T TS T T YT YT T IT VT

YT TTUTV TTTTT7T

e S o =
T . |

Sensor measurements of the Da-
Vinci surgery robot

Medicine
& ~0 P _ L

Volcanology

Sensor measurements on le Piton
de la Fournaise

B i
Deep_earthquakes pgr day: 2009-12-0

P25 D20 D15 D10 D5 D

D+5 D+10 D+1
Summit_earthquakes per day: 2009-12-

D-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1j
BOMG-BORG_(cm): 2009-12-03

“,—‘/”\—'\—"//\W_d

D-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1j
BOMG-DERG_(cm): 2009-12-03

.

D-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1j
BOMG-DSRG_(cm): 2009-12-03

]

p-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1f]

ML4Jets 2024 | 04/11/2024 | 5



Introduction: with Important Challenges

Secondary circuit sensor Fiber-acoustic sensors in the Sensor measurements of the Da- |+ Sensor measurements on le Piton
measurements VIRGO north building Vinci surgery robot de la Fournaise
. B | . B : i ) ) 1
RO a—— A\ [ Deep earthquakes per day: 2009-12-0
|uf
Identification of Noise detection in , : 25 D20 D15 D10 D5 D D+5 D+10 D+l
. ~ o Summit_earthquakes per _day: 2009-12-
precursors of feed- VIRGO interferometer &
water pumps north building B
. . ———U W p-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1F§
vibrations BOMG-BORG_(cm): 2009-12-03

Ao D Ayl Ly T e ——
R n I | e T et LR IR o SO “,—‘//\——\—_’—/
I S U ————
S —

p-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1]

A
/

A
/4
"W
/
!

0

|
f

e s——— e S — BOMG-DERG_(cm): 2009-12-03

D-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1j
= - > - — — BOMG-DSRG_(cm): 2009-12-03

TT T S T TS T T YT YT T IT VT

] —

:b—(::-—m—/__d_/

21349823 FFERENE( ()

YT TTUTV TTTTT7T

p-25 D-20 D-15 D-10 D-5 D D+5 D+10 D+1f]

1
3
2
3
1"
i

— r—————— o~ A A —_— ]

ML4Jets 2024 | 04/11/2024 | 6



Introduction: with Important Challenges

Energy Production

Astrophysics

Secondary circuit sensor
measurements

Fiber-acoustic sensors in the

VIRGO north building

Identification of
precursors of feed-
water pumps
vibrations

TT T S T TS T T YT YT T IT VT

YT TTUTV TTTTT7T

v

/"
)

A
’
/R
/
'

VIRGO interferometer

Noise detection in

north building

21349823 FFERENE( ()

LTI T AT BTSTTO

W

|

Sensor measurements of the Da-
Vinci surgery robot

: T
} B T3

= |_

Unusual surgeons
gestures detection

[T T T T P IO TR

Volcanology

Sensor measurements on le Piton

de la Fournaise

ok i
Deep earthquakes per day: 2009-12-0

-25 D-20 D-15 D-10 D-5 D

D+5 D+10 D+1
Summit_earthquakes per day: 2009-12-

p-25 D-20 D-15 D-10 D-5 D

D+5 D+10 D+15
BOMG-BORG_(cm): 2009-12-03

‘_\,_—‘/\—\—VJ

— ]

p-25 D-20 D-15 D-10 D-5 D

D+5 D+10 D+15
BOMG-DERG_(cm): 2009-12-03

.

p-25 D-20 D-15 D-10 D-5 D

D+5 D+10 D+1F§
BOMG-DSRG_(cm): 2009-12-03

N

—

p-25 D-20 D-15 D-10 D-5 D

e m——————— o~ AN

D+5 D+10 D+1f]

ML4Jets 2024 | 04/11/2024 | 7



Introduction: with Important Challenges

Energy Production

Astrophysics

Secondary circuit sensor
measurements

Fiber-acoustic sensors in the

VIRGO north building

Sensor measurements of the Da-

S |_

Vinci surgery robot

Sensor measurements on le Piton

Volcanology

de la Fournaise

<
| y =

Identification of
precursors of feed-
water pumps
vibrations

TT T S T TS T T YT YT T IT VT

YT TTUTV TTTTT7T

Noise detection in
VIRGO interferometer
north building B
LU/
-
|
=
=
ocf |
P
i
™ =
5
el [
S frddl [
=
‘mwwmwn —

S R
Deep earthquakes per day: 2009-12-0

T
D)

Unusual surgeons
gestures detection

Detection of
abnormal events on
the volcano for
predicting eruptions

Label: 2010-08-10 |

D-15 D-10 D-5 D

D+5 D+10 D+15
Log Eruption Probability: 2010-08-10 |15

/\/d i

D-15 D-10 D-5 D

D+5 D+10 D+15

[T T T T P IO TR

ML4Jets 2024 | 04/11/2024 | 8



Introduction: Anomaly Detection in Time Series

* Time series T (example : number of taxi passengers in New York City)
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Anomaly Detection methods: A taxonomy
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LEX: condensate extraction system GCI: turbine bypass system \

Supervised VVP: main steam system 2 sensors (pressure and temperature) | i 2 sensors (pressure)
28 sensors : ‘
| GSS: moisture separator-reheater system KKO: energy metering system
an0m3|y (flow, pressure, temperature) : 2 sensors (pressure and temperature) 1 sensor (power)

. . ~

detectlon (eg, Primary circu/N K CEX Secondary circm

classification) [ﬁv\*[ steam F
AN
GCTT Turbine
< KKQ
E ,
1 High
Explanation of Steam e
H enerator t
the detection g water '

:< ARE Fz{ AHP Condensor cold
water

{I—Q \ rrrrrrrrrrrrrrrrrrrrrrrrrr Low pressure water J

; ‘ - GRE: turbine governing system
ARE: feed-water flow control system | | AGR: feed-water pump turbine lubrication and "\ 3 sensors (pressure)
30 sensors (flow, temperature, water level) ! control fluid system
ASG: auxiliary feed- AHP: high pressure feed- t32 sensors (temperature) ADG: feed-water tank and gas
water system water heater system APP: turbine-driven feedwater pump system ! stripper system

1sensor (temperature)

Class 1: Time series without any vibrations

14 sensors (temperature)

9 sensors (flow, pressure, temperature, speed) 2 sensors (water level)

Class 2: Time series with a vibrations
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Anomaly Dete
By inputs...

Time

CEX: cOnaensate extraction system

N\

GCI: turbine bypass system

y

—>

Supervised

- Normal examples

Training

dataset - Anomaly examp/es

— Time Series T

/ SuperV|Sed VVP: main steam system 2 sensors (pressure and temperature) {2 sensors (pressure)
28 sensors GSS: moisture separator-reheater system ‘ KKO: energy metering system
anomaly (flow, pressure, temperature) | 2 sensors (pressure and temperature) 1 sensor (power)
deteCtlon (e g ) Primary circh K CEX Secondary circuit
classification) W sieom
IR
""""" > GRE
GCTT Turbine
< |
| v |  Gss | | KKQ
Explanation of St () : h
the detection generator A
8 \
*; J Q‘*},‘ —_— '
S -
b
ARE: feed-wg I
Identification of 30 sensors (flow, te (.31
precursors ASG: auxiliary feed- 5
water system
1sensor (temperature)
K N A
Class 1: Time series without any vibrations Class 2: Time seYies with a vibrations
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Anomaly Dete
By inputs...

Time

y

—>

Supervised

__________________________________

- Normal examples

Training
dataset N - Anomaly examples

________

:

On the use case

More info :

On the method

DCE journal 2023 SIGMOD 2022
DATA-CENTRIC ACM SIGMOD
ENGINEERING PODS 2022

phia, PA, USA /




Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods J

ML4Jets 2024 | 04/11/2024 | 41



Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods J
|

N
[ Distance-based ]
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]
|

N
[ Distance-based ]

Proximity-
based

_____________

_____________
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]
|

N
[ Distance-based ]

Proximity- Clustering-
based based

——————————————————————————

__________________________
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]
|

N
[ Distance-based ]

Proximity- Clustering- Discord-
based based based

——————————————————————————

______________________________________
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]
|

N
[ Distance-based ]

Proximity- Clustering- Discord-
based based based

——————————————————————————

______________________________________

E.g., 22 E.g
LOF NormA MP
SAND DAMP
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]

V!
[ Distance-based ] [ Density-based ]

Proximity- Clustering- Discord-
based based based

——————————————————————————

______________________________________

E.g., 22 E.g
LOF NormA MP
SAND DAMP
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]

V!
[ Distance-based ] [ Density-based ]

Proximity- Clustering- Discord- Distribution-
based based based based

——————————————————————————

————————————————————————————————————————————————————

E.g., 22 E.g
LOF NormA MP
SAND DAMP
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]

V!
[ Distance-based ] [ Density-based ]

Proximity- Clustering- Discord- Distribution- Graph-
based based based based based
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]

V!
[ Distance-based ] [ Density-based ]

Proximity- Clustering- Discord- Distribution- Graph- Tree-
based based based based based based
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Anomaly Detection methods: A taxonomy

By methods...

{ Time series anomaly detection methods ]

N
[ Distance-based ]

[ Density-based ]

Proximity- Clustering- Discord- Distribution- Graph- Tree- Encoding-
based based based based based based based

_____________

IABCABCAD E A BC

——————————————————————————————————————————————————————————————————————————————————————————

E.g., 22 E.g
LOF NormA MP
SAND DAMP
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Anomaly Detection methods: A taxonomy

By methods...

{ Time series anomaly detection methods ]

v

[ Distance-based ]

[ Density-based ]

Proximity- Clustering-
based based

Distribution-

Graph-
based

Encoding-
based

£.g, Nirgr;A
LOF SAND

E.g,
Series2Graph

Isolation-
Forest

L

ABCABCA D E A BC

-

o ————

A—- BC
A— DE

E.g.,
GrammarViz
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]

y )
[ Distance-based ] [ Density-based ] [ Prediction-based ]

Proximity- Clustering- Discord- Distribution- Graph- Tree- Encoding-
based based based based based based based

[T i Y Sttt etV jrmm s s ) Suiniaintiieit 1
! ol " ol ' ABCABCA D E ABC|
| 1" ° 1 o 1!
| °g°o° Hooo @” 030 * :: 200 '.:::W‘L——AL\“:

fo) AR 0o 04 40
s SR T i S
| oo ¥ 1 ooooq :: —9%;"0—'. :: A= BC :
10 g00 ::° ::oooo :: oy A— DE ]
e e it I i |
Eg E.g., E.g., E.g., £ E.g., E.g
LOF, O MP JUOLS Series'zgc'ilra h Isolation- Gram.m;rViz
SAND DAMP OCSVM P Forest
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods ]

y )
[ Distance-based ] [ Density-based ] [ Prediction-based ]

Proximity- Clustering- Discord- Distribution- Graph- Tree- Encoding- Forecasting-
based based based based based based based based

(T oottt T TT T 7 S S T jr-—m === NfTmmm e ‘|, """"""" \I
| .:: " o:: 11 ABCABCA D EAB(Z:: .
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(i g SR b
| o° © h Il oo a T 5 S A— BC h .
19 g00 e & 1% 500 :: ' A— DE :: !
| . ! 8 o : oo |
E.g., E.g. E.g., E.g.
E.g., ’ E.g., J E.g.,
LgF NI MP HOBS Seriesngra h Isolation- Gramr?‘larViz
SAND DAMP OCSVM : Forest
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Anomaly Detection methods: A taxonomy

By methods...

{ Time series anomaly detection methods ]

v

[ Distance-based ]

[ Density-based ]

{ Prediction-based ]

Proximity- Clustering- Discord- Distribution- Graph- Tree- Encoding- Forecasting- Reconstruction
based based based based based based based based -based
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: e i ; R ! ! !
E.g., E.g. E.g., E.g.
E.g, ’ .g. E.g.,
LgF NormA MP HOBS Ser'eizgléra h Jsalken- Gramr?'\arViz
SAND DAMP OCSVM ! E Forest
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Anomaly Detection methods: A taxonomy

By methods...

{ Time series anomaly detection methods ]

v

[ Distance-based ]

[ Density-based ]

{ Prediction-based ]

Proximity- Clustering- Discord- Distribution- Graph- Tree- Encoding- Forecasting- Reconstruction
based based based based based based based based -based
(777N Tttt Y St ¥ dl e Vol jrmmmmmmmmes N Saiuiniaiite yTTTTIoo oo VTTTTTTT Ty
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E.g., E.g. E.g., E.g., E.g., E.g.
E.g., ’ q. E.g.,
LgF NormA MP HOBS - £ o lsolation- . i i, LSTMCNN PCA
SAND DAMP OCSVM erlessarap Forest POLY AutoEncoder
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Anomaly Detection methods: A taxonomy
By methods...

{ Time series anomaly detection methods J

[ Density-based ]
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Series2Graph: From time series to a graph

Graph G, [9]:
Given a data series T, and an input length £, we build a graph G, (IV', £) for which:

T p42

For a given subsequence T; , and its corresponding path
Py, =< NO NGD NG+ >
we define the normality score as follows:
i+6-1y N(j),N(j+1) des(NU) =1
Norm(Pyy) = 2 ( 3) & )
Jj=i

Norm (Pth(Tj,£+2)) « Norm (Pth(Ti,€+2))
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Series2Graph: Computation Steps

o 3 components of the Principal Component o Gaussian density estimation on each 9 Assign each subsequence to a node and set
an edge for each transition between nodes

Analysis applied on all subsequences of T radius (among a fixed number of radius)

(a) Data
series T

l
T T T
0 2500 5000

(b) First step: subsequence embedding (c) Second step: node creation (d) Third step: edge creation
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Series2Graph: An Example

Pattern following a recurrent
path in the graph

Snippet of SED time series /

1

1

1

1 1
1 1
1 ]
1 1
1 1

1 1 1 1 I 1 I 1
0 1300 2600 3900 5200 6500

Pattern following an unusual
path in the graph
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Series2Graph: F—
An interactive tool . §

Series2Graph

Selected nade
agnoatic anamaly detesstian.

GraphAn: S2G User interface [10]

[ Upload Anomalias

Original bime series

= Qrigiral time mries

sl NN IR AR e N ==

| | | == Score 5y

a 1) e - ~ - ~ ~ - - 5l - I - ~ ' SO0 SLORE
: | I | | | | = Soore IF
200 [

m— Soong lof
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Series2Graph:
An interr”

P
it ITHERNATIONAL CONFERENCE ON VERY LARGE D4ta BASES

Paper

(VLDB 2020)
GraphAn: S2G U

https://www.vidb.org/pvidb
/vol13/p1821-boniol.pdf

| Compute Embedding |

Projection [Surm variance: 0.989)

Series2Graph:

Graph-based Subsequence Anomaly Detection in Time Series

Paul Boniol and Themis Palpanas.

O

GitHub Repositories

| Computa Graph

Graph mean score: 130.508

TSB-UAD

TheDatumOrg/ HPI-Information-
TSB-UAD Systems/DADS

HPI-Information-

Systems/S2Gpp 1
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Anomaly Detection Methods

USAD
= TANGGAN
G| | -+ VAR-GAN
MAD-GAN

CEA

VELC
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OmniAnomaly
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DONUT
—* LSTM-VAE
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|
¥
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Anomaly

Detection

methods

A taxonomy
ML4Jets 2024 | 04/11/2024 | 63

By time...



Time Series Anomaly Detection

Paul Boniol, Qinghua Liu, John Paparrizos, and Themis Palpanas.

e A

iII=I VV

et VLGQA%§924 (///4
Video (EDBT 2023 Tutorial) Slides (VLDB 2024 Tutorial) SIGMOD Blogpost

e

https://www.youtube.com/w https://drive.google.com/file/d/1Vyz6 https://wp.sigmod.org/?

atch?v=96869gim

XAA&t=1s HOE16lpbVZXgtiZVnU9le8zAlaog/view p=3739

P
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V. Automated Solutions

How to pick automatically the best method?
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Automated Solution: No one-size-fits-all

Detection accuracy (VUS-PR) for 6 anomaly detectors
across different datasets in TSB-UAD [14]

Motivation: IForest — PCA msm NORMA mmm HBOS mmm POLY

- No one-size-fits-all model: How can we

E 0.6 -

automatically identify the best anomaly S o
detector given a time series? 021 I

0.0-

Daphnet Occupancy KDD 21 SVDB
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Automated Solution: Possible solutions

(a) Model Selection

(a) Model Selection:
(a.2) Meta-learning-based

Selecting the best anomaly detector from a Unlabeled Time Series Model Prediction
predefined candidate model set. E Model
e | selector [LLM2
. 0 [ S A
- (a.1) Internal Evaluation 5 ."- YW ~.:.-" Pretraining
- (a.2) Meta-learning-based oo e ’
: (a.1) Internal Evaluation
Synthetic Anomaly Precision 5
M | 06 Top Selection |

L’Wﬁ‘fﬁlfﬁ;f‘ / M: 108 P

Synthetic Anomaly Injection M. | 0.5
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Automated Solution: Possible solutions

(a) Model Selection: emmenees (b) Model Generation |......
d (b.1) Ensembling-based
Selecting the best anomaly detector from a v A B Anomaly Score
predefined candidate model set. A
- (a.1) Internal Evaluation : M | ol Mens
- (a.2) Meta-learning-based (b.2) Pseudo-label-based
Inlier . Qutlier
(b) Model Generation: v ( Unsure Inlier
pieten ¢
Creating an entirely new model for the given D M ‘P
time series based on the candidate mode set I TR - v Pseudo Label
' M. . y —»| My
- (b.1) Ensembling-based Majority Voting Outlier Classifer .-

- (b.2) Pseudo-label-based e T ”
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Automated Solution: Possible solutions

(a) Model Selection:

Selecting the best anomaly detector from a
predefined candidate model set.

- (a.1) Internal Evaluation
- (a.2) Meta-learning-based

(b) Model Generation:

Creating an entirely new model for the given
time series based on the candidate mode set

- (b.1) Ensembling-based
- (b.2) Pseudo-label-based

2023 2020 2015 2010

[

[ AutoTSAD J

[ Model Selection J

!

[ Model Generation ]

v ¥
Internal Meta-learning- Ensembling- Pseudo-
Evaluation J [ based ] [ based J[ label-based J
ARE!
RG{ |IsAC l
kNN OE
cQ | EM&MV
N v il Auto- '
MC RA  Syntheticy, Selector [ | ! + Augment | I
MSAD UReg CFact HITS 10E Clean UADB
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Automated Solution: Possible solutions

4 N

How can we do “model selection” for time series anomaly detection?

s it better than simply ensembling detectors?
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V. MSAD

Model Selection for Anomaly Detection
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MSAD: Ensembling versus Model Selection

Ensembling is proposed as a mitigation strategy to the
previous limitation [17]

Set of
Detectors

Time Series
b 2500 5600
l Run all detectors
[ Dy D, D, Dy,

|

l Average all anomaly scores

Y TV

0

2500
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MSAD: Ensembling versus Model Selection

0.8 !
Ensembling is proposed as a mitigation strategy to the o 0.6
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MSAD: Ensembling versus Model Selection

0.8 !
Ensembling is proposed as a mitigation strategy to the o 0.6
. C o |
previous limitation [17] o 1 i
B 04 !
= T Lo I ol |
... But is problematic in terms of execution time 02 BN 4 BN N e e |
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MSAD: Ensembling versus Model Selection

.. . Time Series
Ensembling is proposed as a mitigation strategy to the

previous limitation [17]

: . L 0 2500 5000
... But is problematic in terms of execution time

l’ Choose the best detector

Model Selection (MS) is a solution to reduce the
Set of D D D D
execution time Detectors 0 1 2 n

0 2500 5000
Anomaly Score
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MSAD: Ensembling versus Model Selection

Ensembling is proposed as a mitigation strategy to the
previous limitation [17]

... But is problematic in terms of execution time

Model Selection (MS) is a solution to reduce the
execution time

The best possible achievable performances (Oracle) is
motivating
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MSAD: Ensembling versus Model Selection

4 ) Di | D2 | D3 D1 | D2 | D3
wn_) D TS1 | 05| 0.7 | 0.9 TS; | 0 | 0 | 1
W | 22 ] |— [75; [ 06 | 04 | 07 rs, 0 0| 1
AM\MM fiA o TS3 | 05 | 0.8 | 0.6 TS3 | 0 | 1 | 0
RN y
Time S'er.ies Candidate Performance o
For Training Model Set Matrix
Y

Time series classification methods could be a solution
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MSAD: Classification for Model Selection

Research Questions (RQs)

1. Whatis the best approach:
1. Individual Detectors
2. Average Ensembling (Avg Ens)
3. Model Selection (MS)

2. What is the best input: Time Series Features OR Raw Values?

3. What-if model selection is tested on completely new datasets?
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MSAD: Experimental Pipeline

(a) Time series T

Step 1: Acquiring Labeled
Time Series

We use the TSB-UAD benchmark [14],
on which we know in advance which

detector is the best for each time series.
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MSAD: Experimental Pipeline

(a) Time series T

1 1
1 1
1 1
1 1
........ J I
1 1
1
1
T; e j T Tip

.............. " MU\«J\MJUUW

N %
(b) Set of subsequences of length ¢

Step 2: Segmentation

We segment the time series into equal

length subsequences.

Each subsequence is assigned to the

same label (best detector)
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MSAD: Experimental Pipeline

(a) Time series T

........ | i
EL Tl{’ . jt Tk,{’ . Tl{)‘:
Step 3: Prediction
> n n ﬂ A " n “ W > S P(Ti {)) =D, We train a time series classification
________ " ﬂ ﬂ.n [ ﬂ ﬂ > (c) —> P(Tj,{,) =D, method to predict which detector is the

---------- MUUUUUUUUU\ —> DEtecFor ——> P(Ty,) =D, best (using the labels from TSB-UAD).
| selection |

o * | method |° ’

rvveeeeeesessanns > —> P(T,,) = D,

N %
(b) Set of subsequences of length ¢

\ 4
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MSAD: Experimental Pipeline

(a) Time series T

LoD DA AN An N0

. Tie rmmn Lt L4
> nnnh" n“w > ﬁP(Ti'{J)ZDZ
L s @ s p(r,) =0,
- MUUMWM | betector L p(r, )= b,
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MSAD: Experimental Pipeline

(a) Time series T
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MSAD: Experimental Pipeline

(a) Time series T
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Step 5: Anomaly Score
Computation

We finally compute the anomaly score

using the selected detector.
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MSAD: Experimental Evaluation

We conduct our experimental evaluation on the TSB-UAD benchmark :
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MSAD: Experimental Evaluation

We conduct our experimental evaluation on the TSB-UAD benchmark :

16 time series classification methods:

Model selection with Time series Classification

i

Raw-based

v

MLP

SVC Deep learning based

KNN

¥

Transformer-
based

QDA
Bayes
AdaBoost
DecisionTree

RandomForest

ConvNet
ResNet
Inception

_____
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MSAD: Experimental Evaluation

We conduct our experimental evaluation on the TSB-UAD benchmark :

16 time series classification methods: With 8 segmentation window lengths:
Model selection with Time series Classification 16 I |
[
: * L
FEaatsl;rde- Raw-based 32 J
Deep learning based 128
; ' 256
Transformer-
based 512 lﬂnnﬂ n “
ResNet Rocket 1024

Inception

Random split (70/30) of TSB-UAD benchmark between train and test
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Raw values is the best input compared to time series features
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MSAD: Experimental Evaluation

o The window length influence is different based on the type of methods
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MSAD: Experimental Evaluation

o MS outperforms the Individual detectors

and the Avg Ens in terms of accuracy

o MS outperforms Avg Ens in terms of
execution time
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MSAD: Experimental
Evaluation

o MS outperforms the Individual detectors
and the Avg Ens in terms of accuracy

o MS outperforms Avg Ens in terms of
execution time
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MSAD: Experimental
Evaluation

o MS outperforms the Individual detectors
and the Avg Ens in terms of accuracy

o MS outperforms Avg Ens in terms of
execution time

o Potential improvement in terms of
classification
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MSAD: Experimental
Evaluation

o MS outperforms the Individual detectors
and the Avg Ens in terms of accuracy

o MS outperforms Avg Ens in terms of
execution time

o Potential improvement in terms of
classification

o Potential improvement in terms of ranking
detectors

(a) Classification vs anomaly detection for all dataset
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MSAD: Experimental Evaluation

Out-of-distribution testing: How well a model handles unfamiliar data?
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MSAD: Experimental Evaluation

Out-of-distribution testing: How well a model handles unfamiliar data?

OPPORTUNITY IOPS SVDB Daphnet
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MSAD: Experimental Evaluation

Out-of-distribution testing: How well a model handles unfamiliar data?

OPPORTUNITY IOPS SVDB Daphnet
Occupancy ECG GHL SensorScope
\ J\ J
Y Y
Training Set Test Set
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MSAD: Experimental Evaluation

Out-of-distribution testing: How well a model handles unfamiliar data?
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MSAD: Experimental Evaluation

Out-of-distribution testing: How well a model handles unfamiliar data?

Trained on all but Occupancy Trained on all but SVDB Trained on all but MITDB
Tested on Occupancy Tested on SVDB Tested on MITDB
0.8 1
0.6 1
0.4 1
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0.0
Trained on all but GHL Trained on all but KDD21 Trained on all but YAHOO
Tested on GHL Tested on KDD21 Tested on YAHOO

Oracle — - — - Worst AD on test — — — Best AD on train
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MSAD: Experimental Evaluation

Out-of-distribution testing: How well a model handles unfamiliar data? ;) ayq vus-pr for all dataset
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MSAD: Experimental Evaluation

Out-of-distribution testing: How well a model handles unfamiliar data? ;) ayq vus-pr for all dataset
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MSAD: Experimental Evaluation

/ Choose Wisely: \

An Extensive Evaluation of Model Selection for Anomaly Detection in Time Series.
Emmanouil Sylligardos, Paul Boniol, John Paparrizos, Panos Trahanias, and Themis Palpanas.

R ﬁﬁ l ﬁ:h& r- o
VLDB2023 I i B
Paper Demo :
(VLDB 2023) (ICDE 2024) GitHub Repo

[=];

[=]

https://helios2.mi.parisdescartes.fr/~th https://adecimots.streamlit.app/ boniolp/MSAD
Qmisp/publications/pvldb23-msad.pdf
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Conclusion: Research Directions

(a) Avg VUS-PR for all dataset
o Ensembling is still better for out-of-distribution 1.0
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Conclusion: Research Directions

o Ensembling is still better for out-of-distribution 0.8
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Conclusion: Research Directions

o Ensembling is still better for out-of-distribution How should we ensemble
cases 61 detectors?

o Combining Model Selection and Ensembling e

time series snippet?

Detection Time (sec)
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o Combining Model Selection and Ensembling e

time series snippet?
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Conclusion: Research Directions

o Ensembling is still better for out-of-distribution How should we ensemble
detectors?

cases

o Combining Model Selection and Ensembling e

time series snippet?

o Ensembling has a strong impact on execution

time
o Trade-off between execution time and

accuracy in the selection process

Detection Time (sec)
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Conclusion: Research Directions

. . Classification-based
o Ensembling is still better for out-of-distribution

cases R roneee- reeme omm e :
.« . . . 1 | I :
o Combining Model Selection and Ensembling I?MWWM ML -
I=| i,f| B4 k4 . l,£’Jl : : I
Fe==== === o ] 7500 10000 1
. . . —> P(T;,) = Dz\ Dy :
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time pe S DR I X Py
. . method
o Trade-off between execution time and R E : :
_ , > p(7,,) = D, oy
accuracy in the selection process

D W <
o Adding a new detector require training from o0 2500 " 5000 7500 10000

scratch the pipeline
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Conclusion: Research Directions

L o , Regression-based
o Ensembling is still better for out-of-distribution

cases

o Combining Model Selection and Ensembling 'WWWWWWWWWW—

[ D, estimation
model

. . L I
o Ensembling has a strong impact on execution ! D, estimation |
|

P(T,;) = 4Dy Dy

P(T;z) = Acc(Dy)

—>

—>
model
> S D, estimation > p(T,,) = 4cDy) >
—>

time

uINgay (p)
&
1

model

o Trade-off between execution time and

| D, estimation
model

+
o Adding a new detector require training from MJWMW )

scratch the pipeline 0 2500 5000 7500 10000

P(Tyz) = Acc(Dy) Dy,

accuracy in the selection process

o Improving modularity (regression-based

model selection
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