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Introduction
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For this tutorial:

A potentially undesired rare
point or rare sequence of
points of a given length.

Threshold

0 2000 4000 6000 8000

Low Score: Normal High Score: Anomalous

Image from Boniol et al. Time-Series Anomaly Detection: Overview and New Trends. VLDB 2024
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Time Series Anomalies
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Anomaly Taxonomy

Anomaly Types
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Phillip Wenig, Sebastian Schmidl, Thorsten Papenbrock: Anomaly Detectors for Multivariate Time Series: The Proof of the Pudding is in the
Eating. Proceedings of the International Conference on Data Engineering Workshops (ICDEW), 2024. DOI:10.1109/ICDEW61823.2024.00018




Anomaly Taxonomy
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Image from Boniol et al. Time-Series Anomaly Detection: Overview and New Trends. VLDB 2024



Real-world examples

global point contextual subsequence
OPPORTUNITY |OPS SVDB Daphnet MGAB MITDB
Occupancy ECG GHL SensorScope NASA-MSL SMD
KDD21 NASA-SMAP NAB Genesis Dodgers YAHOO

\

global subsequence

Image from TSB-UAD repository.
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Anomaly Detection Methods




Anomaly Detection Methods — by Research Domains

RobustPCA [65] Eros-SVMs [43] k-Means [107] XGBoosting [21
u [65] Er [43] ns [107] ing [21] KNN [72] SR [74] DWT-MLEAD [93] LHMM [8§] U-GMM-HMM [38]
NetworkSVM [116] MS-SVDD [105] sequenceMiner [14] AOSVM [27] 3
% 3 3 S tSifter [108
RUSBoost [30] OC-KFD [75] PhaseSpace-SVM [52] NoveltySVR [53] Slgnal A.naIYS].S g titten [108] LaserDBN [64]
. SLADE-TS [99] _ 4
Random Black Forest [121]  Classic ML .., A (1)\;[1;;2 g‘[’;”zf]- FFT [73] GLA [51] Stochastic
N . EDBN [70]
Hybrid K-Means [98] Random Forest Regressor [121] EM-HMM [68] Learnlng
Normalizing Flow [77]
SLADE-MTS [100] PCC [82] ) g
HEOE 2d Hybrid KNN[85] o o . EncDec-AD [54] MultiHMM [46] HSMM [90] ~CxDBN[96]
STOMP [120] DeepLSTM [18] SSA[111] VAE-GAN[62] 1y, prg) LAMP [122] HMAD [28]FuzzyDNBC [95]
Series2Graph [11] DeepNAP [41] LSTM-VAE [69] ‘ TCN-AE [94]
. MAD-GAN [45] OmniAnomaly [86]
GrammarViz [81] TwoFinger [56] CoalESN [63]
Tostc [34] . AD-LTI[104] Conlnd [3]
KnorrSeqz[66] Left STAMPi[l12] |~ STORN([s4] | 0 Deep Learning rabpol;, a,rpsy S H.ESD [35]
TSBitmap [102 DADS [80 MSCRED [115 1 3
HOT SAX [39] p[[). ] o Al[ 34] [115] OceanWNN [101] MultiHTM [103] Telemanom [36] LSTM-AD [55] BAST-NMED (76| SH-BSR- [97)
issimilari o
VEXE RADM [23]  gR_CNN [74] VELC [114] MA[12] EWMA [37] SARIMA [29]
7] TAnoGAN [5] AE [78]
o ® MoteESN [17 Bagel [47] Kal Fil
M NumentaHTM [2 alman Filter [29]
vempp Data Mining MTAD-GAT [117] 2l HealthESN (19 ANODE[G0] AR [12]
Image-embedding-CAE [25 . .
BoehmerGraph [8] VALMOD [49] PST [89] & 8 125} MGDD 871 Statistics g 113]
ILOF [71] [42] Isolation Forest [50] EIF [32] 133} pEWMA [15] MedianMethod [6]
NormA-SJ [10] DAD [110] LOCI/aLOCI [67] Subsequence IF [50] Subsequence LOF [13] EWMA-STR [118] Holt-Winter’s [1]
SurpriseEncoding [16]
NormA-smpl [10] IF-LOF [22] ; . COPOD (48] DSPOT [83
- ARIMA [37] [83] RePAD [44]
o Outlier Detection .« .
SCRIMP++ [119]  Ensemble GI [24] ybrid Isolation A tation[109] Holt's [37]
Forest [57] COF [91] BLOF [33] DBStream [31] LOF [13] DILOF [59] SSIENLatio o

Sebastian Schmidl, Phillip Wenig, Thorsten Papenbrock: Anomaly Detection in Time Series: A Comprehensive
Evaluation. PVLDB 9:(15), 2022. DOI:10.14778/3538598.3538602



Anomaly Detection Methods — by Learning Type

Training Testing

Unsupervised @

(Type | [a1)

Supervised 4 “ 4 ’\ " ’\ "
(Type Il [a])

Semi-Supervised " " I‘ 4 4 4 ’\ 4 “ 4 ’\ " ’\ "
(Type Il (1)

[a] Victoria J. Hodge and Jim Austin. 2004. A Survey of Outlier Detection Methodologies.
Artificial Intelligence Review, 22, 2, 85-126. doi: 10.1007/s10462-004-4304-y



Anomaly Detection Methods — by Family
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Forecasting

Reconstruction

Encoding

Distance

Distribution

Isolation Tree
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Anomaly Detection Methods — by Family

ARIMA, DeepAnT, DeepNAP, HealthESN, LSTM-AD, MedianMethod,
MTAD-GAT, NumentaHTM, NoveltySVR, OceanWNN, RBForest, RForest,
SARIMA, Telemanom, Torsk, Triple ES, XGBoosting

% Forecasting
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w Forecasting Methods

e Methods try to forecast the next point or sequence of points based on previous window

e Anomaly score = prediction error

window of length m

13



Anomaly Detection Methods — by Family

* Forecasting 1|4
B Reconstruction WNM

ARIMA, DeepAnT, DeepNAP, HealthESN, LSTM-AD, MedianMethod,
MTAD-GAT, NumentaHTM, NoveltySVR, OceanWNN, RBForest, RForest,
SARIMA, Telemanom, Torsk, Triple ES, XGBoosting

AE, Bagel, DAE, Donut, EncDec-AD, FFT, IE-CAE, LSTM-VAE, MSCRED,
OmniAnomaly, PCI, PCC, RobustPCA, SR, SR-CNN, TAnoGan



M Reconstruction Methods

e Training: Methods build normal model by encoding normal subsequences in latent space
e Testing: Methods try to reconstruct subsequences from latent space

e Anomaly score = reconstruction error

window of length m

15



Anomaly Detection Methods — by Family

% Forecasting

B Reconstruction WW}\/M

¥V Encoding

n
1\
v

|
[\
[\
\
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WA,

ARIMA, DeepAnT, DeepNAP, HealthESN, LSTM-AD, MedianMethod,

MTAD-GAT, NumentaHTM, NoveltySVR, OceanWNN, RBForest, RForest,

SARIMA, Telemanom, Torsk, Triple ES, XGBoosting

AE, Bagel, DAE, Donut, EncDec-AD, FFT, IE-CAE, LSTM-VAE, MSCRED,

OmniAnomaly, PCI, PCC, RobustPCA, SR, SR-CNN, TAnoGan

Ensemble Gl, GrammarViz, LaserDBN, MultiHMM, PST, Series2Graph,
TARZAN, TSBitmap
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V¥V Encoding Methods

e Methods encode subsequences in latent space and identify anomalies in this space

e Anomaly score = depends on representation

window of length m
=l PR o r =
| | | |
|

-

- -
- -
- —
. .
_-—'_ . -
- -
- -
- —
. - . -"

GrammarViz: Coverage of grammar rules
Series2Graph: Edge weight
TsBitmap: Bitmap similarity



Anomaly Detection Methods — by Family
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Forecasting
Reconstruction
Encoding

Distance

WA

e

ARIMA, DeepAnT, DeepNAP, HealthESN, LSTM-AD, MedianMethod,
MTAD-GAT, NumentaHTM, NoveltySVR, OceanWNN, RBForest, RForest,
SARIMA, Telemanom, Torsk, Triple ES, XGBoosting

AE, Bagel, DAE, Donut, EncDec-AD, FFT, IE-CAE, LSTM-VAE, MSCRED,
OmniAnomaly, PCI, PCC, RobustPCA, SR, SR-CNN, TAnoGan

Ensemble Gl, GrammarViz, LaserDBN, MultiHMM, PST, Series2Graph,
TARZAN, TSBitmap

CBLOF, COF, DBStream, HOT SAX, Hybrid KNN, k-Means, KNN, LOF,
NormA-SJ, PS-SVM, SAND, SSA, STAMP, STOMP, Sub-LOF, VALMOD, Left
STAMPi
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® Distance Methods

e Methods compute distances between points/subsequences (or groups of subsequences)

e Anomaly score = distance value

window of length m

AN
AV UVUVUYS G

—_—

el
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® Distance Methods Example: MatrixProfile

=

Chin-Chia Michael Yeh, Yan Zhu, Liudmila Ulanova, Nurjahan Begum, Yifei Ding, Hoang Anh Dau, Diego Furtado Silva,
Abdullah Mueen, and Eamonn J. Keogh. 2016. Matrix Prole I: All Pairs Similarity Joins for Time Series. In ICDM.




® Distance Methods Example: MatrixProfile
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® Streaming: STAMPi, DAMP
® Anytime: STAMP, STOMP
® Forreoccurring anomalies: left-STAMP

® For multivariate time series: mSTAMP
A\

300 400 500 600

index

Chin-Chia Michael Yeh, Yan Zhu, Liudmila Ulanova, Nurjahan Begum, Yifei Ding, Hoang Anh Dau, Diego Furtado Silva,
Abdullah Mueen, and Eamonn J. Keogh. 2016. Matrix Prole I: All Pairs Similarity Joins for Time Series. In ICDM.

700 800 900
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Anomaly Detection Methods — by Family
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Forecasting
Reconstruction
Encoding
Distance

Distribution

e

ARIMA, DeepAnT, DeepNAP, HealthESN, LSTM-AD, MedianMethod,
MTAD-GAT, NumentaHTM, NoveltySVR, OceanWNN, RBForest, RForest,
SARIMA, Telemanom, Torsk, Triple ES, XGBoosting

AE, Bagel, DAE, Donut, EncDec-AD, FFT, IE-CAE, LSTM-VAE, MSCRED,
OmniAnomaly, PCI, PCC, RobustPCA, SR, SR-CNN, TAnoGan

Ensemble Gl, GrammarViz, LaserDBN, MultiHMM, PST, Series2Graph,
TARZAN, TSBitmap

CBLOF, COF, DBStream, HOT SAX, Hybrid KNN, k-Means, KNN, LOF,
NormA-SJ, PS-SVM, SAND, SSA, STAMP, STOMP, Sub-LOF, VALMOD, Left
STAMPI

COPOD, DWT-MLEAD, Fast-MCD, HBOS, NF, S-H-ESD, DSPOT,
Sub-Fast-MCD
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A Distribution Methods

e Methods estimate the distribution of the data or fit a distribution model to the data
(frequency instead of distance)

e Anomaly score = probabilities / likelihoods

,F%"MM/\%MMMMMMNA
| | AR AR AR AR

—_—



Anomaly Detection Methods — by Family

ARIMA, DeepAnT, DeepNAP, HealthESN, LSTM-AD, MedianMethod,

i ,'"\ MTAD-GAT, NumentaHTM, NoveltySVR, OceanWNN, RBForest, RForest,
* ForecaStl ng SARIMA, Telemanom, Torsk, Triple ES, XGBoosting
. AE, Bagel, DAE, Donut, EncDec-AD, FFT, IE-CAE, LSTM-VAE, MSCRED,
. Reconstruction OmniAnomaly, PCI, PCC, RobustPCA, SR, SR-CNN, TAnoGan
. Ensemble Gl, GrammarViz, LaserDBN, MultiHMM, PST, Series2Graph,
v Encod|ng / TARZAN, TSBitmap
. CBLOF, COF, DBStream, HOT SAX, Hybrid KNN, k-Means, KNN, LOF,
. Dlstance NormA-SJ, PS-SVM, SAND, SSA, STAMP, STOMP, Sub-LOF, VALMOD, Left
‘ VoV STAMPi
\&\:/.;/f////,, >
. . . COPOD, DWT-MLEAD, Fast-MCD, HBOS, NF, S-H-ESD, DSPOT,
A Distribution Sub-Fast-MCD

EIF, HIF, IF-LOF, iForest, Sub-IF

Isolation Tree



“ |solation Tree Methods

e Methods build an ensemble of random trees that partition the samples (points or
subsequences)

e Anomaly score = average reciprocal path length
PR P I r
| | | AT
| | |
|
1]
1\ |
11

* /
N 7 !
\ /s
\
\ -
\ N
. N /
\ -
N .
\
\ .
\

O
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<= Isolation Tree Methods Example: Isolation Forest

e

1(

LLLLLL

Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. 2008. Isolation Forest. In Proceedings of the
International Conference on Data Mining (ICDM), 413—-422. doi: 10.1109/ICDM.2008.17.




<= Isolation Tree Methods Example: Isolation Forest

Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. 2008. Isolation Forest. In Proceedings of the
International Conference on Data Mining (ICDM), 413—422. doi: 10.1109/ICDM.2008.17.

Screenshot from Boniol et al. Time-Series Anomaly
Detection: Overview and New Trends. VLDB 2024
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<= Isolation Tree Methods Example: Isolation Forest

1 splits

Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. 2008. Isolation Forest. In Proceedings of the
International Conference on Data Mining (ICDM), 413—422. doi: 10.1109/ICDM.2008.17.

1 splits

A
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00p 00
®
O o
ooooo
e® ©
o O ®
e ©® °®
P
28

Screenshot from Boniol et al. Time-Series Anomaly
Detection: Overview and New Trends. VLDB 2024



<= Isolation Tree Methods Example: Isolation Forest

2 splits

OO 2
OO
O O

Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. 2008. Isolation Forest. In Proceedings of the
International Conference on Data Mining (ICDM), 413—422. doi: 10.1109/ICDM.2008.17.

2 splits

Screenshot from Boniol et al. Time-Series Anomaly
Detection: Overview and New Trends. VLDB 2024
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<= Isolation Tree Methods Example: Isolation Forest

3 splits

O O
OOOO

O "o 5
o o
0®| ©

o o

Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. 2008. Isolation Forest. In Proceedings of the
International Conference on Data Mining (ICDM), 413—422. doi: 10.1109/ICDM.2008.17.

3 splits
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Screenshot from Boniol et al. Time-Series Anomaly
Detection: Overview and New Trends. VLDB 2024



<= Isolation Tree Methods Example: Isolation Forest

4 splits 3 splits

A A
o O o O
OO 00 5 OO 00 o
0 O0p 0O L.S0.0%
O ~0oO 5 O ~o o
o (@0 O ©.,0
o |0 o O
o®| © o0 @
O _ olO ¢ O .00 ®
O °® O e
> >
Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. 2008. Isolation Forest. In Proceedings of the Screenshot from Boniol et al. Time-Series Anomaly 31

International Conference on Data Mining (ICDM), 413—422. doi: 10.1109/ICDM.2008.17. Detection: Overview and New Trends. VLDB 2024



<= Isolation Tree Methods Example: Isolation Forest

5 SplItS Easier to isolate » 3 Sp|ItS
A A
o O O O
Roa s D60 5
2000 o© °000 0©
O O
o &5
o |00 O 6.0
o —{© 5P
ol° 2 o0 ©
O .00 ® O 50 ®
O °® O 0O
> >
Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. 2008. Isolation Forest. In Proceedings of the Screenshot from Boniol et al. Time-Series Anomaly 32

International Conference on Data Mining (ICDM), 413—422. doi: 10.1109/ICDM.2008.17. Detection: Overview and New Trends. VLDB 2024



<= Isolation Tree Methods Example: Isolation Forest

33

Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. 2008. Isolation Forest. In Proceedings of the
International Conference on Data Mining (ICDM), 413—422. doi: 10.1109/ICDM.2008.17.



Anomaly Detection Methods in aeon

ARIMA, DeepAnT, DeepNAP, HealthESN, LSTM-AD, MedianMethod,

' ,'"\ MTAD-GAT, NumentaHTM, NoveltySVR, OceanWNN, RBForest, RForest,
ForecaStl ng SARIMA, Telemanom, Torsk, Triple ES, XGBoosting
. AE, Bagel, DAE, Donut, EncDec-AD, FFT, IE-CAE, LSTM-VAE, MSCRED,
Reconstru ction OmniAnomaly, PCI, PCC, RobustPCA, SR, SR-CNN, TAnoGan

Ensemble Gl, GrammarViz, LaserDBN, MultiHMM, PST, Series2Graph,

E n COd | ng [ TARZAN, TSBitmap aeon

i CBLOF, COF, DBStream, HOT SAX, Hybrid KNN, k-Means, KNN, LOF,
Dlstance NormA-SJ, PS-SVM, SAND, SSA, STAMP, STOMP, Sub-LOF, VALMOD,
VUV Left STAMPi
\a\:/.;/f////,, >

. . . COPOD, DWT-MLEAD, Fast-MCD, HBOS, NF, S-H-ESD, DSPOT,
Distribution Sub-Fast-MCD

EIF, HIF, IF-LOF, iForest, Sub-IF

> O 4 B *»

Isolation Tree
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TSAD Benchmark & Datasets
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Benchmarks & Datasets

AN Numenta

NAB
58 time series

* Univariate

* Real-world and
synthetic

« Streaming

» Own scoring
mechanism

* Various domains

HEX/UCR
250 time series

Univariate
Manually checked
labels

Only 1 annotated
anomaly per time
series

Various domains

TSB-UAD
2 000 time series

Univariate

No filtering

Proposes data
transformations to
introduce new
anomalies in existing
time series

Includes time series
generated from
classification datasets

ae On All datasets are available in aeon!

Vo

TimeEval
976 time series

Uni- & multivariate
Only time series with
contamination <0.1, at
least one method
above 0.8 ROC-AUC
and at least one
anomaly

Synthetic time series
generator GutenTAG
for parameter tuning

36



MP

HEX/UCR Insights

NORMA

AE A

1

e Distance methods have better accuracy than o
forecasting or reconstruction methods

CNN A

IFOREST A :

LSTM

|
gl

OCSVM - [

HBOS A [

IFOREST1 -

POLY - [

PCA |— ®)

!
llllil

0.0

Renjie Wu and Eamonn J. Keogh. 2020. Current Time Series Anomaly Detection Benchmarks are Flawed and are
Creating the lllusion of Progress. IEEE Transactions on Knwoledge & Data Engineering, vol. 35, no. 04, 2023.

0.2

0.4 0.6 0.8 1.0
AUC-ROC

Image from Boniol et al. Time-Series Anomaly Detection:
Overview and New Trends. VLDB 2024
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TimeEval Insights

e @ Distance methods have better accuracy than
% forecasting or [ reconstruction methods

e Semi-supervised are NOT outperforming
unsupervised

e There is no overall winner!

Sebastian Schmidl, Phillip Wenig, Thorsten Papenbrock: Anomaly Detection in Time Series: A
Comprehensive Evaluation. PVLDB 9:(15), 2022. DOI:10.14778/3538598.3538602

Dim. | Learn. Algorithm TL OOM ERR AUC-ROC all datasets
® Sub-LOF [22] 2% 0% 0% -y 1
V GrammarViz [120] 3% 0% 0% f T~ T
ADWT-MLEAD [134] 0% 0% 0% b————1 T H
@® VALMOD [82] 1% 9% 11% —{ 1)
@® SAND [17] 5% 1% 22% ! - J
® Left STAMPi [156] 2% 0% 1% = { : | i
V Series2Graph [16] 0% 0% 5% T ™
#* ARIMA [65] 7% 0% 0% i L+ 1
~ WPCI[157] 0% 0% 0% { : J
& @ STOMP [164] 2% 0% 0%| ! { : L)
E @ STAMP [156] 4% 0% 0%| ! ! : ]
& % Triple ES [1] 15% 0% 9% l 7T 1+
- ; # NumentaHTM [3] 0% 0% 0% A L —
> S @ NormA-SJ [15] 0% 1% 3%]| t { ] H
% * Sub-IF [83] 0% 0% 0% I
= #* MedianMethod [10] 0% 0% 0% | 1 | —
S M SR [112] 0% 0% 0%| | { | : —
® PS-SVM [85] 12% 0% 0% = — T  +—
# PST [128] 0% 4% 0%/ | { Hl —
® SSA [155] 1% 0% 0% N A
@ HOT SAX [70] 24% 1% 1% p————_ ___}——
V TSBitmap [144] 0% 0% 0% = 1+
A DSPOT [122] 6% 0% 0% "
M FFT [111] 0% 0% 0% |
A S-H-ESD [62] 0% 0% 49% th:
~ M Donut [150] 1% 1% 2% -y T1
& ¥ RForest [21] 12% 0% 0% f T HH
E M IE-CAE [44] 0% 0% 1% 1 1 H
g #* XGBoosting [34] 0% 0% 0% l T 1+
@ #OceanWNN[143] 0% 0% 10% = [ F  +—
g M Bagel [79] 19% 0% 2% ! (] |
©> M SR-CNN [112] 2% 0% 1% ; 38
V¥ TARZAN [71] 0% 0% 18%| M1 | —




NORMA } O

TSB-UAD Insights

-
L
L T

MP [

LSTM - |7 (]
|
POLY |7 ®)
|

OCSVM - } Ib
11, :

0.0 0.2 0.4 0.6 0.8
AUC-ROC

e Distance methods have better accuracy roresT || | —
than forecasting methods
IFOREST1 } J‘ —|
. . y oni | o —
e [solation Forest is very competitive -
ori | e
HBOS A } O —|
PCA - } e} _|
—
—
—

=
=}

John Paparrizos, Yuhao Kang, Paul Boniol, Ruey S. Tsay, Themis Palpanas, and Michael J. Franklin. 2022. TSB-UAD: Image from Boniol et al. Time-Series Anomaly Detection: 39

an end-to-end benchmark suite for univariate time-series anomaly detection. Proc. VLDB Endow. 15, 8 (2022). Overview and New Trends. VLDB 2024



Point-based anomaly sequence-based anomaly

TSB-UAD I”SIghtS CNN H .‘ NORMA - I @ _|
NORMA - )-{]‘ mP 4 } Y _|
MP }—E]—{ AE - } O 4'
e Distance methods have better accuracy .
. LSTMH I-—E IFOREST - } O —-|
than forecasting methods |
LOF - }— (@] -| HBOS } @) —-|
. . " e __| pcad | ® -
e |solation Forest is very competitive I !
IFOREST1 - = O —I IFOREST1 A I ® —'I
: J ‘ | |
e Forecasting methods are good at Pow | ¢ | o e |
detect!ng point anomalies, but b_ad at N | ! | i | o |
detecting subsequence anomalies
pcA - —— o —— (sTM | o |
. . HBOS - I— (@] 4| POLY 1 '7 (@) 4'
e There is no overall winner! el
OCSVM Ii (@) 4' OCSVM A I— fe) 4|
0.‘0 0.’2 0.|4 0.'6 0.|8 1.'0 0.|0 0.I2 Oj4 O.’6 0.’8 le
AUC-ROC AUC-ROC
John Paparrizos, Yuhao Kang, Paul Boniol, Ruey S. Tsay, Themis Palpanas, and Michael J. Franklin. 2022. TSB-UAD: Image from Boniol et al. Time-Series Anomaly Detection: 40

an end-to-end benchmark suite for univariate time-series anomaly detection. Proc. VLDB Endow. 15, 8 (2022). Overview and New Trends. VLDB 2024



Multivariate: TimeEval Insights

e k-Means and Telemanom stand out

e Overall bad accuracy

e Semi-supervised often exceed resource limits, but
are outperforming unsupervised slightly

e There is no overall winner!

Dim. | Learn. Algorithm

TL OOM ERR

AUC-ROC all datasets

MULTIVARIATE

UNSUPERVISED

@ k-Means [151]

® KNN [110]

¥ Torsk [60]
EIF [58]
iForest [83]

® HBOS [47]

@ DBStream [55]

® CBLOF [59]

A COPOD [80]
IF-LOF [36]

® LOF [22]

@ COF [130]

M PCC [121]

0% 4% 1%
0% 0% 0%
7% 0% 0%
0% 0% 0%
0% 0% 0%
0% 0% 0%
0% 2% 78%
0% 0% 0%
0% 0% 0%
0% 0% 3%
0% 0% 0%
0% 24% 0%
0% 0% 0%

SEMI-SUPERVISED

# LSTM-AD [89]

W HealthESN [32]
# Telemanom [64]

¥ RBForest [165]

M EncDec-AD [88]

W DeepAnT [94]

14% 50% 3%
66% 0% 0%

0% 0% 0%
6% 5% 0%

55% 26% 3%

0% 0% 5%

B OmniAnomaly [125] 0% 4% 2%

V LaserDBN [100]
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Multivariate: Datasets are too easy

Max ROC-AUC per time series over all algorithms
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Multivariate: Datasets are too easy

Max ROC-AUC per time series over all algorithms
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1 INTRODUCTION
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Future Work

For Research

e Automatic method selection and ensembling methods
o No one-size-fits-all solution, but already 100s of methods

e More and better benchmarks

o Existing benchmark datasets have flaws

o Existing evaluations are biased

e TS Foundation Models

e Explainability / Precursor Detection / Anomaly Classification

In aeon
e Add more detectors (especially deep learning)

e Add missing metrics

aeon
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Example code

See part6_anomaly detection.ipynb
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NEXT: Deep Learning by Ali Ismail-Fawaz
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