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Introduction: Anomaly Detection in Time Series
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Introduc5on: Outline
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Part 2: Taxonomy of Anomaly 
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Anomaly Detection methods: A taxonomy
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Anomaly Detection methods: A taxonomy
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Graph-
based

Clustering-
based

ℬ

Discord-
based

Proximity-
based

Reconstruc7on
-based

Forecasting-
based

Encoding-
based

A  BC  A B C  A   D     E   A  BC

A → BC
A → DE

…

E.g.,
MP

DAMP

E.g.,
NormA
SAND

E.g.,
Isolation-

Forest

E.g.,
Series2Graph

E.g.,
HOBS

OCSVM

E.g.,
LSTM,CNN

POLY

E.g.,
PCA

AutoEncoder

E.g.,
LOF

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

Number of methods proposed per 
Second-level categories
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Anomaly Detection methods: A taxonomy
By ,me…

Number of methods proposed that can handle
Univariate or Multivariate time series

Univariate

MulAvariateSemi-
Supervised

Unsupervised

Number of methods proposed that are 
Unsupervised or Semi-Supervised
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Anomaly Detec5on methods: Distance-based

50000 1250 3750

Methods that use distance computation between subsequences (or group of subsequences) to detect 
anomalies.

Time series 𝑇
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Anomaly Detec5on methods: Distance-based

50000 1250 3750

𝑇',ℓ

Methods that use distance computation between subsequences (or group of subsequences) to detect 
anomalies.

Time series 𝑇
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Anomaly Detection methods: Distance-based

50000 1250 3750

…
𝑇',ℓ 𝑇*,ℓ 𝑇+,ℓ 𝑇,,ℓ 𝑇#,ℓ 𝑇-,ℓ 𝑇.,ℓ

Methods that use distance computation between subsequences (or group of subsequences) to detect 
anomalies.

Time series 𝑇
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Anomaly Detection methods: Distance-based

50000 1250 3750

…
𝑇',ℓ 𝑇*,ℓ 𝑇+,ℓ 𝑇,,ℓ 𝑇#,ℓ 𝑇-,ℓ 𝑇.,ℓ

Nearest neighbor𝑆$,! = 𝑑(𝑇!,ℓ, 𝑇&,ℓ)

Methods that use distance computa?on between subsequences (or group of subsequences) to detect 
anomalies.

Time series 𝑇
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Anomaly Detec5on methods: Distance-based

50000 1250 3750

…
𝑇',ℓ 𝑇*,ℓ 𝑇+,ℓ 𝑇,,ℓ 𝑇#,ℓ 𝑇-,ℓ 𝑇.,ℓ

K-Nearest neighbor𝑆$,! = 𝑑(𝑇!,ℓ, 𝑇',ℓ)

Methods that use distance computation between subsequences (or group of subsequences) to detect 
anomalies.

Time series 𝑇

IJCAI 2025 | 03/08/2025 | 87



Anomaly Detection methods: Distance-based

50000 1250 3750

…
𝑇',ℓ 𝑇*,ℓ 𝑇+,ℓ 𝑇,,ℓ 𝑇#,ℓ 𝑇-,ℓ 𝑇.,ℓ

Nearest Cluster𝑆$,! =/
(∈𝒞

𝑑(𝑇!,ℓ, 𝑇(,ℓ)

Methods that use distance computation between subsequences (or group of subsequences) to detect 
anomalies.

Time series 𝑇

IJCAI 2025 | 03/08/2025 | 88



50000 1250 2500 3750

Anomaly Detection methods: Distance-based

50000 1250 3750

…
𝑇',ℓ 𝑇*,ℓ 𝑇+,ℓ 𝑇,,ℓ 𝑇#,ℓ 𝑇-,ℓ 𝑇.,ℓ

Nearest Cluster𝑆$,! =/
(∈𝒞

𝑑(𝑇!,ℓ, 𝑇(,ℓ)

Methods that use distance computa?on between subsequences (or group of subsequences) to detect 
anomalies.

Time series 𝑇
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50000 1250 2500 3750

Anomaly Detec5on methods: Distance-based

50000 1250 3750

…
𝑇',ℓ 𝑇*,ℓ 𝑇+,ℓ 𝑇,,ℓ 𝑇#,ℓ 𝑇-,ℓ 𝑇.,ℓ

Nearest Cluster𝑆$,! =/
(∈𝒞

𝑑(𝑇!,ℓ, 𝑇(,ℓ)

Methods that use distance computation between subsequences (or group of subsequences) to detect 
anomalies.

i

i+2

i

i i

Why Dynamic Time Warping?

Any distance (Euclidean, Manhattan, 
…) which aligns the i-th point on one 
time series with the i-th point on the 
other will produce a poor similarity 
score.

A non-linear (elastic) alignment 
produces a more intuitive similarity 
measure, allowing similar shapes to 
match even if they are out of phase in 
the time axis.

(a) Euclidian Distance (b) DTW distance

!

"

!

"A

B

A

B

Example of distance computa,on
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Anomaly Detection methods: an Example

Unsupervised

Univariate

sequence

Compute the distance to the 
nearest neighbor (using the 

MASS algorithm z-norm 
Euclidean distance 

computation) and use it as 
anomaly score𝑇*,ℓ

𝑇',ℓ

𝑇+,ℓ

Matrix Profile [6] (MP)

[6] 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.
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Anomaly Detec5on methods: an Example
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Univariate

sequence

Compute the distance to the 
nearest neighbor (using the 

MASS algorithm z-norm 
Euclidean distance 

computation) and use it as 
anomaly score𝑇*,ℓ

𝑇',ℓ

𝑇+,ℓ

Matrix Profile [6] (MP)

[6] 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.
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Anomaly Detec5on methods: an Example

Unsupervised

Univariate

sequence

Compute the distance to the 
nearest neighbor (using the 

MASS algorithm z-norm 
Euclidean distance 

computation) and use it as 
anomaly score

𝑇+,ℓ𝑁𝑁 𝑇&,ℓ

𝑁𝑁
𝑇),ℓ

𝑁𝑁 𝑇*,ℓ

𝑇*,ℓ
𝑇',ℓ

Matrix Profile [6] (MP)

[6] 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.
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Anomaly Detection methods: an Example

Unsupervised

Univariate

sequence

Compute the distance to the 
nearest neighbor (using the 

MASS algorithm z-norm 
Euclidean distance 

computation) and use it as 
anomaly score

𝑆/ = 𝑁𝑁 𝑇!,ℓ , 𝑁𝑁 𝑇",ℓ , … , 𝑁𝑁 𝑇/ 0ℓ,ℓ

𝑇+,ℓ𝑁𝑁 𝑇&,ℓ

𝑁𝑁
𝑇),ℓ

𝑁𝑁 𝑇*,ℓ

The matrix Profile is computed as follows:

𝑇*,ℓ
𝑇',ℓ

Matrix Profile [6] (MP)

[6] 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.
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Anomaly Detection methods: an Example
Matrix Profile [6] (MP)

Unsupervised

Univariate

sequence

Compute the distance to the 
nearest neighbor (using the 

MASS algorithm z-norm 
Euclidean distance 

computation) and use it as 
anomaly score

4000 100 200 300 4000 100 200 300

4000 100 200 300 4000 100 200 300

Discord Motifs

! "′ "′′

(a1)

(a2)

(b1)

(b2)

(a) Discord finding using matrix profile (b) Motifs finding using matrix profile

Time series 𝑇

Anomaly score S#

[6] 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.
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Anomaly Detec5on methods: an Example
Matrix Profile [6] (MP)

Unsupervised

Univariate

sequence

Compute the distance to the 
nearest neighbor (using the 

MASS algorithm z-norm 
Euclidean distance 

computa?on) and use it as 
anomaly score

4000 100 200 300 4000 100 200 300

4000 100 200 300 4000 100 200 300

Discord Motifs

! "′ "′′

(a1)

(a2)

(b1)

(b2)

(a) Discord finding using matrix profile (b) Motifs finding using matrix profile

Time series 𝑇

Anomaly score S#

Many different extensions…
- For streaming time series: STAMPi [6], DAMP [8]
- For similar recurrent anomalies: left-STAMP [6]
- Anytime or ordered: STAMP [6], STOMP [7]
- For multivariate time series: mSTAMP [9]

[6] 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.
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Anomaly Detection methods: an Example

80000 2000 4000 6000

𝑇𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑇 NormA [10]

Unsupervised

Univariate

sequence

Distance-based approach that 
summarize the time series into
a weighted set of subsequences 
and use the distance to them as 

anomaly score

[10] Paul Boniol, Michele Linardi, Federico Roncallo, Themis Palpanas, Mohammed Megah, and Emmanuel Remy. 2021. Unsupervised 
and scalable subsequence anomaly detecZon in large data series. The VLDB Journal 30, 6 (Nov 2021), 909–931. 
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Anomaly Detection methods: an Example
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2000 50 100 150
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... 
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... 
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Univariate

sequence

Distance-based approach that 
summarize the time series into
a weighted set of subsequences 
and use the distance to them as 

anomaly score

[10] Paul Boniol, Michele Linardi, Federico Roncallo, Themis Palpanas, Mohammed Meftah, and Emmanuel Remy. 2021. Unsupervised 
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Anomaly Detec5on methods: an Example

80000 2000 4000 6000

2000 50 100 150

2000 50 100 150

2000 50 100 150

𝑁+
,, 𝑤+

𝑁-,, 𝑤-

𝑁.
,, 𝑤.

... 

𝑁,

𝑓𝑜𝑟 𝑇&,ℓ 𝑖𝑛 𝑇:

𝑑 = /
/+,

𝑤! ∗ 𝑚𝑖𝑛01[+,ℓ-,3ℓ] 𝑑𝑖𝑠𝑡(𝑇&,ℓ, 𝑁
!
,.,/ )
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𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑠𝑐𝑜𝑟𝑒 𝑆$

... 

NormA [10]

Unsupervised

Univariate

sequence

Distance-based approach that 
summarize the time series into
a weighted set of subsequences 
and use the distance to them as 

anomaly score

[10] Paul Boniol, Michele Linardi, Federico Roncallo, Themis Palpanas, Mohammed Meftah, and Emmanuel Remy. 2021. Unsupervised 
and scalable subsequence anomaly detection in large data series. The VLDB Journal 30, 6 (Nov 2021), 909–931. 
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Anomaly Detection methods: an Example

80000 2000 4000 6000

2000 50 100 150

2000 50 100 150

2000 50 100 150
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𝑁-,, 𝑤-
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... 

𝑁,

𝑓𝑜𝑟 𝑇&,ℓ 𝑖𝑛 𝑇:

𝑑 = /
/+,
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!
,.,/ )
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𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑠𝑐𝑜𝑟𝑒 𝑆$

... 

𝑇′&,ℓ

NormA [10]

Unsupervised

Univariate

sequence

Distance-based approach that 
summarize the time series into
a weighted set of subsequences 
and use the distance to them as 

anomaly score

[10] Paul Boniol, Michele Linardi, Federico Roncallo, Themis Palpanas, Mohammed Megah, and Emmanuel Remy. 2021. Unsupervised 
and scalable subsequence anomaly detecZon in large data series. The VLDB Journal 30, 6 (Nov 2021), 909–931. 
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Anomaly Detection methods: an Example

80000 2000 4000 6000

2000 50 100 150

2000 50 100 150

2000 50 100 150
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,, 𝑤.

... 

𝑁,

𝑓𝑜𝑟 𝑇&,ℓ 𝑖𝑛 𝑇:

𝑑 = /
/+,
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𝑇𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑇

1

0

𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑠𝑐𝑜𝑟𝑒 𝑆$

... 

𝑇′&,ℓ

[25] Paul Boniol, John Paparrizos, Themis Palpanas, and Michael J. Franklin. 2021. SAND: streaming subsequence anomaly detection. 
Proc. VLDB Endow. 14, 10 (June 2021), 1717–1729.

SAND  [25]

Distance-based approach that summarize the ?me series into a 
weighted set of subsequences, and can be updated incrementally

for new arriving batches of data points

NormA [10]

Unsupervised

Univariate

sequence

Distance-based approach that 
summarize the ?me series into
a weighted set of subsequences 
and use the distance to them as 

anomaly score
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Anomaly Detection methods: Density-based

50000 1250 3750

Methods that estimate the density of the space (points or subsequences) and identify as anomalies 
points (or sequences)that are in low-density subspace.

Time series 𝑇
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Anomaly Detection methods: Density-based

50000 1250 3750

Methods that estimate the density of the space (points or subsequences) and identify as anomalies 
points (or sequences)that are in low-density subspace.

Time series 𝑇

Tree-based approaches [11]
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Anomaly Detec5on methods: Density-based

50000 1250 3750

Methods that es?mate the density of the space (points or subsequences) and iden?fy as anomalies 
points (or sequences)that are in low-density subspace.

Time series 𝑇

Tree-based approaches [11] Distribu?on-based 
Approaches [12]
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Anomaly Detection methods: Density-based

50000 1250 3750

Methods that estimate the density of the space (points or subsequences) and identify as anomalies 
points (or sequences)that are in low-density subspace.

Time series 𝑇

Tree-based approaches [11] Distribution-based 
Approaches [12]

Graph-based approaches [13]

…
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Anomaly Detection methods: an Example
Isolation Forest [11]

Unsupervised

Univariate/Multivariate

Point/sequence

Density-based approach that 
split the space randomly and 

using the depth of the trees to 
identify anomalies

0 splits 0 splits

[11] F. T. Liu, K. M. Ting and Z. -H. Zhou, "Isolation Forest," 2008 Eighth IEEE International Conference on Data Mining, Pisa, Italy, 2008, pp. 413-422 IJCAI 2025 | 03/08/2025 | 106



Anomaly Detec5on methods: an Example

Unsupervised

Univariate/Multivariate

Point/sequence

Density-based approach that 
split the space randomly and 

using the depth of the trees to 
identify anomalies

1 splits 1 splits

Isolation Forest [11]

[11] F. T. Liu, K. M. Ting and Z. -H. Zhou, "IsolaZon Forest," 2008 Eighth IEEE InternaZonal Conference on Data Mining, Pisa, Italy, 2008, pp. 413-422 IJCAI 2025 | 03/08/2025 | 107



Anomaly Detection methods: an Example

Unsupervised

Univariate/Multivariate

Point/sequence

Density-based approach that 
split the space randomly and 

using the depth of the trees to 
identify anomalies

2 splits 2 splits

Isolation Forest [11]

[11] F. T. Liu, K. M. Ting and Z. -H. Zhou, "Isolation Forest," 2008 Eighth IEEE International Conference on Data Mining, Pisa, Italy, 2008, pp. 413-422 IJCAI 2025 | 03/08/2025 | 108



Anomaly Detection methods: an Example

Unsupervised

Univariate/Multivariate

Point/sequence

Density-based approach that 
split the space randomly and 

using the depth of the trees to 
iden?fy anomalies

3 splits 3 splits

Isolation Forest [11]

[11] F. T. Liu, K. M. Ting and Z. -H. Zhou, "Isolation Forest," 2008 Eighth IEEE International Conference on Data Mining, Pisa, Italy, 2008, pp. 413-422 IJCAI 2025 | 03/08/2025 | 109



Anomaly Detection methods: an Example

Unsupervised

Univariate/Mul,variate

Point/sequence

Density-based approach that 
split the space randomly and 

using the depth of the trees to 
identify anomalies

4 splits 3 splits

Isola,on Forest [11]

[11] F. T. Liu, K. M. Ting and Z. -H. Zhou, "Isolation Forest," 2008 Eighth IEEE International Conference on Data Mining, Pisa, Italy, 2008, pp. 413-422 IJCAI 2025 | 03/08/2025 | 110



Anomaly Detec5on methods: an Example

Unsupervised

Univariate/Multivariate

Point/sequence

Density-based approach that 
split the space randomly and 

using the depth of the trees to 
identify anomalies

5 splits 3 splits

Isolation Forest [11]

[11] F. T. Liu, K. M. Ting and Z. -H. Zhou, "IsolaZon Forest," 2008 Eighth IEEE InternaZonal Conference on Data Mining, Pisa, Italy, 2008, pp. 413-422 IJCAI 2025 | 03/08/2025 | 111



Anomaly Detection methods: an Example

Unsupervised

Univariate/Multivariate

Point/sequence

Density-based approach that 
split the space randomly and 

using the depth of the trees to 
identify anomalies

ITree1 ITree2 ITree3 ITreen

...

Instance N

Instance N

Instance N

Instance N

Instance A

Instance A

Instance A Instance A

Isolation Forest [11]
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Anomaly Detection methods: an Example

Unsupervised

Univariate/Multivariate

Point/sequence

Density-based approach that 
split the space randomly and 

using the depth of the trees to 
identify anomalies

ITree1 ITree2 ITree3 ITreen

...

Instance N

Instance N

Instance N

Instance N

Instance A

Instance A

Instance A Instance A

ITree1 ITree2 ITree3 ITreen

...

Instance N

Instance N

Instance N

Instance N

Instance A

Instance A

Instance A Instance A

ITree1 ITree2 ITree3 ITreen

...

Instance N

Instance N

Instance N

Instance N

Instance A

Instance A

Instance A Instance A

Isolation Forest [11]

[11] F. T. Liu, K. M. Ting and Z. -H. Zhou, "IsolaZon Forest," 2008 Eighth IEEE InternaZonal Conference on Data Mining, Pisa, Italy, 2008, pp. 413-422 IJCAI 2025 | 03/08/2025 | 113



Anomaly Detection methods: an Example
Series2Graph [13]

Unsupervised

Univariate

subsequence

Density-based approach that 
convert the time series into a

graph and detect unusual 
trajectories

[13] Paul Boniol and Themis Palpanas. 2020. Series2Graph: graph-based subsequence anomaly detecZon for Zme series. Proc. 
VLDB Endow. 13, 12 (August 2020), 1821–1834
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Anomaly Detection methods: an Example
Series2Graph [13]

Unsupervised

Univariate

subsequence

Density-based approach that 
convert the time series into a

graph and detect unusual 
trajectories

Each node is an ensemble of similar 
subsequences.

𝑁(1)

𝑁(")

𝑁(2)

𝑁(3)

𝑁(4)

𝑁(5)

[13] Paul Boniol and Themis Palpanas. 2020. Series2Graph: graph-based subsequence anomaly detection for time series. Proc. 
VLDB Endow. 13, 12 (August 2020), 1821–1834
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Anomaly Detection methods: an Example
Series2Graph [13]

Unsupervised

Univariate

subsequence

Density-based approach that 
convert the time series into a

graph and detect unusual 
trajectories

Each node is an ensemble of similar 
subsequences.

Each edge is associated to a weight 
𝑤 that corresponds to the number 
of times a subsequence move from 
one node to another.

𝑁(1)

𝑁(")

𝑁(2)

𝑁(3)

𝑁(4)

𝑁(5)

𝐺ℓ<

[13] Paul Boniol and Themis Palpanas. 2020. Series2Graph: graph-based subsequence anomaly detection for time series. Proc. 
VLDB Endow. 13, 12 (August 2020), 1821–1834
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Anomaly Detection methods: an Example
Series2Graph [13]

Unsupervised

Univariate

subsequence

Density-based approach that 
convert the time series into a

graph and detect unusual 
trajectories

𝑁(1)

𝑁(")

𝑁(2)

𝑁(3)

𝑁(4)

𝑁(5)

𝐺ℓ<

For a given subsequence 𝑇!,ℓ and its corresponding path
𝑃56 =< 𝑁(!), 𝑁(!9-), … , 𝑁 !9ℓ >, we define the normality score as follows:

𝑁𝑜𝑟𝑚 𝑃56 =/
&:!

!9ℓ3-𝑤 𝑁 & , 𝑁 &9- deg(𝑁 & − 1)
ℓ

Each node is an ensemble of similar 
subsequences.

Each edge is associated to a weight 
𝑤 that corresponds to the number 
of times a subsequence move from 
one node to another.

[13] Paul Boniol and Themis Palpanas. 2020. Series2Graph: graph-based subsequence anomaly detecZon for Zme series. Proc. 
VLDB Endow. 13, 12 (August 2020), 1821–1834

IJCAI 2025 | 03/08/2025 | 117



Anomaly Detection methods: an Example
Series2Graph [13]
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Each node is an ensemble of similar 
subsequences.

Each edge is associated to a weight 
𝑤 that corresponds to the number 
of ?mes a subsequence move from 
one node to another.

[26] Schneider, J., Wenig, P. & Papenbrock, T. Distributed detection of sequential anomalies in univariate time series. The VLDB 
Journal 30, 579–602 (2021).

DADS  [26]

Distributed version of Series2Graph
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Anomaly Detection methods: an Example
Series2Graph [13]

Unsupervised

Univariate

subsequence

Density-based approach that 
convert the ?me series into a

graph and detect unusual 
trajectories

52000 1300 2600 3900 6500

Snippet of SED time series [14]

Pabern following 
an unusual path in 

the graph

Pattern following 
a recurrent path 

in the graph

[13] Paul Boniol and Themis Palpanas. 2020. Series2Graph: graph-based subsequence anomaly detection for time series. Proc. 
VLDB Endow. 13, 12 (August 2020), 1821–1834
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Anomaly Detection methods: an Example
GraphAn [28]

An interactive tool to dive into 
the computation steps of 

Series2Graph :

[28] Paul Boniol, Themis Palpanas, Mohammed Meftah, and Emmanuel Remy. 2020. GraphAn: graph-based subsequence 
anomaly detection. Proc. VLDB Endow. 13, 12 (August 2020), 2941–2944.
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Anomaly Detection methods: Forecasting-based

Methods that aims to predict the next points based on the previous ones. The prediction error is used 
to detect if there is an anomaly or not. 

50000 1250 2500 3750

𝑇'0ℓ,ℓ 𝑇'
𝑇'
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Anomaly Detection methods: Forecasting-based
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Anomaly Detec5on methods: an Example
LSTM-AD [15]

Semi-supervised

Univariate/Multivariate

Point/sequence

Model that stack mul?ple LSTM 
cell and use the output to 

predict the next value!! !! !" !!
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[15] Pankaj Malhotra, Lovekesh Vig, Gautam Shro, and Puneet Agarwal. 2015. Long Short Term Memory Networks for Anomaly 
Detection in Time Series. (2015).
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Anomaly Detec5on methods: an Example
DeepAnT [16] (CNN)

Semi-supervised

Univariate/Multivariate

Point/sequence

Convolu?onal-based approach 
(2 convolu?onal layers) taking 

as input a sequence and aims to 
predict the next value.

50000 1250 2500 3750

𝑇'0ℓ,ℓ

[16] M. Munir, S. A. Siddiqui, A. Dengel, and S. Ahmed. 2019. DeepAnT: A Deep Learning Approach for Unsupervised Anomaly Detection 
in Time Series. IEEE Access 7 (2019), 1991–2005.
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Anomaly Detection methods: an Example

Semi-supervised

Univariate/Mul,variate

Point/sequence

Convolutional-based approach 
(2 convolutional layers) taking 

as input a sequence and aims to 
predict the next value.
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Conv layer 1

MaxPooling Conv layer 2

MaxPooling

Dense layer

[16] M. Munir, S. A. Siddiqui, A. Dengel, and S. Ahmed. 2019. DeepAnT: A Deep Learning Approach for Unsupervised Anomaly Detection 
in Time Series. IEEE Access 7 (2019), 1991–2005.

DeepAnT [16] (CNN)
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Anomaly Detection methods: Reconstruction-
based
Methods that aims to reconstruct the time series 𝑇 and use the reconstruction error to detect if the 
time series is an anomaly or not. 
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Anomaly Detection methods: an Example
AutoEncoders [17] (AE)

Semi-supervised

Univariate/Multivariate

Point/sequence

Neural Network composed of an 
encoder (that reduce the 

dimensionality) and decoder
that reconstruct the ?me series. 
The objec?ve is to minimize the 

reconstruc?on error.

[17] Mayu Sakurada and Takehisa Yairi. 2014. Anomaly Detection Using Autoencoders with Nonlinear Dimensionality Reduction. In Proceedings 
of the MLSDA 2014 2nd Workshop on Machine Learning for Sensory Data Analysis (Gold Coast, Australia QLD, Australia) (MLSDA’14). 
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Part 3: Evaluation Measures

(a) Example of multivariate time series T from 
the vibration class !ℳ" .

(b) "#$%#ℳ" ! : Dimension-wise Class Activation 
Map of T for the vibration class !ℳ" .
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Evalua5on measures: A general overview
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80000 2000 4000 6000

Time Series

Anomaly score

Labels

Thresholds T

Threshold-based Evaluation 
Measures:

- Precision: /7
/7687

- Recall (true positive rate): /7
/7689

- False positive rate: 87
876/9

- F-score: "6:$ ∗7<=>'?'.-
:$∗7<=>'?'.-6@=>A,,

Evaluation measures: Threshold-based

TP

FN
FP TN
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Evalua5on measures: AUC-based
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How do we set the threshold?
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Evalua5on measures: AUC-based
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Evaluation measures: AUC-based
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AUC-based Evaluation Measures:

tpr

fpr

AUC-ROC [20]

[20] Tom Fawcett. 2006. An introduction to ROC analysis. Pattern Recognition Letters 27, 8 (2006), 861–874. IJCAI 2025 | 03/08/2025 | 161



Evaluation measures: AUC-based

80000 2000 4000 6000

80000 2000 4000 6000

Time Series

Anomaly score

Labels

Thresholds T

AUC-based Evalua?on Measures:

Precision

Recall

AUC-PR [21]

[21] Jesse Davis and Mark Goadrich. 2006. The Relationship between Precision-Recall and ROC Curves. In Proceedings of the 23rd 
International Conference on Machine Learning (ICML ’06).
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Evaluation measures: Labeling issue
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80000 2000 4000 6000

Time Series

Anomaly score

Labels

Thresholds T

Labeling can be an issue for ;me 
series [22]:

[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. 
Volume under the surface: a new accuracy evaluation measure for time-series 
anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.
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Labeling can be an issue for time 
series [22]:

- Misalignment can lead to 
significant changes of accuracy 
values.

[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. 
Volume under the surface: a new accuracy evaluation measure for time-series 
anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.

IJCAI 2025 | 03/08/2025 | 165



Evaluation measures: Labeling issue
Labeling can be an issue for ;me 
series [22]:

- Misalignment can lead to 
significant changes of accuracy 
values.

IJCAI 2025 | 03/08/2025 | 166



Evaluation measures: Labeling issue
Labeling can be an issue for ;me 
series [22]:

- Misalignment can lead to 
significant changes of accuracy 
values.

- This is a real issue because of:

- Methods that produce 
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Labeling can be an issue for time 
series [22]:

- Misalignment can lead to 
significant changes of 
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- Different Labeling 
strategies between 
domains and applications
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accuracy values.

- This is a real issue because of:

- Methods that produce 
misaligned anomaly 
scores.

- Different Labeling 
strategies between 
domains and applications

12000 300 600 900

𝑎𝑛𝑜𝑚𝑎𝑙𝑦
1 𝑇𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠

ℓ

12000 300 600 900

2 𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑠𝑐𝑜𝑟𝑒
: 𝑆𝑢𝑏𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑚𝑒𝑡ℎ𝑜𝑑 ℓ
: 𝑃𝑜𝑖𝑛𝑡 𝑚𝑒𝑡ℎ𝑜𝑑

𝑒𝑥1 𝐸𝑥𝑎𝑚𝑝𝑙𝑒
𝑜𝑛 𝐼𝑂𝑃𝑆

12000 300 600 900

3 𝐿𝑎𝑏𝑒𝑙𝑖𝑛𝑔 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦:

ℓ

𝑎𝑛𝑜𝑚𝑎𝑙𝑦:
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Evaluation measures: Labeling issue
Labeling can be an issue for ;me 
series [22]:

- Misalignment can lead to 
significant changes of accuracy 
values.

- This is a real issue because of:

- Methods that produce 
misaligned anomaly 
scores.

- Different Labeling 
strategies between 
domains and applica?ons

12000 300 600 900

𝑎𝑛𝑜𝑚𝑎𝑙𝑦
1 𝑇𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠

ℓ

12000 300 600 900

2 𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑠𝑐𝑜𝑟𝑒
: 𝑆𝑢𝑏𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑚𝑒𝑡ℎ𝑜𝑑 ℓ
: 𝑃𝑜𝑖𝑛𝑡 𝑚𝑒𝑡ℎ𝑜𝑑

𝑒𝑥1 𝐸𝑥𝑎𝑚𝑝𝑙𝑒
𝑜𝑛 𝐼𝑂𝑃𝑆

12000 300 600 900

3 𝐿𝑎𝑏𝑒𝑙𝑖𝑛𝑔 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦:

ℓ

𝑎𝑛𝑜𝑚𝑎𝑙𝑦 + 𝑏𝑜𝑟𝑑𝑒𝑟𝑠:
𝑎𝑛𝑜𝑚𝑎𝑙𝑦:
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Evaluation measures: Labeling issue
Labeling can be an issue for ;me 
series [22]:

- Misalignment can lead to 
significant changes of accuracy 
values.

- This is a real issue because of:

- Methods that produce 
misaligned anomaly 
scores.

- Different Labeling 
strategies between 
domains and applica?ons

12000 300 600 900

𝑎𝑛𝑜𝑚𝑎𝑙𝑦
1 𝑇𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠

ℓ

12000 300 600 900

2 𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑠𝑐𝑜𝑟𝑒
: 𝑆𝑢𝑏𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑚𝑒𝑡ℎ𝑜𝑑 ℓ
: 𝑃𝑜𝑖𝑛𝑡 𝑚𝑒𝑡ℎ𝑜𝑑

𝑒𝑥1 𝐸𝑥𝑎𝑚𝑝𝑙𝑒
𝑜𝑛 𝐼𝑂𝑃𝑆

𝑒𝑥2 𝐸𝑥𝑎𝑚𝑝𝑙𝑒 𝑜𝑛
𝑆𝑒𝑛𝑠𝑜𝑟𝑆𝑐𝑜𝑝𝑒

12000 300 600 900

3 𝐿𝑎𝑏𝑒𝑙𝑖𝑛𝑔 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦:

ℓ

𝑎𝑛𝑜𝑚𝑎𝑙𝑦 + 𝑏𝑜𝑟𝑑𝑒𝑟𝑠:
𝑎𝑛𝑜𝑚𝑎𝑙𝑦:
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Evaluation measures: Labeling issue
Labeling can be an issue for time 
series [22]:

- Misalignment can lead to 
significant changes of 
accuracy values.

- This is a real issue because of:

- Methods that produce 
misaligned anomaly 
scores.

- Different Labeling 
strategies between 
domains and applications

12000 300 600 900

𝑎𝑛𝑜𝑚𝑎𝑙𝑦
1 𝑇𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠

ℓ

12000 300 600 900

2 𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑠𝑐𝑜𝑟𝑒
: 𝑆𝑢𝑏𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑚𝑒𝑡ℎ𝑜𝑑 ℓ
: 𝑃𝑜𝑖𝑛𝑡 𝑚𝑒𝑡ℎ𝑜𝑑

𝑒𝑥1 𝐸𝑥𝑎𝑚𝑝𝑙𝑒
𝑜𝑛 𝐼𝑂𝑃𝑆

𝑒𝑥2 𝐸𝑥𝑎𝑚𝑝𝑙𝑒 𝑜𝑛
𝑆𝑒𝑛𝑠𝑜𝑟𝑆𝑐𝑜𝑝𝑒

12000 300 600 900

3 𝐿𝑎𝑏𝑒𝑙𝑖𝑛𝑔 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦:

ℓ

𝑎𝑛𝑜𝑚𝑎𝑙𝑦 + 𝑟𝑖𝑔ℎ𝑡 𝑏𝑜𝑟𝑑𝑒𝑟:

𝑎𝑛𝑜𝑚𝑎𝑙𝑦 + 𝑏𝑜𝑟𝑑𝑒𝑟𝑠:
𝑎𝑛𝑜𝑚𝑎𝑙𝑦:
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Evalua5on measures: Labeling issue
Labeling can be an issue for time 
series [22]:

- Misalignment can lead to 
significant changes of 
accuracy values.

- This is a real issue because of:

- Methods that produce 
misaligned anomaly 
scores.

- Different Labeling 
strategies between 
domains and applications

12000 300 600 900

𝑎𝑛𝑜𝑚𝑎𝑙𝑦
1 𝑇𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠

ℓ

12000 300 600 900

2 𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑠𝑐𝑜𝑟𝑒
: 𝑆𝑢𝑏𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑚𝑒𝑡ℎ𝑜𝑑 ℓ
: 𝑃𝑜𝑖𝑛𝑡 𝑚𝑒𝑡ℎ𝑜𝑑

𝑒𝑥1 𝐸𝑥𝑎𝑚𝑝𝑙𝑒
𝑜𝑛 𝐼𝑂𝑃𝑆

𝑒𝑥2 𝐸𝑥𝑎𝑚𝑝𝑙𝑒 𝑜𝑛
𝑆𝑒𝑛𝑠𝑜𝑟𝑆𝑐𝑜𝑝𝑒

𝑒𝑥3 𝐸𝑥𝑎𝑚𝑝𝑙𝑒
𝑜𝑛 𝑁𝐴𝐵

12000 300 600 900

3 𝐿𝑎𝑏𝑒𝑙𝑖𝑛𝑔 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦:

ℓ

𝑎𝑛𝑜𝑚𝑎𝑙𝑦 + 𝑟𝑖𝑔ℎ𝑡 𝑏𝑜𝑟𝑑𝑒𝑟:

𝑎𝑛𝑜𝑚𝑎𝑙𝑦 + 𝑏𝑜𝑟𝑑𝑒𝑟𝑠:
𝑎𝑛𝑜𝑚𝑎𝑙𝑦:
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Evaluation measures: Labeling 
issue
Existing solutions:

- Range Precision and Recall [23]:

- 𝑅𝑒𝑐𝑎𝑙𝑙/ 𝑅, 𝑃 =
∑%&"
'( @=>A,,) @%,7

9(
- 𝑅𝑒𝑐𝑎𝑙𝑙$ 𝑅_𝑖, 𝑃 = 𝛼 ∗ 𝐸𝑥𝑖𝑠𝑡𝑒𝑛𝑐𝑒𝑅 𝑅! , 𝑃 + 1 − 𝛼 ∗ 𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔𝑅(𝑅_𝑖, 𝑃)

- 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛/ 𝑅, 𝑃 =
∑%&"
'* 7<=>'?'.-) @,7%

9*

- 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛/ 𝑅, 𝑃' = 𝐶𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦𝐹𝑎𝑐𝑡𝑜𝑟 𝑃' , 𝑅 ∗ ∑*C"
9( 𝑤 𝑃' , 𝑃' ∩ 𝑅* , 𝛿

- Functions 𝑤 , 𝛿 are tunable functions to represent the overlap size 
and position respectively.

Anomaly Score

Time Series

[23] Nesime Tatbul, Tae Jun Lee, Stan Zdonik, Mejbah Alam, and Justin Gottschlich. 2018. Precision and Recall for Time Series. In Advances in 
Neural Information Processing Systems, Vol. 31. 

Anomaly Score

Time Series
Reward Existence or Overlapping?

Anomaly Score

Time Series

Anomaly Score

Time Series
Reward the beginning or the end?

IJCAI 2025 | 03/08/2025 | 175



Evaluation measures: Labeling 
issue
Exis;ng solu;ons:

- Range Precision and Recall [23]:

- 𝑅𝑒𝑐𝑎𝑙𝑙/ 𝑅, 𝑃 =
∑%&"
'( @=>A,,) @%,7

9(
- 𝑅𝑒𝑐𝑎𝑙𝑙$ 𝑅_𝑖, 𝑃 = 𝛼 ∗ 𝐸𝑥𝑖𝑠𝑡𝑒𝑛𝑐𝑒𝑅 𝑅! , 𝑃 + 1 − 𝛼 ∗ 𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔𝑅(𝑅_𝑖, 𝑃)

- 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛/ 𝑅, 𝑃 =
∑%&"
'* 7<=>'?'.-) @,7%

9*

- 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛/ 𝑅, 𝑃' = 𝐶𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦𝐹𝑎𝑐𝑡𝑜𝑟 𝑃' , 𝑅 ∗ ∑*C"
9( 𝑤 𝑃' , 𝑃' ∩ 𝑅* , 𝛿

- Func?ons 𝑤 , 𝛿 are tunable func?ons to represent the overlap size 
and posi?on respec?vely.

Anomaly Score

Time Series

[23] Nesime Tatbul, Tae Jun Lee, Stan Zdonik, Mejbah Alam, and JusZn Gooschlich. 2018. Precision and Recall for Time Series. In Advances in 
Neural InformaZon Processing Systems, Vol. 31. 

Anomaly Score

Time Series
Reward Existence or Overlapping?

Anomaly Score

Time Series

Anomaly Score

Time Series
Reward the beginning or the end?

But what to do if the labeling strategy is not 
the same for all time series?
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Evaluation measures: Labeling 
issue
Existing solutions:

- Range Precision and Recall [23]:

- 𝑅𝑒𝑐𝑎𝑙𝑙/ 𝑅, 𝑃 =
∑%&"
'( @=>A,,) @%,7

9(
- 𝑅𝑒𝑐𝑎𝑙𝑙$ 𝑅_𝑖, 𝑃 = 𝛼 ∗ 𝐸𝑥𝑖𝑠𝑡𝑒𝑛𝑐𝑒𝑅 𝑅! , 𝑃 + 1 − 𝛼 ∗ 𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔𝑅(𝑅_𝑖, 𝑃)

- 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛/ 𝑅, 𝑃 =
∑%&"
'* 7<=>'?'.-) @,7%

9*

- 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛/ 𝑅, 𝑃' = 𝐶𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦𝐹𝑎𝑐𝑡𝑜𝑟 𝑃' , 𝑅 ∗ ∑*C"
9( 𝑤 𝑃' , 𝑃' ∩ 𝑅* , 𝛿

- Functions 𝑤 , 𝛿 are tunable functions to represent the overlap size 
and position respectively.

Anomaly Score

Time Series

[23] Nesime Tatbul, Tae Jun Lee, Stan Zdonik, Mejbah Alam, and Justin Gottschlich. 2018. Precision and Recall for Time Series. In Advances in 
Neural Information Processing Systems, Vol. 31. 

Anomaly Score

Time Series
Reward Existence or Overlapping?

Anomaly Score

Time Series

Anomaly Score

Time Series
Reward the beginning or the end?

But what to do if the labeling strategy is not 
the same for all ,me series?

Se#ng the correct parameters for all 2me 
series might not be possible
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Evaluation measures: Labeling 
issue
Existing solutions:

- Range Precision and Recall [23]:

- 𝑅𝑒𝑐𝑎𝑙𝑙/ 𝑅, 𝑃 =
∑%&"
'( @=>A,,) @%,7

9(
- 𝑅𝑒𝑐𝑎𝑙𝑙$ 𝑅_𝑖, 𝑃 = 𝛼 ∗ 𝐸𝑥𝑖𝑠𝑡𝑒𝑛𝑐𝑒𝑅 𝑅! , 𝑃 + 1 − 𝛼 ∗ 𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔𝑅(𝑅_𝑖, 𝑃)

- 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛/ 𝑅, 𝑃 =
∑%&"
'* 7<=>'?'.-) @,7%

9*

- 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛/ 𝑅, 𝑃' = 𝐶𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦𝐹𝑎𝑐𝑡𝑜𝑟 𝑃' , 𝑅 ∗ ∑*C"
9( 𝑤 𝑃' , 𝑃' ∩ 𝑅* , 𝛿

- Functions 𝑤 , 𝛿 are tunable functions to represent the overlap size 
and position respectively.

Anomaly Score

Time Series

[23] Nesime Tatbul, Tae Jun Lee, Stan Zdonik, Mejbah Alam, and Justin Gottschlich. 2018. Precision and Recall for Time Series. In Advances in 
Neural Information Processing Systems, Vol. 31. 

Anomaly Score

Time Series
Reward Existence or Overlapping?

Anomaly Score

Time Series

Anomaly Score

Time Series
Reward the beginning or the end?

But what to do if the labeling strategy is not 
the same for all time series?

Setting the correct parameters for all time 
series might not be possible

But are these labeling issues a real problem?
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Evaluation measures: Labeling issue

IJCAI 2025 | 03/08/2025 | 181[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluation 
measure for time-series anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.

𝑎 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠



Evalua5on measures: Labeling issue

IJCAI 2025 | 03/08/2025 | 182[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluation 
measure for time-series anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.

𝑎 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠



Evaluation measures: Labeling issue

IJCAI 2025 | 03/08/2025 | 183[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluation 
measure for time-series anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.

𝜇 + 𝜎 𝜇 + 𝜎

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥 𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

𝑑𝑎
𝑡𝑎
𝑠𝑒
𝑟𝑖
𝑒𝑠 (𝑏. 1)

(𝑏. 2)

(𝑏. 3)

(𝑏. 4)

𝑏 𝐿𝑎𝑔 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠



Evaluation measures: Labeling issue

IJCAI 2025 | 03/08/2025 | 184[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluation 
measure for time-series anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.

𝜇 + 𝜎 𝜇 + 𝜎

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥 𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝑑𝑎
𝑡𝑎
𝑠𝑒
𝑟𝑖
𝑒𝑠

𝑏 𝐿𝑎𝑔 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠
: 𝑁𝑜 𝑙𝑎𝑔 : −0.25 ∗ ℓ 𝑙𝑎𝑔

(𝑏. 1)

(𝑏. 2)

(𝑏. 3)

(𝑏. 4)

(𝑏. 5) (𝑏. 6)



Evaluation measures: Labeling issue
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𝜇 + 𝜎 𝜇 + 𝜎

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥 𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

𝑑𝑎
𝑡𝑎
𝑠𝑒
𝑟𝑖
𝑒𝑠

𝑐 𝑁𝑜𝑖𝑠𝑒 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑡ℎ𝑒 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

(𝑐. 1)

(𝑐. 2)

(𝑐. 3)

(𝑐. 4)
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𝜇 + 𝜎 𝜇 + 𝜎

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥 𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

𝑑𝑎
𝑡𝑎
𝑠𝑒
𝑟𝑖
𝑒𝑠

𝑐 𝑁𝑜𝑖𝑠𝑒 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑡ℎ𝑒 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

(𝑐. 1)

(𝑐. 2)

(𝑐. 3)

(𝑐. 4)
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𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥 𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

𝑑𝑎
𝑡𝑎
𝑠𝑒
𝑟𝑖
𝑒𝑠

𝜇 + 𝜎
𝜇 + 𝜎

𝑐 𝑁𝑜𝑟𝑚𝑎𝑙 − 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑟𝑎𝑡𝑖𝑜 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

(𝑑. 1)

(𝑑. 2)

(𝑑. 3)

(𝑑. 4)
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𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥 𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝑑𝑎
𝑡𝑎
𝑠𝑒
𝑟𝑖
𝑒𝑠

𝜇 + 𝜎
𝜇 + 𝜎

: 𝑟𝑎𝑡𝑖𝑜 = 0.2 : 𝑟𝑎𝑡𝑖𝑜 = 0.05
(𝑑. 1)

(𝑑. 2)

(𝑑. 3)

(𝑑. 4)

(𝑑. 5) (𝑑. 6)

𝑐 𝑁𝑜𝑟𝑚𝑎𝑙 − 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑟𝑎𝑡𝑖𝑜 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

: 𝑟𝑎𝑡𝑖𝑜 = 0.2 : 𝑟𝑎𝑡𝑖𝑜 = 0.05

𝑐 𝑁𝑜𝑟𝑚𝑎𝑙 − 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙
𝑟𝑎𝑡𝑖𝑜 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦

𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝑏 𝑁𝑜𝑖𝑠𝑒 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛
𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

: 𝑁𝑜 𝑛𝑜𝑖𝑠𝑒 : 10% 𝑜𝑓 𝑛𝑜𝑖𝑠𝑒

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝑎 𝐿𝑎𝑔 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛
𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

: 𝑁𝑜 𝑙𝑎𝑔 : −0.25 ∗ ℓ 𝑙𝑎𝑔

Some evaluation measures are more robust to Noise and normal/abnormal ratio 
variations (especially AUC-ROC and AUC-PR).

No measures are robust to small lags on anomaly scores or labels.
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

: 𝑟𝑎𝑡𝑖𝑜 = 0.2 : 𝑟𝑎𝑡𝑖𝑜 = 0.05

𝑐 𝑁𝑜𝑟𝑚𝑎𝑙 − 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙
𝑟𝑎𝑡𝑖𝑜 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦

𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝑏 𝑁𝑜𝑖𝑠𝑒 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛
𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

: 𝑁𝑜 𝑛𝑜𝑖𝑠𝑒 : 10% 𝑜𝑓 𝑛𝑜𝑖𝑠𝑒

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝑎 𝐿𝑎𝑔 𝑖𝑚𝑝𝑎𝑐𝑡 𝑜𝑛
𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

: 𝑁𝑜 𝑙𝑎𝑔 : −0.25 ∗ ℓ 𝑙𝑎𝑔



Evaluation measures: Labeling issue

IJCAI 2025 | 03/08/2025 | 191[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluaZon 
measure for Zme-series anomaly detecZon. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

(a) Threshold-based Accuracy measure
(ex: Precision, Recall, Rprecision)
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𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑆𝑒𝑡 𝑜𝑓
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

(a) Threshold-based Accuracy measure
(ex: Precision, Recall, Rprecision)

(b) AUC-based Accuracy measure
(ex: AUC-ROC, AUC-PR)
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𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑆𝑒𝑡 𝑜𝑓
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

(a) Threshold-based Accuracy measure
(ex: Precision, Recall, Rprecision)

(b) AUC-based Accuracy measure
(ex: AUC-ROC, AUC-PR)

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

𝑠 𝑒
𝑆𝑒𝑡 𝑜𝑓

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙 ℓ

(c) R-AUC-based Accuracy measure
(ex: R-AUC-ROC, R-AUC-PR)

𝑒 + ℓ/2−ℓ/2 + 𝑠

1/ 2

𝑤𝑖𝑛𝑑𝑜𝑤 ℓ
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𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑆𝑒𝑡 𝑜𝑓
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

(a) Threshold-based Accuracy measure
(ex: Precision, Recall, Rprecision)

(b) AUC-based Accuracy measure
(ex: AUC-ROC, AUC-PR)

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

𝑠 𝑒
𝑆𝑒𝑡 𝑜𝑓

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙 ℓ

(c) R-AUC-based Accuracy measure
(ex: R-AUC-ROC, R-AUC-PR)

𝑒 + ℓ/2−ℓ/2 + 𝑠

1/ 2

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

𝑠 𝑒

𝑆𝑒𝑡 𝑜𝑓
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑙𝑎
𝑏𝑒
𝑙 ℓ

(d) VUS-based Accuracy measure
(ex: VUS-ROC, VUS-PR)

𝑤𝑖𝑛𝑑𝑜𝑤 ℓ
𝑠𝑒𝑡 𝑜𝑓

𝑤𝑖𝑛𝑑𝑜𝑤 ℓ

𝑡𝑝
𝑟

𝑓𝑝𝑟
ℓ

1/ 2

𝑒 + ℓ/2−ℓ/2 + 𝑠
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𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑆𝑒𝑡 𝑜𝑓
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

(a) Threshold-based Accuracy measure
(ex: Precision, Recall, Rprecision)

(b) AUC-based Accuracy measure
(ex: AUC-ROC, AUC-PR)

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

𝑠 𝑒
𝑆𝑒𝑡 𝑜𝑓

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙 ℓ

(c) R-AUC-based Accuracy measure
(ex: R-AUC-ROC, R-AUC-PR)

𝑒 + ℓ/2−ℓ/2 + 𝑠

1/ 2

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

𝑠 𝑒

𝑆𝑒𝑡 𝑜𝑓
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑙𝑎
𝑏𝑒
𝑙 ℓ

(d) VUS-based Accuracy measure
(ex: VUS-ROC, VUS-PR)

𝑤𝑖𝑛𝑑𝑜𝑤 ℓ
𝑠𝑒𝑡 𝑜𝑓

𝑤𝑖𝑛𝑑𝑜𝑤 ℓ

𝑡𝑝
𝑟

𝑓𝑝𝑟
ℓ

1/ 2

𝑒 + ℓ/2−ℓ/2 + 𝑠



Evalua5on measures: Labeling issue

IJCAI 2025 | 03/08/2025 | 196[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluation 
measure for time-series anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

s e

𝑆𝑒𝑡 𝑜𝑓
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙

(a) Threshold-based Accuracy measure
(ex: Precision, Recall, Rprecision)

(b) AUC-based Accuracy measure
(ex: AUC-ROC, AUC-PR)

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

𝑠 𝑒
𝑆𝑒𝑡 𝑜𝑓

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑓𝑝𝑟

𝑡𝑝
𝑟

𝑙𝑎
𝑏𝑒
𝑙 ℓ

(c) R-AUC-based Accuracy measure
(ex: R-AUC-ROC, R-AUC-PR)

𝑒 + ℓ/2−ℓ/2 + 𝑠

1/ 2

𝑎𝑛
𝑜𝑚

𝑎𝑙
𝑦
𝑠𝑐
𝑜𝑟
𝑒

𝑡𝑖𝑚𝑒 𝑖𝑛𝑑𝑒𝑥

0

1

𝑠 𝑒

𝑆𝑒𝑡 𝑜𝑓
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑇

𝑙𝑎
𝑏𝑒
𝑙 ℓ

(d) VUS-based Accuracy measure
(ex: VUS-ROC, VUS-PR)

𝑤𝑖𝑛𝑑𝑜𝑤 ℓ
𝑠𝑒𝑡 𝑜𝑓

𝑤𝑖𝑛𝑑𝑜𝑤 ℓ

𝑡𝑝
𝑟

𝑓𝑝𝑟
ℓ

1/ 2

𝑒 + ℓ/2−ℓ/2 + 𝑠

Summary:

- Volume Under the Surface [22] (VUS):

- Modify the labels with buffer regions at 
the beginning and at the end of an 
anomaly

- We vary the buffer size (as well as the 
threshold) and we obtain a surface

- We use the volume under the surface 
(VUS) as accuracy
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How is it computed?

[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluation 
measure for time-series anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.
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How is it computed?

[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluaZon 
measure for Zme-series anomaly detecZon. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.
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How is it computed?

[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluation 
measure for time-series anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.

Time Complexity: 𝑂 𝑁𝑇

With:
- 𝑇: the time series length
- 𝑁: the number of thresholds
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How is it computed?

Time Complexity: 𝑂 𝑁𝑇

With:
- 𝑇: the time series length
- 𝑁: the number of thresholds

Time Complexity: 𝑂 𝑁𝐿𝑇

With:
- 𝑇: the time series length
- 𝑁: the number of thresholds
- 𝐿: the number of buffer lengths
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How is it computed?

[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under the surface: a new accuracy evaluation 
measure for time-series anomaly detection. Proc. VLDB Endow. 15, 11 (2022), 2774–2787.

Time Complexity: 𝑂 𝑁𝑇

With:
- 𝑇: the time series length
- 𝑁: the number of thresholds

Time Complexity: 𝑂 𝑁𝐿𝑇

With:
- 𝑇: the ?me series length
- 𝑁: the number of thresholds
- 𝐿: the number of buffer lengths

VUS is significantly slower to compute, complicating its usage in practice
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A solution?

(b) Labels with Buffer Region
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Execution time 
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Here we are looking at specific examples with time series characteristics
that we do not control.

How can we get a more quantitative and general comparison of 
measures?
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Synthetic Evaluation [29]

[29] Sørbø, S., Ruocco, M. NavigaZng the metric maze: a taxonomy of 
evaluaZon metrics for anomaly detecZon in Zme series. Data Min Knowl
Disc 38, 1027–1068 (2024)
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Synthetic Evaluation [29]

[22] J. Paparrizos, P. Boniol, T. Palpanas, R. S. Tsay, A. Elmore, and M. J. Franklin. Volume under 
the surface: a new accuracy evaluaZon measure for Zme-series anomaly detecZon. Proc. VLDB 
Endow. 15, 11 (2022), 2774–2787.

Real data Evaluation [22]

[29] Sørbø, S., Ruocco, M. Navigating the metric maze: a taxonomy of 
evaluation metrics for anomaly detection in time series. Data Min Knowl
Disc 38, 1027–1068 (2024)
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Evaluate measures on three criteria:

- Robustness: The ability of a measure to be invariant 
to irrelevant changes (i.e., that do not reflect a change 
of detection quality)

- Separability: An accuracy value of an accurate 
method should be easy to differentiate from an 
accurate value of an inaccurate method.

- Consistency: On similar time series, the ranking of 
methods provided by an accuracy measure should be 
similar
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About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detection quality)
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IJCAI 2025 | 03/08/2025 | 229



Evaluating measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detection quality)

For each methods (and averaged for all methods in (c.1)), we compute 10 times the 
accuracy measures with random lag lg (with 0.25 ∗ ℓ < lg < 0.25 ∗ ℓ) in the anomaly 

score. We center the accuracy average to 0.
To lag

IJCAI 2025 | 03/08/2025 | 230



Evaluating measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detecOon quality)

For each methods (and averaged for all methods in (c.1)), we compute 10 times the 
accuracy measures with random lag lg (with 0.25 ∗ ℓ < lg < 0.25 ∗ ℓ) in the anomaly 

score. We center the accuracy average to 0.
To lag

IJCAI 2025 | 03/08/2025 | 231



Evaluating measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detecOon quality)

To noise
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Evalua5ng measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detection quality)

For each methods (and averaged for all methods in (b.1)), we compute 10 times the 
accuracy measures with random noise (between -0.1 and 0.1) injected in the anomaly score. 

We center the accuracy average to 0.
To noise
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Evaluating measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detection quality)

To normal/abnormal ratio
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Evaluating measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detection quality)

To normal/abnormal ra?o
For each methods (and averaged for all methods in (d.1)), we compute 10 times the 

accuracy measures with random normal/abnormal ratio r (with 0.01 < 𝑟 < 0.2) in data 
series. We center the accuracy average to 0.
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Evalua5ng measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detection quality)
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Evaluating measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detecOon quality)

(b) IO
PS

(c) M
G

A
B

(d) EC
G

(e) SensorScope
(g) K

D
D

21
(h) N

A
SA

-SM
A

P
(i) N

A
B

(j) YA
H

O
O

(f) N
A

SA
-M

SL
Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Averaged lag sensitivity

Lag sensitivity critical 
diagram

Averaged noise sensitivity

Noise sensitivity critical 
diagram

Averaged ratio sensitivity

ratio sensitivity critical 
diagram



Evaluating measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detection quality)

(b) IO
PS

(c) M
G

A
B

(d) EC
G

(e) SensorScope
(g) K

D
D

21
(h) N

A
SA

-SM
A

P
(i) N

A
B

(j) Y
A

H
O

O
(f) N

A
SA

-M
SL

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Averaged lag sensitivity

Lag sensitivity critical 
diagram

Averaged noise sensitivity

Noise sensitivity critical 
diagram

Averaged ratio sensitivity

ratio sensitivity critical 
diagram

AUC-based



Evalua5ng measures: 
About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
not reflect a change of detection quality)

(b) IO
PS

(c) M
G

A
B

(d) EC
G

(e) SensorScope
(g) K

D
D

21
(h) N

A
SA

-SM
A

P
(i) N

A
B

(j) Y
A

H
O

O
(f) N

A
SA

-M
SL

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Lag sensitivity (standard deviation) Noise sensitivity (standard deviation) Ratio sensitivity (standard deviation)

Averaged lag sensitivity

Lag sensitivity critical 
diagram

Averaged noise sensitivity

Noise sensitivity critical 
diagram

Averaged ratio sensitivity

ratio sensitivity critical 
diagram

R-AUC-based
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About Robustness…
Robustness: The ability of a measure to be 
invariant to irrelevant changes (i.e., that do 
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Evaluating measures: 
About Separability…
Separability: An accuracy value of an accurate 
method should be easy to differentiate from 
an accurate value of an inaccurate method.
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About Separability…
Separability: An accuracy value of an accurate 
method should be easy to differentiate from 
an accurate value of an inaccurate method.

(a.1) MBA(805)

But how do we idenOfy accurate methods 
without accuracy measures? 
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Evaluating measures: 
About Separability…
Separability: An accuracy value of an accurate 
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Evaluating measures: 
About Separability…
Separability: An accuracy value of an accurate 
method should be easy to differentiate from 
an accurate value of an inaccurate method.
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Evaluating measures: 
About Separability…
Separability: An accuracy value of an accurate 
method should be easy to differenOate from an 
accurate value of an inaccurate method.
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Separability: An accuracy value of an accurate 
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Evaluating measures: 
About Separability…
Separability: An accuracy value of an accurate 
method should be easy to differentiate from 
an accurate value of an inaccurate method.
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Current Problems:

- The selecOon of accurate and inaccurate is 
subjecOve

- Can only be performed for a few Ome series
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Evaluating measures: Robustness 
and Separability…

Both robust and separable measures are 
desirable 
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Evaluating measures: About Consistency…
Consistency: On similar time series, the ranking of methods provided by an accuracy measure should be similar
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Evaluating measures: About Consistency…
Consistency: On similar time series, the ranking of methods provided by an accuracy measure should be similar
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Evaluating measures: About Consistency…
Consistency: On similar ?me series, the ranking of methods provided by an accuracy measure should be similar
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M1 M2 M3 M4 M5

M2 M1 M3 M4 M5

M1 M2 M3 M5 M4

M2 M1 M3 M4 M5

M1 M2 M3 M4 M5

M1 M2 M3 M4 M5

M2 M1 M3 M4 M5

M5 M2 M3 M1 M4

M4 M1 M3 M5 M2

M1 M2 M3 M4 M5

M5 M2 M3 M4 M1

M2 M1 M4 M3 M5

M5 M2 M3 M1 M4

M4 M1 M5 M3 M2

M3 M2 M1 M4 M5
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Evaluating measures: About Consistency…
Consistency: On similar ?me series, the ranking of methods provided by an accuracy measure should be similar

T1

T2

T3

T4

Tn

Rank provided by a given 
measure A

Dataset Rank provided by a given 
measure B

Rank provided by a given 
measure C

For a dataset (that we assume contains similar time series), we 
average the Entropy 𝐻 of the rank per methods

1
𝑀 [

'

𝐻 𝑅𝑎𝑛𝑘D 𝑀'
1
𝑀 [

'

𝐻 𝑅𝑎𝑛𝑘E 𝑀'
1
𝑀

[
'

𝐻 𝑅𝑎𝑛𝑘F 𝑀'< <

M1 M2 M3 M4 M5

M2 M1 M3 M4 M5

M1 M2 M3 M5 M4

M2 M1 M3 M4 M5

M1 M2 M3 M4 M5

M1 M2 M3 M4 M5

M2 M1 M3 M4 M5

M5 M2 M3 M1 M4

M4 M1 M3 M5 M2

M1 M2 M3 M4 M5

M5 M2 M3 M4 M1

M2 M1 M4 M3 M5

M5 M2 M3 M1 M4

M4 M1 M5 M3 M2

M3 M2 M1 M4 M5
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Evaluating measures: About Consistency…
Consistency: On similar time series, the ranking of methods provided by an accuracy measure should be similar

T1

T2

T3

T4

Tn

Rank provided by a given 
measure A

Dataset Rank provided by a given 
measure B

Rank provided by a given 
measure C

For a dataset (that we assume contains similar time series), we 
average the Entropy 𝐻 of the rank per methods

1
𝑀 [

'

𝐻 𝑅𝑎𝑛𝑘D 𝑀'
1
𝑀 [

'

𝐻 𝑅𝑎𝑛𝑘E 𝑀'
1
𝑀

[
'

𝐻 𝑅𝑎𝑛𝑘F 𝑀'< <

A is more consistent than B, which is more consistent than C

M1 M2 M3 M4 M5

M2 M1 M3 M4 M5

M1 M2 M3 M5 M4

M2 M1 M3 M4 M5

M1 M2 M3 M4 M5

M1 M2 M3 M4 M5

M2 M1 M3 M4 M5

M5 M2 M3 M1 M4

M4 M1 M3 M5 M2

M1 M2 M3 M4 M5

M5 M2 M3 M4 M1

M2 M1 M4 M3 M5

M5 M2 M3 M1 M4

M4 M1 M5 M3 M2

M3 M2 M1 M4 M5
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Evaluating measures: About Consistency…
Consistency: On similar ?me series, the ranking of methods provided by an accuracy measure should be similar

T1

T2

T3

T4

Tn

M1 M2 M3 M4 M5

M2 M1 M3 M4 M5

M1 M2 M3 M5 M4

M2 M1 M3 M4 M5

M1 M2 M3 M4 M5

Rank provided by a given 
measure A

Dataset

M1 M2 M3 M4 M5

M2 M1 M3 M4 M5

M5 M2 M3 M1 M4

M4 M1 M3 M5 M2

M1 M2 M3 M4 M5

Rank provided by a given 
measure B

M5 M2 M3 M4 M1

M2 M1 M4 M3 M5

M5 M2 M3 M1 M4

M4 M1 M5 M3 M2

M3 M2 M1 M4 M5

Rank provided by a given 
measure C

For a dataset (that we assume contains similar ;me series), we 
average the Entropy 𝐻 of the rank per methods

1
𝑀 [

'

𝐻 𝑅𝑎𝑛𝑘D 𝑀'
1
𝑀 [

'

𝐻 𝑅𝑎𝑛𝑘E 𝑀'
1
𝑀

[
'

𝐻 𝑅𝑎𝑛𝑘F 𝑀'< <

A is more consistent than B, which is more consistent than C
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Evalua5ng measures: About Consistency…
NormA POLY IForest AE OCSVM MatrixProfile LOF LSTM CNN

(b.1) rank (YAHOO)

(c.1) Entropy (YAHOO) (c.2) Entropy (KDD21)

(b.2) rank (KDD21)
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Evaluating measures: About Consistency…
NormA POLY IForest AE OCSVM MatrixProfile LOF LSTM CNN

(b) Rank per method (all dataset)

(c) Entropy per method (all dataset)

(b.1) rank (YAHOO)

(c.1) Entropy (YAHOO) (c.2) Entropy (KDD21)

(b.2) rank (KDD21)
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Evalua5ng measures: About Consistency…
NormA POLY IForest AE OCSVM MatrixProfile LOF LSTM CNN

(b) Rank per method (all dataset)

(c) Entropy per method (all dataset)

(b.1) rank (YAHOO)

(c.1) Entropy (YAHOO)
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(a) Average Entropy

(c.2) Entropy (KDD21)

(b.2) rank (KDD21)
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Part 4: Anomaly Detection 
Benchmarks

(a) Example of multivariate time series T from 
the vibration class !ℳ" .

(b) "#$%#ℳ" ! : Dimension-wise Class Activation 
Map of T for the vibration class !ℳ" .
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Anomaly Detection methods: Existing 
benchmark

HEX/UCR [18]

Set of 250 ?me series with 
labels.

Details

- The anomaly labels are 
synthe?cally created

- Each ?me series contains 
only 1 labeled anomaly
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Anomaly Detection methods: Existing 
benchmark

HEX/UCR [18]

Set of 250 time series with 
labels.

Details

- The anomaly labels are 
synthetically created

- Each time series contains 
only 1 labeled anomaly

TimeEval [5]

Set of 976 time series with 
labels.

Details

- New synthetic benchmark 
GutenTag used to tune 
parameters

- Only Time series with low 
contamination rate (< 0.1)

- Time series with at least one 
methods above 0.8 AUC-ROC
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Anomaly Detec5on methods: Exis:ng 
benchmark

HEX/UCR [18]

Set of 250 time series with 
labels.

Details

- The anomaly labels are 
synthetically created

- Each time series contains 
only 1 labeled anomaly

TimeEval [5]

Set of 976 time series with 
labels.

Details

- New synthetic benchmark 
GutenTag used to tune 
parameters

- Only Time series with low 
contamination rate (< 0.1)

- Time series with at least one 
methods above 0.8 AUC-ROC

TSB-UAD [19]

Set of 2000 time series with 
labels.

Details

- Collected as proposed in the 
literature (no filtering based 
on contamination, size or 
label quality)

- Artificial and synthetic data 
generation methods for 
reliable labels
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Anomaly Detec5on methods: Exis:ng 
benchmark

HEX/UCR [18]

Set of 250 time series with 
labels.

Details

- The labels have been
manually checked and are
reliable

- Each time series contains
only 1 labeled anomaly

TimeEval [5]

Set of 976 time series with 
labels.

Details

- New synthetic benchmark
GutenTag used to tune
parameters

- Only Time series with low
contamination rate (< 0.1)

- Time series with at least one
methods above 0.8 AUC-ROC

TSB-UAD [19]

Set of 2000 time series with 
labels.

Details

- Collected as proposed in the
literature.

- No filtering based on
contamination, size or label
quality.

Real datasets collection
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Anomaly Detection methods: Existing 
benchmark

HEX/UCR [18]

Set of 250 time series with 
labels.

Details

- The labels have been
manually checked and are
reliable

- Each time series contains
only 1 labeled anomaly

TimeEval [5]

Set of 976 ?me series with 
labels.

Details

- New synthe?c benchmark
GutenTag used to tune
parameters

- Only Time series with low
contamina?on rate (< 0.1)

- Time series with at least one
methods above 0.8 AUC-ROC

TSB-UAD [19]

Set of 2000 time series with 
labels.

Details

- Collected as proposed in the
literature.

- No filtering based on
contamination, size or label
quality.

Ar?ficial dataset genera?on Synthetic dataset generation
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Anomaly Detection methods: 
Experimental evaluation

Observations on HEX/UCR [18]:

- Distance-based methods have a better 
accuracy (AUC-ROC) than forecasting and 
distribution-based approaches

[18] R. Wu and E. Keogh, "Current Time Series Anomaly DetecZon Benchmarks are Flawed and are CreaZng the Illusion 
of Progress" in IEEE TransacZons on Knowledge & Data Engineering, vol. 35, no. 03, pp. 2421-2429, 2023.
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Anomaly Detection methods: 
Experimental evaluation

Observa;ons on HEX/UCR [18]:

- Distance-based methods have a beber 
accuracy (AUC-ROC) than forecas?ng and 
distribu?on-based approaches

[18] R. Wu and E. Keogh, "Current Time Series Anomaly Detection Benchmarks are Flawed and are Creating the Illusion 
of Progress" in IEEE Transactions on Knowledge & Data Engineering, vol. 35, no. 03, pp. 2421-2429, 2023.
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Anomaly Detection methods: 
Experimental evaluation

Methods AUC-ROC
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Observa;ons on TimeEval [5]:

[5] Sebastian Schmidl, Phillip Wenig, and Thorsten Papenbrock. 2022. Anomaly detection in time series: a 
comprehensive evaluation. Proc. VLDB Endow. 15, 9 (May 2022), 1779–1797.

IJCAI 2025 | 03/08/2025 | 281



Anomaly Detection methods: 
Experimental evaluation

Methods AUC-ROC
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Observa;ons on TimeEval [5]:

- Distance-based and Density-based methods 
have a beber accuracy (AUC-ROC) than 
forecas?ng and reconstruc?on-based 
approaches

[5] Sebastian Schmidl, Phillip Wenig, and Thorsten Papenbrock. 2022. Anomaly detection in time series: a 
comprehensive evaluation. Proc. VLDB Endow. 15, 9 (May 2022), 1779–1797.
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Anomaly Detection methods: 
Experimental evaluation

Methods AUC-ROC
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Observa;ons on TimeEval [5]:

- Distance-based and Density-based methods 
have a beber accuracy (AUC-ROC) than 
forecas?ng and reconstruc?on-based 
approaches

- Semi-supervised methods are not
outperforming Unsupervised approaches 

[5] Sebastian Schmidl, Phillip Wenig, and Thorsten Papenbrock. 2022. Anomaly detection in time series: a 
comprehensive evaluation. Proc. VLDB Endow. 15, 9 (May 2022), 1779–1797.
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Anomaly Detection methods: 
Experimental evaluation

Observations on TSB-UAD [19]:

- Distance-based methods have a better 
accuracy (AUC-ROC) than forecasting-based 
methods. 

- Isolation Forest (distribution-based and not 
proposed for time series) have also a strong 
accuracy

- AutoEncoder (AE) is also very accurate.

[19] John Paparrizos, Yuhao Kang, Paul Boniol, Ruey S. Tsay, Themis Palpanas, and Michael J. Franklin. 2022. TSB-UAD: an 
end-to-end benchmark suite for univariate Zme-series anomaly detecZon. Proc. VLDB Endow. 15, 8 (April 2022), 1697–1711.
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Anomaly Detection methods: 
Experimental evaluation

Observa;ons on TSB-UAD [19]:

- Distance-based methods have a beber 
accuracy (AUC-ROC) than forecas?ng-based 
methods. 

- Isola?on Forest (distribu?on-based and not 
proposed for ?me series) have also a strong 
accuracy

- AutoEncoder (AE) is also very accurate.

[19] John Paparrizos, Yuhao Kang, Paul Boniol, Ruey S. Tsay, Themis Palpanas, and Michael J. Franklin. 2022. TSB-UAD: an 
end-to-end benchmark suite for univariate time-series anomaly detection. Proc. VLDB Endow. 15, 8 (April 2022), 1697–1711.
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Anomaly Detection methods: 
Experimental evaluation

Observations on TSB-UAD [19]:

Point-based anomaly sequence-based anomaly

[19] John Paparrizos, Yuhao Kang, Paul Boniol, Ruey S. Tsay, Themis Palpanas, and Michael 
J. Franklin. 2022. TSB-UAD: an end-to-end benchmark suite for univariate time-series 
anomaly detection. Proc. VLDB Endow. 15, 8 (April 2022), 1697–1711.
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Anomaly Detection methods: 
Experimental evaluation

Observations on TSB-UAD [19]:

- Forecasting methods (LSTM and CNN) are 
very accurate for point anomalies

- But have poor performances on sequence-
based anomalies.

Point-based anomaly sequence-based anomaly

[19] John Paparrizos, Yuhao Kang, Paul Boniol, Ruey S. Tsay, Themis Palpanas, and Michael 
J. Franklin. 2022. TSB-UAD: an end-to-end benchmark suite for univariate Zme-series 
anomaly detecZon. Proc. VLDB Endow. 15, 8 (April 2022), 1697–1711.
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Anomaly Detection methods: 
Experimental evaluation

Observa;ons on TSB-UAD [19]:

- The ra?o of normal/abnormal points has a 
strong impact on the methods ranking.

Ratio>0.1 Ratio<0.001

[19] John Paparrizos, Yuhao Kang, Paul Boniol, Ruey S. Tsay, Themis Palpanas, and Michael 
J. Franklin. 2022. TSB-UAD: an end-to-end benchmark suite for univariate time-series 
anomaly detection. Proc. VLDB Endow. 15, 8 (April 2022), 1697–1711.
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Anomaly Detec5on methods: Experimental evalua2on
Observation from the results applied on specific datasets (TSB-UAD [19])

There is no overall winner.

(a.1) Example from ECG dataset (b.1) Example from MGAB dataset (c.1) Example from Daphnet dataset (d.1) Example from YAHOO dataset

(a.2) ECG best detector: NormA

(b.2) MGAB best detector: LOF

(c.2) Daphnet best detector: HBOS

(d.2) YAHOO best detector: CNN

(a.1) Example from ECG dataset

(b.1) Example from MGAB dataset

(c.1) Example from Daphnet dataset

(d.1) Example from YAHOO dataset
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(a.1) Example from ECG dataset (b.1) Example from MGAB dataset (c.1) Example from Daphnet dataset (d.1) Example from YAHOO dataset

(a.2) ECG best detector: NormA

(b.2) MGAB best detector: LOF

(c.2) Daphnet best detector: HBOS

(d.2) YAHOO best detector: CNN

(a.1) Example from ECG dataset

(b.1) Example from MGAB dataset

(c.1) Example from Daphnet dataset

(d.1) Example from YAHOO dataset
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(a.1) Example from ECG dataset (b.1) Example from MGAB dataset (c.1) Example from Daphnet dataset (d.1) Example from YAHOO dataset

(a.2) ECG best detector: NormA

(b.2) MGAB best detector: LOF

(c.2) Daphnet best detector: HBOS

(d.2) YAHOO best detector: CNN

(a.1) Example from ECG dataset

(b.1) Example from MGAB dataset

(c.1) Example from Daphnet dataset

(d.1) Example from YAHOO dataset
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[19] John Paparrizos, Yuhao Kang, Paul Boniol, Ruey S. Tsay, Themis Palpanas, and Michael J. Franklin. 2022. TSB-UAD: an end-to-end benchmark suite for univariate Zme-series 
anomaly detecZon. Proc. VLDB Endow. 15, 8 (April 2022), 1697–1711.
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Anomaly Detection methods: Experimental evaluation
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Theseus [27]

An interac?ve tool to compare anomaly detec?on 
methods

VLDB 2022 Github repo

[27] Paul Boniol, John Paparrizos, Yuhao Kang, Themis Palpanas, Ruey S. Tsay, Aaron J. Elmore, and Michael J. Franklin. 2022. 
Theseus: navigaZng the labyrinth of Zme-series anomaly detecZon. Proc. VLDB Endow. 15, 12 (August 2022), 3702–3705.



Benchmark Practice: Common Flaws in Dataset
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False Negative

Mislabeling Bias Feasibility

[27] Liu, Q. and Paparrizos, J., 2024. The elephant in the room: Towards a reliable time-series anomaly detection benchmark. 
Advances in Neural Information Processing Systems, 37, pp.108231-108261.



Benchmark Prac5ce: Common Flaws in Dataset
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False Negative

False Positive

Mislabeling Bias Feasibility



Benchmark Practice: Common Flaws in Dataset
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Run-to-failure Bias

Mislabeling Bias Feasibility



Benchmark Prac5ce: Common Flaws in Dataset
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Run-to-failure Bias

Single Anomaly Bias

Mislabeling Bias Feasibility



Benchmark Practice: Common Flaws in Dataset
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Lack of In-context Data

Mislabeling Bias Feasibility



Benchmark Practice: Common Flaws in Dataset
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Lack of In-context Data

Unrealis,c Anomaly Ra,o

Mislabeling Bias Feasibility



Benchmark Practice: Dataset Construction
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…

…

Univariate

Multivariate

Public 
Collection

Transform

Step 1: 
Dataset Collection

[27] Liu, Q. and Paparrizos, J., 2024. The elephant in the room: Towards a reliable time-series anomaly detection benchmark. 
Advances in Neural Information Processing Systems, 37, pp.108231-108261.



Benchmark Practice: Dataset Construction
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…

… …

Univariate

Multivariate

Public 
Collection

Transform

Human 
Annotator

Step 1: 
Dataset Collection

Step 2: 
Flaws Identification



Benchmark Practice: Dataset Construction
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…

… …

Univariate

Multivariate

Public 
Collection

Transform

Algorithm TestHuman 
Annotator

+

Step 1: 
Dataset Collection

Step 2: 
Flaws Identification

Step 3: 
Label Quality Assessment



Benchmark Practice: Dataset Construction
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TSB-AD-M

TSB-AD-U

Category Split # TS Avg  
Length

Avg Anomaly 
Length

Avg # 
Anomalies

Anomaly 
Ratio

All 870 38814.1 179.5 39.7 2.4%

Eval 350 51886.7 321.3 46.6 4.5%

Tuning 48 47143.3 185.9 82.6 3.5%

All 200 107760.4 582.6 71.1 5.1%

Eval 180 108826.7 591.2 67.7 5.0%

Tuning 20 98164.1 504.7 101.1 5.7%



Benchmark Practice: Evaluation
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🥇 Sub-PCA

🥈 KShapeAD

🥉 POLY

4 Series2Graph
5 MOMENT (FT)
6 MOMENT (ZS)
7 KMeansAD
8 USAD
9 Sub-KNN
10 MatrixProfile
11 SAND
12 CNN

TSB-AD-U
🚩 VUS-PR Ranking
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🥇 Sub-PCA

🥈 KShapeAD

🥉 POLY

4 Series2Graph
5 MOMENT (FT)
6 MOMENT (ZS)
7 KMeansAD
8 USAD
9 Sub-KNN
10 MatrixProfile
11 SAND
12 CNN

TSB-AD-U
🚩 VUS-PR Ranking

⓵ Top-performing methods been 
overlooked for many years 



Benchmark Practice: Evaluation
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🥇 Sub-PCA

🥈 KShapeAD

🥉 POLY

4 Series2Graph
5 MOMENT (FT)
6 MOMENT (ZS)
7 KMeansAD
8 USAD
9 Sub-KNN
10 MatrixProfile
11 SAND
12 CNN

TSB-AD-U
🚩 VUS-PR Ranking

⓵ Top-performing methods been 
overlooked for many years 

⓶ Performance of time-series 
foundation models shows promise



Benchmark Practice: Evaluation
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TSB-AD-M 🚩 VUS-PR Ranking

🥇 CNN

🥈 OmniAnomaly

🥉 PCA

4 LSTMAD
5 USAD
6 AutoEncoder
7 KMeansAD
8 CBLOF
9 MCD
10 OCSVM
11 Donut
12 RobustPCA

⓷ Neural-network-based methods 
strive in multivariate cases
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TSB-AD-M 🚩 VUS-PR Ranking

🥇 CNN

🥈 OmniAnomaly

🥉 PCA

4 LSTMAD
5 USAD
6 AutoEncoder
7 KMeansAD
8 CBLOF
9 MCD
10 OCSVM
11 Donut
12 RobustPCA

⓷ Neural-network-based methods 
strive in multivariate cases

⓸ Simpler architectures generally 
outperform more complex designs



Benchmark Practice: Evaluation
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TSB-AD [27]

Towards a reliable time-series anomaly detection 
benchmark

NeurIPS 2024 Homepage

[27] Liu, Q. and Paparrizos, J., 2024. The elephant in the room: Towards a reliable time-series anomaly detection benchmark. 
Advances in Neural Information Processing Systems, 37, pp.108231-108261.



Part 5: Automated Solutions 
for Anomaly Detection

(a) Example of multivariate time series T from 
the vibration class !ℳ" .

(b) "#$%#ℳ" ! : Dimension-wise Class Activation 
Map of T for the vibration class !ℳ" .
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Automated Solu5ons: Background
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Motivation:

- No one-size-fits-all model: 
- How can we automatically identify the best 

anomaly detector given a time series?

[29] Maroua Bahri, Flavia Salutari, Andrian Putina, and Mauro Sozio: AutoML: state of the art with a focus on anomaly detection, challenges, and 
research directions. International Journal of Data Science and Analytics 14(2): 113-126 (2022).
[41] Liu, Q., Lee, S. and Paparrizos, J., 2025. TSB-AutoAD: Towards Automated Solutions for Time-Series Anomaly Detection. Proceedings of the 
VLDB Endowment, 18(11), pp.4364–4379.

MedicalHumanActivityFacility Sensor Webservice
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Motivation:

- No one-size-fits-all model: 
- How can we automatically identify the best 

anomaly detector given a time series?

Challenge:

- Lack of labeled data
- Absence of universal objective function

[29] Maroua Bahri, Flavia Salutari, Andrian PuZna, and Mauro Sozio: AutoML: state of the art with a focus on anomaly detecZon, challenges, and 
research direcZons. InternaZonal Journal of Data Science and AnalyZcs 14(2): 113-126 (2022).
[41] Liu, Q., Lee, S. and Paparrizos, J., 2025. TSB-AutoAD: Towards Automated SoluZons for Time-Series Anomaly DetecZon. Proceedings of the 
VLDB Endowment, 18(11), pp.4364–4379.

MedicalHumanActivityFacility Sensor Webservice



Automated Solutions: Taxonomy
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Model 
Selector

MEns

MGenClustering Quality
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(a) Model Selection:
Selecting the best anomaly detector 
from a predefined candidate model set.
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(b) Model Ensembling
Aggregating predictions from 
multiple candidate models 
using ensemble strategies.
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the candidate set



Automated Solutions: Meta-learning

IJCAI 2025 | 03/08/2025 | 313

TSB-AutoAD

Model Selection

20
10

20
15

20
20

20
24

SATzilla ISAC

URegTi
m

e

CFactMSAD
MetaOD

Internal

Model 
Generation

Meta-learning

Model 
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ARGOSMART

Definition: Using insights from 
historical labeled datasets to 
select the best model for new 
data

- Classification: MSAD
- Regression: SATzilla, UReg, CFact
- Nearest Neighbor: ARGOSMART
- Other Optimization: ISAC, MetaOD

[41] Liu, Q., Lee, S. and Paparrizos, J., 2025. TSB-AutoAD: Towards Automated Solutions for Time-Series Anomaly 
Detection. Proceedings of the VLDB Endowment, 18(11), pp.4364–4379.
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[29] Emmanouil Sylligardos, Paul Boniol, John Paparrizos, Panos Trahanias, Themis Palpanas. 2023. Choose wisely: An extensive 
evaluation of model selection for anomaly detection in time series. Proceedings of the VLDB Endowment 16(11): 3418-3432.
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[32] Lin Xu, Frank Hutter, Holger H Hoos, Kevin Leyton-Brown. 2008. SATzilla: portfolio-based algorithm selection for SAT. Journal 
of Artificial Intelligence Research 32: 565-606.
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Model selection for anomaly detection [29]
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should we use?

[29] Emmanouil Sylligardos, Paul Boniol, John Paparrizos, Panos Trahanias, and Themis Palpanas. 2023. Choose Wisely: An Extensive Evaluation of Model Selection for 
Anomaly Detection in Time Series. Proc. VLDB Endow. 16, 11 (July 2023), 3418–3432.
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Model 
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ARGOSMART

Definition: Evaluate the 
effectiveness of a model 
without any reliance on 
external information

- Stand-alone: CQ, EM&MV, 
Synthetic 

- Collective: MC, TSADAMS

[41] Liu, Q., Lee, S. and Paparrizos, J., 2025. TSB-AutoAD: Towards Automated Solutions for Time-Series Anomaly 
Detection. Proceedings of the VLDB Endowment, 18(11), pp.4364–4379.
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[28] Mononito Goswami, Cristian Challu, Laurent Callot, Lenon Minorics, Andrey Kan. 2023. Unsupervised Model Selection 
for Time-series Anomaly Detection. In Proceedings of the International Conference on Learning Representations.

Image from [28]: Internal Evaluation workflow.

Rankings

If a model can forecast or reconstruct time-series 
well it must also be a good anomaly detector.
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[28] Mononito Goswami, Cristian Challu, Laurent Callot, Lenon Minorics, Andrey Kan. 2023. Unsupervised Model Selection 
for Time-series Anomaly Detection. In Proceedings of the International Conference on Learning Representations.

Image from [28]: Internal Evaluation workflow.

Rankings

A good anomaly detection model will perform well 
on data with synthetically injected anomalies.
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[28] Mononito Goswami, Cristian Challu, Laurent Callot, Lenon Minorics, Andrey Kan. 2023. Unsupervised Model Selection 
for Time-series Anomaly Detection. In Proceedings of the International Conference on Learning Representations.

Image from [28]: Internal Evaluation workflow.

There is only one 
ground truth, thus 
models close to 
ground truth are close
to each other.
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[28] Mononito Goswami, Cristian Challu, Laurent Callot, Lenon Minorics, Andrey Kan. 2023. Unsupervised Model Selection 
for Time-series Anomaly Detection. In Proceedings of the International Conference on Learning Representations.

Image from [28]: Internal Evaluation workflow.
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ARGOSMART

Definition: Integrate 
predictions from the 
candidate model set

- Full: OE
- Selective: SELECT, HITS, IOE, 

AutoTSAD

[41] Liu, Q., Lee, S. and Paparrizos, J., 2025. TSB-AutoAD: Towards Automated Solutions for Time-Series Anomaly 
Detection. Proceedings of the VLDB Endowment, 18(11), pp.4364–4379.
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ARGOSMART

Definition: Creating an 
entirely new model tailored to 
a specific dataset based on 
the predefined model set.

- AutoOD
- UADB

[41] Liu, Q., Lee, S. and Paparrizos, J., 2025. TSB-AutoAD: Towards Automated Solutions for Time-Series Anomaly 
Detection. Proceedings of the VLDB Endowment, 18(11), pp.4364–4379.
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[41] Qinghua Liu, Seunghak Lee, and John Paparrizos: TSB-AutoAD: Towards Automated Solutions for 
Time-Series Anomaly Detection. VLDB 2025.
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… … … …

60% < Random

75% < Global Best

90% < Supervised Selection

[41] Qinghua Liu, Seunghak Lee, and John Paparrizos: TSB-AutoAD: Towards Automated Solutions for 
Time-Series Anomaly Detection. VLDB 2025.

Half of the evaluated variants 
failing to outperform Random 
selection
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… … … …

60% < Random

75% < Global Best

90% < Supervised Selection

[41] Qinghua Liu, Seunghak Lee, and John Paparrizos: TSB-AutoAD: Towards Automated Solutions for 
Time-Series Anomaly Detection. VLDB 2025.

75% underperforming a naive 
Global Best model
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… … … …

60% < Random

75% < Global Best

90% < Supervised Selection

[41] Qinghua Liu, Seunghak Lee, and John Paparrizos: TSB-AutoAD: Towards Automated Solutions for 
Time-Series Anomaly Detection. VLDB 2025.

Only 10% of the methods are 
able to outperform 
Supervised Selection
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Global Best (GB)

Avg Inference Time (sec)

illustration of the 
relationship between VUS-
PR and average detection 
time across the benchmark
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(a) Meta-learning (ID) vs. Others (b) Meta-learning (OOD) vs. Others
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TSB-AutoAD [27]

Towards Automated Solutions for Time-Series 
Anomaly Detection

VLDB 2025 Demo

[41] Liu, Q., Lee, S. and Paparrizos, J., 2025. TSB-AutoAD: Towards Automated Solutions for Time-Series Anomaly Detection. 
Proceedings of the VLDB Endowment, 18(11), pp.4364–4379.



Part 6: Conclusion and Open 
Problems

(a) Example of multivariate time series T from 
the vibration class !ℳ" .

(b) "#$%#ℳ" ! : Dimension-wise Class Activation 
Map of T for the vibration class !ℳ" .
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[43] Williams AR, Ashok A, Marcotte É, Zantedeschi V, Subramanian J, Riachi R, Requeima J, Lacoste A, Rish I, Chapados N, Drouin A. 
Context is key: A benchmark for forecasting with essential textual information. arXiv preprint arXiv:2410.18959. 2024 Oct 24.
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Sundial
(ICML25)

Time-MOE
(ICLR25)

Moirai
(ICML24)

MOMENT
(ICML24)

TimesFM
(ICML24)

Chronos
(TMLR24)

Lag-Llama
(NIPSw23)

Architecture Decoder Decoder Encoder Encoder Decoder EncDec Decoder

Model Size 32M
128M
444M

113M
453M
2.4B

14M
91M

311M

40M
125M
385M

17M
70M

200M

46M
200M
710M

200M

Context 
Length

<=2880 <=4096 <=5000 =512 <=512 <=512 <=1024

Objectives Flow 
Matching

Huber Loss Log 
Likelihood

MSE MSE Cross Entropy Log 
Likelihood

Task F F F CLF, AD, F F F F

Emerging trends in developing time series foundation model
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Sundial
(ICML25)

Time-MOE
(ICLR25)

Moirai
(ICML24)

MOMENT
(ICML24)

TimesFM
(ICML24)

Chronos
(TMLR24)

Lag-Llama
(NIPSw23)

Architecture Decoder Decoder Encoder Encoder Decoder EncDec Decoder

Model Size 32M
128M
444M

113M
453M
2.4B

14M
91M

311M

40M
125M
385M

17M
70M

200M

46M
200M
710M

200M

Context 
Length

<=2880 <=4096 <=5000 =512 <=512 <=512 <=1024

Objectives Flow 
Matching

Huber Loss Log 
Likelihood

MSE MSE Cross Entropy Log 
Likelihood

Task F F F CLF, AD, F F F F

Lack of benchmarking and adaptation for AD task
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Image from [36]: Human 
interaction with ChatGPT
for TSAD tasks.

⚙ A ,me series anomaly 
detector with natural 
language interface

[36] Ming Jin, Yifan Zhang, Wei Chen, Kexin Zhang, Yuxuan Liang, Bin Yang, Jindong Wang, Shirui Pan, Qingsong Wen. 2024. 
Position: What Can Large Language Models Tell Us about Time Series Analysis. ICML.
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Image from [42]: The 
demonstration of the Time-MQA 
with context enhancement.

⚙MulC-modal Cme series datasets

[42] Kong, Y., Yang, Y., Hwang, Y., Du, W., Zohren, S., Wang, Z., ... & Wen, Q. (2025). Time-mqa: Time 
series multi-task question answering with context enhancement. arXiv preprint arXiv:2503.01875.



More to Read
If you are interested in anomaly detec?on in ?me series… 

A. Blazquez-Garcia et al. ACM 
Computing Survey (2021) [24]
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R. Wu et al. TKDE (2021)
[18]



More to Read
If you are interested in anomaly detection in time series… 

P. Boniol et al. Arxiv (2025)
[28]

Q. Liu et al. NeurIPS (2024)
[27]

A. Blazquez-Garcia et al. ACM 
Computing Survey (2021) [24]

https://github.com/TheDatu
mOrg/TSB-AD
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R. Wu et al. TKDE (2021)
[18]
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Thank you for attending!

Any Ques5ons?
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