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Core shapelet recognition is the ability to recognize any
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Our claims for building a core shapelet recognition-based time
series classifier:

It should not be necessary to assess a lot of variants of a
shapelet candidate

Any single time series should contain all the shapelets of
its corresponding class.

Filtering shapelet candidates beforehand of classification
could lead to an inaccurate model

The classifier could automatically learn the best shapelets
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Fig. 4: Three random instances from the Chinatown dataset




LIMCS Core shapelet recognition
Illustration with the Chinatown dataset

SAST for Time series: 13, class: 1 Time series: 8. class: 1 Time seres: 17, class: 1 Time series: 16, lass: 1 Time series: 9, class: 1
X . - o E— ~ S| s A
Time .Serl_es e A 10 f 10 - 5 .
Classification | | | s os \ | os i /
05 | \ o | [
00 0 | oo 00 | 00
Mbouopda, s 05 [ 03 051 o5 /
Mephu Nguifo 10 0 -0 -0 10
P! g
3 ® ® 5 % ® g ) % B ® ] 3 ® ®
Time series: 13, lass: 1 Time series: 8, clss: 1 Time series: 17 class: 1 Time series: 16, class: 1 Time series: 9, class: 1
Introduction T A = A = 15 A
A 10 A | w0 . v \
fotiv: 10
Motivation . | os os 05 [ os
Background - 00 | 00 a8 | .
S 05 i -05 054 -05
Method i Oy 2\ SN
7 ) ) ] ) % g o % 1 T ] 1] % %
Experimental . . .
r%’“m Fig. 4: Shapelet learned by STC. Accuracy = 0.97, Running time = 51 secs
Accuracy
Scalability

Interpretability

Conclusion
and
perspectives

References



LIMCS Core shapelet recognition
Illustration with the Chinatown dataset

SAST for Time series: 13, class: 1 Time series: 8. class: 1 Time seres: 17, class: 1 Time series: 16, lass: 1 Time series: 9, class: 1
X . - — : 1
7 S| as A
Time Series i A 10 ( 10 .
e . 10 \ | 10
Classification | \ o5 o5 \ | os \ (
0s | \ | 0s |
00 0 | oo 00 | 00
Mbouopda, o o5 | o5 PN o5 /
Mephu Nguifo o0 \\_/ -0 -0 -0 \v 10 \,
3 © B ) ) ) 3 % ] 3 © » 3 % )
Time series: 13, lass: 1 Time series: 8, clss: 1 Time series: 17 class: 1 Time series: 16, class: 1 Time series: 9, class: 1
Introduction T A , A X 15 A
A ey 10 \
[ \ -
Motivation 0 | 0s 05 ” f
\ os f
os | os [
Background . o0 | o0 o0 | 00
b s o5 s, s
Method |\ 20]\
3 % ® ) % ® 5 o ) ) ® E) 3 ® ®

Experimenta

Fig. 4: Shapelet learned by STC. Accuracy = 0.97, Running time = 51 secs

results
Accuracy
Scalability
Interpretability Time series: 9, class: 1 Time series: 3, class: 2
Conclusion 11 15 A
and 10 10
perspectives 05 05
References .
_as \
ETIR
0 10 20 0 0 0

Fig. 5: Shapelet learned by STC-1. Accuracy = 0.96, Running time = 10 secs



LIMOS

SAST for
Time Series
Classification

Mbouopda,
Mephu Nguifo

Motivation

Background

Method

Accuracy
Scalability

Interpretability

SAST: Scalable and Accurate Subsequence
Transform

Classification block

- Transformed Classifier
- Data

A— o~

NS random selectionof _ Subsequences % Subsequence.

— o [ “Teference tme series. — \— generation Transform
o

Training data

-
Feature analysis Z
-

Shapslets

Fig. 6: Overview of time series classification using SAST



SAST: Scalable and Accurate Subsequence
LIMOS Transform

SAST for
Time Series
Classification
Mbouopda, - J Transformed Classifier
Mephu Nguifo A— 2 G5
Z—~F | | random selectionof . = Subsequences :\\__ Subsequence
Teference time seres.  ——y  \e——— generation T Transform
P

Fig. 6: Overview of time series classification using SAST

Accuracy

“ Unlike STC, SAST
m Use one instance per class to build the shapelet space



LMS SAST: Scalable and Accurate Subsequence

SAST for
Time Series
Classification
Mbouopda, ? J Transtommed Classiier
Mephu Nguifo A 2 Data
Z—F | | random selectionof | Subsequences o O Subsequence
— o [ *Feference Tme seres. —\—— generation - Transform
= e
Training data

Votivation Interpretabiliy block
~
Feature analysis Z
-
Shapelets

Fig. 6: Overview of time series classification using SAST

e Unlike STC, SAST
m Use one instance per class to build the shapelet space

m Does not prune shapelet candidates beforehand of
classification



LIMOS

SAST for
Time Series
Classification

Mbouopda,
Mephu Nguifo

SAST: Scalable and Accurate Subsequence
Transform

- Transformed Classifor
o Data
—Z random selectionof _ = . Subsequences :\\__ Subsequence
— o [ *Feference Tme seres. —\—— generation b Tt
s g ~S— T—
Training data <

Interpretability block

Fig. 6: Overview of time series classification using SAST

Unlike STC, SAST
m Use one instance per class to build the shapelet space

m Does not prune shapelet candidates beforehand of
classification

m Has a time complexity O(nm?)
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SAST is explained by identifying the top best features (i.e
shapelets) learned by the classifier:

m For linear models, the subsequences with the highest
weight norms

m For decision tree models, the subsequences with the
highest information gains

m In any case, a post-hoc method such as LIME, SHAP,
Saliency maps
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Fig. 24: Top 5 best shapelets plotted on the reference time series
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m What we have done
m We introduced the core shapelet recognition task, which is
the hability to recognize any variant of a shapelet from one
or few number of its variants
m We proposed SAST, which effectively performs the core
shapelet recognition task
m We shown using 72 state of the art datasets that SAST is
accurate, interpretable and much more scalable
m Future directions
m ldentify and remove duplicate subsequence from SAST
m Use SAST as a remplacement of STC module in

HIVE-COTE
m Apply the core shapelet recognition task in TS-CHIEF
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