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Some research questions

* Goalis to find and report interesting patterns
towards end-users
— What patterns are interesting?
— How can we find interesting patterns efficiently?

— How can we use patterns to make more accurate
predictions?



Outline

1. Pattern Mining

2. Representation
— Interpretable analysis of time series using patterns embeddings

3. Motif discovery
— Finding motifs in time series



Pattern Mining

— What, why, how of pattern mining?

— Applications



Why pattern mining?

Exploratory data analysis: Gems in every dataset waiting to be
discovered

Extract interpretable features

— Intrinsic interpretable representations and models

— Using rules as post-hoc explainable model

Human in the loop discovery

— Add constraints and domain knowledge

Large amount of prior research
— Hundreds of efficient algorithms
— See https://www.philippe-fournier-viger.

Algorithms

g g algo!
(% Search algorithms, e.g. FP-Growth, HUIM, clustering

Sequential Pattern Mining
h

These algorithms discover sequential patterns in a set of sequences. For a good overview of sequential pattern 1


https://www.philippe-fournier-viger.com/spmf/
https://www.philippe-fournier-viger.com/spmf/
https://www.philippe-fournier-viger.com/spmf/
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What is Pattern?

An itemset: X={A,B}

— Examples where both A and B co-occur
A sequential pattern: X=[A,B]

— Examples where A occurs before B

Arule:X=A->B
— If A occurs in an example, B also occurs with a certain likelihood

A time series motif: X=(A,B)

— A set of subsequences with high similarity



Properties of patterns

* Large search space * Constraints
— Singletons: {A},{B},... N — Limit on size, e.g. k=3
— Pairs: {A,B}, {B,C}, {A,C} (1;’) — Limit on number of patterns,

e.g. top-k=10.000

. B N
— Triples: {A,B,C} .... (3) — Gap constraints
2N

— Possible itemsets

* Value of pattern
— Frequency

* Monotonicity

— If {A,B,C} occurs in S examples then .
any subset occurs at least S times — Confidence
— Pos. or neg. for label

— Cohesive



Applications

* Frequent Itemset Mining for Market-basket analysis [Agrawal,
1994]

Transaction database Frequent itemset

[ TID Items J .

| T 'bread , milk |, eggs —> {bread, mi I k}

& g @ o g ; 1

§ T2 ] bread, milk] 1 7| all support({bread, milk}) = 4

’ T3 bread, diapers, beer, eggs ’ 2as support count = 4 / 6 transactions

‘ T4 milk, diapers, beer, cola ‘ @ minsup = 3

{ T6 o ;,b'r'e?d»i '!l'"‘ "EEPefS . An itemset is frequent if its
support >= minsup




e Sequential
pattern
mining

Applications

1. Input: Sequence Database

Sequence of items

Session ID (in time order)
s1 R e
s2 R, 5488 el AR
$3 B 16 =ik
s4 Ry sl Sk
S5 RS

Items: A, B, C, D, E (e.g., songs, videos, products)

S1

S2

S3

S4

S5

Example pattern: (A, C, E)

@8O~
®- @-0-@

®-5-0-0
®-5-©-0




Applications

 Recommender systems

Current user
sequence

- roroe |

Find patterns
that start with
A->B->C

Matching patterns

(A, B; C, E) support = 2

(A, €, E) support = 3

p—

—
Recommended next item(s)

E

(most frequent continuation)

O Sequential pattern mining leverages order and timing to predict what users are most likely to do next.
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Applications

* Time series motifs
— Repeating (non-overlapping) subsequences with high similarity

\ 4
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Applications

» Rule mining » Insights

» Smart alarms

(e) {HF < 60,28 < RF < 31} — {intubation} 0.55 0.02
(f) {74 < HF < 86, RF > 30} — {intubation} 0.53 0.03 1 5%
(g) {ABP,; < 47, RF > 30} — {intubation} 0.52 0.05 HE
(h) {ABP; < 45, ABP,, < 64, RF > 31} — {intubation} 0.51 0.02 i
(i) {intubation, ABP; < 45, 91 < §,02 < 93} - {ABP,, <64} 0.51 0.02 =.
Time
Fig. 1: Example of multivariate time series of tient with alarms. S,0, oxygen
H F < 60 and 55(y Chance 0 f in tUba tion salturati:n, }I; ; he::.lrlt1 freZi:ncy, AB;,:.ealte:i:labloodw;l)resZ\ie. PR
28 < RF<32? °
Occurs in 0.2% of patients
T, T, Time (+- 15 patients) [Venturini, 2025]



Apriori algorithm for frequent itemset mining

1. Input transaction

database
TID ltems
T {bread, milk}
) {bread, diapers,
beer, eggs}
{milk, diapers,
T3 beer, coke}
{bread, milk,
T4 diapers, beer}
{bread, milk,
TS diapers, coke}
Minimum support =
s 3 transactions

13



Apriori algorithm for frequent itemset mining

1. Input transaction 2. Find frequent
database 1-itemsets (L1)
TID ltems ltem Support (count)
T1 {bread, milk} bread 4
{bread, diapers, milk 4
T2 beer, eggs}
: diapers 4
{milk, diapers,
T3 beer, coke} » beer 3 ]
{bread, milk, €ggs 1
T4 4
diapers, beer} coke 2

{bread, milk,
5 diapers, coke}

L1 = {bread}, {milk},
{diapers}, {beer}

Minimum support =
s 3 transactions XK Discard infrequent items:
eggs, coke




Apriori algorithm for frequent itemset mining

1. Input transaction 2. Find frequent 3. Ge!:jerate a_nd count
database 1-itemsets (L1) candidate 2-itemsets

TID ltems Item Support (count) Candidate/2-itemsst S((t:lgl;::tr)t
T1 {bread, milk} bread 4 fieead, filk} 3
T2 {t:)read, diap}ers, bl - {bread, diapers} 3
:(:, :?93 gigpars - {bread, beer} 2
T3 il diApes; beer 3 =
beer, coke} » » {milk, diapers} 3 I
T4 | {oread,milk, eggs ] {milk, beer} 2
diapers, beer} coke - {diapers, beer} 3
5 {bread, milk, E .
Clagsephel o L1 = {bread}, {milk}, L2 = {bread, milk}, {bread, diapers},
{diapers}, {beer} {milk, diapers}, {diapers, beer}
Minimum support =
s 3 transactions XK Discard infrequent items: X Infrequent (pruned):
N J eggs, coke {bread, beer}, {milk, beer}




Apriori algorithm for frequent itemset mining

1. Input transaction

2. Find frequent
1-itemsets (L1)

database
TID Items
T1 {bread, milk}
T2 {bread, diapers,
beer, eggs}
{milk, diapers,
K beer, coke}
{bread, milk,
T4 diapers, beer}
{bread, milk,
5 diapers, coke}
Minimum support =
s 3 transactions
L J

ltem Support (count)
bread 4
milk 4
diapers 4
beer 3
eggs 1
coke 2

L1 = {bread}, {milk},
{diapers}, {beer}

XK Discard infrequent items:
eggs, coke

3. Generate and count
candidate 2-itemsets

Candidate 2-itemset ?:gs:tr)t
{bread, milk} 3
{bread, diapers} 3
{bread, beer} 2
{milk, diapers} 3
{milk, beer} 2
{diapers, beer} 3

Q L2 = {bread, milk}, {bread, diapers},

{milk, diapers}, {diapers, beer}

X Infrequent (pruned):

4. Generate candidate
3-itemsets and prune
Join step (from L2):
[ {bread, milk, diapers} ]

Support({bread, milk, diapers}) = 2

Not frequent
‘ x (2 < minsup) ’

Apriori pruning (anti-monotonicity):

\

Any candidate whose subset
is infrequent is pruned.
Example:
If {bread, beer} is infrequent,
then {bread, milk, beer} is
pruned without counting.

4

H  No frequent 3-itemsets

{bread, beer}, {milk, beer}

J

-> stop

O Apriori counts candidates level by level and uses:

[ if an itemset is infrequent, all of its supersets are infrequent. ]
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Extensions to Apriori

p
1. Other Interestingness Measures
@ N - -
Lift Similarit -
6. Other Types of Patterns 1 0' @ - 2. Other Constraints
I I cc.urs n:\ore th..an Items .|n .set are
A— B—C Sequential patterns aercucaibuten petysiniay Local instead of global threshold
Ordered sequences of items Anomaly Utility Use local (e.g., per segment, per user)
Not expected, Items have different thresholds on frequency (or other
EETE] Episodes high anomaly score values/profits measures)
Ad Sets of events with temporal \
gaps l Top-k Ranking
~ ~ Return top-k patterns according to
X->Y Association rules Apriori an interestingness measure
X =Y with rt, ot
s Frequent Itemset Mining
\ J
Input: Transactions database D,
( 5. More Efficient Algorithms i) minimum support minsup 3. Non-redundant Pattern Mining
(Same Goal: Frequent Itemsets) Idea: Exploit downward closure: —— Remove redundant patterns
ECLAT / If an itemset is frequent, | | (e.g., keep closed, maximal,
i Depthsfist searchwithwertiadl all its subsets are frequent non-derivable, representative
atterns,
data format (tid-lists) P )
Output: All frequent itemsets

FP-Growth
Compress DB into FP-tree, l

no candidate generation

8}_0 PrefixSpan / SPADE 7. Applications O0 Find patterns that are specific

4. Discriminative Patterns

e
Pattern-growth for sequences O toaclassor group

(projected databases) E Qo @ § (e.g., high support in class C1
_— E and low in others)

Market basket Recommender  Fraud & anomaly Bioinformatics  Text and

Ve
-

analysis systems detection web mining

Apriori is the foundation. Research extends it by changing interestingness, constraints,
| * pattern types, redundancy handling, discriminative power, and efficiency.

—— %
h -



Bigger picture: pattern mining problems

o~

1. Single time series 4. Optimal solution
or database? / or approximate?

¥

2. Contextual GR 5. Definition of
(W) signals? oo e interestingness
' Pattern mining = S pattaring
problem
% & 5/ ( N
OO 3. Discrete, continuous, \ %  6.How tt:j ral'(ljk top-k
A or mixed data? dh nO:It-re l;n ant
| patterns? ]

X

Q

/[ \
i

) Many design choices determine the right pattern mining approach.

/
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Interpretable and scalable analysis of TS using
patterns embeddings

 PBAD [Feremans, 2019]:

 Anomaly detection in mixed-type event sequences
 PETSC [Feremans, 2022]

* Time Series Classification



What are pattern-based embeddings

Input data )

Raw time series data

. L»'Vr\/\ M'\W/\V\'WA‘/M‘ i 1

24
]

[ @ First discover patterns, then use them as features for prediction.

20



What are pattern-based embeddings

-
Input data 1 { 0 Step 1: Pretraining /

- L Feature Extraction
Raw time series data <
Pattern discovery on

Series 1 time series

se‘riejj‘. i 3 i TR S i
AR W WINYIVY
el L e S s

Series 2 Cal o TR T R

VAN AN AL
WA T,
TR AL

Pattern 1 Pattern 2 Patten 3 Pattern 4

A AT

Find recurring or informative
patterns in the data

EJ /ﬁ fjww ”\IA [ Discover: patterns ]

[ @ First discover patterns, then use them as features for prediction.




What are pattern-based embeddings

Input data )

Raw time series data

Series 1 Pattern-based
B = features / embedding
0 ‘/AV)‘/\V/\/\'V\/\
_z_v ) \ Pm1'mm2jvamemslpanem4]
0 50 100
Time Series1 | 3.2 1.0 25 0.6
Series 2 -
2 Seies2| 07 | 28 | 11 | 19
0 \/NV /‘W\ seies3| 16 | 09 | 22 | 13
v \AN)\‘ ‘ ) —— n
S— ey o s % " "
0 50 100
Time
culiss SeisN| 11 | 17 08 10

2

°J /\J'W\WIM’\IA [16 09 22 13]
-2 (Example embedding vector
for Series 3)

Use discovered patterns
as features

[ @ First discover patterns, then use them as features for prediction.
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What are pattern-based embeddings

Input data )
Raw time series data
S
2 ,___S_e_f\ieﬂ e Step 2: Prediction
0 i/}‘/‘ M Machine learning model
Wf__fw\ \
24
0 50 00
Time !*
2
5 WW/\M‘W/\\, /‘w 2 @ —
] b
Tm ML Model
> Series 3 [
i )
: Wi ExBE@
2
0 50 100 Pattern-based
Time features / embedding

[ @ First discover patterns, then use them as features for prediction.

23



What are pattern-based embeddings

2

o

N

o
a3

Input data 1

Raw time series data

Series 2

o1 A%\ /NM\V/\WM/%‘ R

Time

Series 3
2
=2
0 50 100
Time

Machine learning model

(&

ML Model

T

DT

Pattern-based
features / embedding

S
Q Step 2: Prediction

Time series
classification

Example: PETSC
(Pattern-based Embedding
for Time Series
Classification)

(e
1] |

e

3
Anomaly detection
Example: PBAD

(Pattern-Based
Anomaly Detection)

> Anomaly

[ @ First discover patterns, then use them as features for prediction.

24



Data

PBAD
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Pattern-based anomaly detection in mixed-type

Preprocessing

Frequent
Pattern Mining

Pattern-based
Embedding

Isolation Forest

time series

SZ
o oe o oe oe
Strange?
1 1
X /\ Y, /\ v
Support=2 Support=2 ~ Support=5 \
oce 2 [}
Y52 Support=3 X Support=5
Maximal Sequential Patterns Maximal Itemsets
Lo
LA Xslo) Y,4(1.0) Xs}(0.9) Y:4(1.0) Xs1(0.8)
Y(0.8) Y1(0.9) Y1(0.9) Y1(0.8) Y1(0.9)
F2 o x ce X o x ce X oe X
Y2 Y2 Y2

Depth
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Pattern-based anomaly detection in mixed-type
time series

« Unlike compared baselines, PBAD jointly models continuous
time series and event data. By combining patterns with
contextual features, such as events, alarms or

multivariate signals WW

"z:‘. L3 ¢ : %

« In our 2019 study, PBAD outperform time series anomaly
detection techniques, including MatrixProfile, Pav, Mifpod
and FPOF.

QO

27



TIPM: Pattern mining and anomaly detection in
multi-dimensional time series and event logs

Cont. time
series A

Cont. time
series B

Event
log

Time series
representation

Segmentation
& Filters

Anomaly
detection

Anomaly
scores

Fig. 2. Workflow of our framework.

Pattern
mining

Pattern
set(s)

3 c 25 bitbucket.org/len_feremans/tipm_pub/src/master/
& Bitbucket [« ‘ Q Search
® Foryou & Len Feremans / Untitled project
@© Recent > t|pm_pub
{1 Pull requests
- TIPM: Interactive time series pattern mining and anomaly detection
& Repositories
Built-in
constraints
External
constraints
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PETSC: Pattern-based embedding for time series
classification

) & > <iiine-
4 4
SAX |oa bc ‘ abc | F(abc)
At » bad ”| badb "| F(badb)
bbd
e Ry Elbdbl
e e T
SAX aaaab aaa | F(aaa) W, F(abc)
At/2 » bbacc | bbaccd "| Fbbacc) + w; F(badb)
bbbcd bbb F(bbb) + w, F(aaa)
e g 7 T g
Ditabasa 6f < D c 2 < D Linear model based on
s e SAX | aaaaa | aaaaaa | F(aaaaa) sequential patterns in
At/a > bbbcb | bbbcc F(bbbcc) each resolution
Bebch bcbcbe F(bcb)
—_ —_— e An ensemble
Database of Cohesive Embedding By H
short symbolic sequential based on pattern com bl ni ng d Iffe rent
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PETSC: Pattern-based embedding for time series
classification

 Competitive accuracy compared to deep learning and
ensemble learning (2022)

12 11 10 9
]

8
'

1
|

26 multivariate
DTW I 9.8462

datasets

31308 ROCKET

RI S_E 8.2692

CBOSS 7.9038

F 7.7500

DTW D 7.0769

22038 HIVE-COTE

4.5769 CIF

5.134¢ \MR-PETSC
5.9615 ResNet

QR§ F 7.0385

14 13 12 11 10 9

8 7 6 5 4 3
|

6.3077 STC

85 univariate

P1 2.3294

SAXVSM12.0471

10.5412

MrSEQL L2zt

datasets
4.2%88 H|\VE-COTEWV1

42824 ROCKET

MR-PETSC =12

44050 TS_CHIEF
2978 InceptionTime

6.4588 ReSNet

cBOSS L&z

6.9882 S_BOSS

BOSS 7.6412

12882 ProximityForest
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PETSC: Pattern-based embedding for time series
classification

* Order-of-magnitude faster compared to most deep learning
and ensemble methods

ROCKET MR- PETSC CBOSS MISTICL MR- SEQL INCEPTION TIME PROXIMITY FOREST TS- CHIEF

Total time 1.4h  2.7h 19.5h 20.2h 23.7h  6d 11d 11d

Total time for training and predictions
on 85 univariate datasets
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PETSC: Pattern-based embedding for time series
classification

2.0 2.04

1.54 1.5
1.0 4 1.0 4
0.5 0.5 1
0.01 0.0
o o Interpretable decisions

0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140 case-by-case!

Gun Point

Z 3 Highlight part of time series
1 . typical of class A or B
0 0
1 -1
2 - - T T T -241 . - . -

0 20 40 60 80 0 20 40 60 80

Normal Ischemia

1.54 1.5
1.0 4 1.0
0.51 0.5
0.0 1 0.0 1
—0.51 —0.5
=1.01 =1.0 A
-1.5 T T T T T T -15 T T g T T T

0 20 40 60 80 100 120 0 20 40 60 80 100 120

Pattern A Pattern B



PETSC: Pattern-based embedding for time series
classification

N o
¢

\ S

\\v/ \7?
J
0. 4

b

Q
VAN

v

S
{

o )
Y 5
) 4

=

Y

\
Y
N
o

7z CVL,

J

——— P-0: w=-0.27, sup(Beetle)=10
—— P-1: w=0.20, sup(Fly)=0
—— P-2: w=0.23, sup(Fly)=1
—— P-3: w=-0.61, sup(Beetle)=9
— P-4: w=-0.01, sup(Beetle)=9
P-5: w=0.09, sup(Fly)=9
——— P-6: w=-0.01, sup(Beetle)=10
—— P-7: w=-0.05, sup(Beetle)=8
P-8: w=-0.60, sup(Beetle)=9
—— P-9: w=1.00, sup(Fly)=5
——— P-10: w=0.28, sup(Fly)=7
—— P-11: w=-0.14, sup(Beetle)=3
—— P-12: w=-0.11, sup(Beetle)=9
—— P-13: w=-0.32, sup(Beetle)=10
~—— P-14: w=0.40, sup(Fly)=4
—— P-15: w=0.39, sup(Fly)=6
—— P-16: w=0.40, sup(Fly)=6
—— P-17: w=0.09, sup(Fly)=5
—— P-18: w=0.22, sup(Fly)=8
P-19: w=0.18, sup(Fly)=2

Interpretable model!

Show patterns typical for
classAorB



Temporal patterns for prediction

78 B i N (- 2 ‘
Raw temporal Mine temporal Pattern-based Prediction ' Prediction
data patterns features model tasks

@ _),O::qﬁlr _’{a% B @

AN AT s 4 BE N R

,
t Time ) L ) L ) | Al Classification
A Anomaly detection }
CO. Recommendations J
/‘/' Competitive Efficient E] Explanations linked to
accuracy computation “Q  observed temporal patterns

Use temporal patterns as features for downstream prediction tasks.
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Finding motifs in time series

- Find the best motifs approximate and exact

- Find the best collection of motifs using MotiPlus and MotiSet



Motivation

* Existing motif discovery methods

X Use heuristics

X Lower accuracy on top-k discovery
X Sensitive parameters

v Quadratic runtime performance.



Motif mining

— Variant of Apriori
Motif set mining

— Variant of Clustering

Motivation

39



Motivation

 We want to discover the top-k most interesting motifs
— Example: Lyrics and instrumental sections in music

La Isla Bonita: Last night | dreamt of San Pedro

WWWW

La Isla Bonita: It all seems like yesterday, not far away

WWWW

La Isla Bonita: Tropical the island breeze

WWWW



MotiPlus and MotiSet: Discovering the Best Set of Motiflets

in Time Series

Len Feremans, Adrem Data Lab, University of Antwerp, Belgium
Patrick Shafer Humboldt-Universitat zu Berlin, Germany
Wannes Meert' DTAI Research Group, KU Leuven, Belgium

u bitbucket.org/len_feremans/kmotiflets

Motif discovery: Find repeating subsequences with high similarity

4

| MotiPlus(ts,length=128,k=3) |

1 [N ] i ]

> — = O

Find best motifs Filter motifs on Find the top-k
(local motiflet) novel quality motifs
/\ measures /\
Approximate: Exact: K-closed MotiPlus:  MotiSet:
Gree A*
Greedy DFS with pruning ST dy

Existing approaches have
limitations

. Existing motif discovery methods such

as GrammarViz, MMotif, Motiflets and
LoCoMotif:

Have lower precision and recall on the
TSMD-benchmark.

Performance varies widely with sensitive
parameters such as the distance threshold.
Uses heuristics for discovering motifs and
collections of motifs.

Have excellent runtime performance.

MotiPlus and MotiSet are novel
algorithms that discover a set of motifs

Have increased precision (+27%) and recall
(+10%) on the TSMD-benchmark.
Easy-to-tune stable parameters, i.e. maximal
size of motif and motif collection.

A* search and exact motif search guarantee

optimal motifs and sets thereof. F——

Greedy and anytime A* algorithms have |
excellent runtime performance.
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First contribution

* Novel definition of the best motif and quality constraints, i.e. local motiflets
* Discovery algorithm

Scovery algorithms Define the
best motifs

Discover the
best motifs

Approximate: Exact:
Greedy DFS with pruning

0(n?) 0(n")



Find k-motiflets
[Schafer and Leser,
2022]

LA B IAL LA

L . . . : )
100 200 300 400 500 600 700 800 900 1000
Time

k-motiflet: Candidate motif with k non-overlapping subsequences with
highest similarity*

*measured using maximal pairwise z-normalized euclidean distance



Find local motiflets
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Local k-motiflet: Rank on similarity and not redundant to other local k-
motiflets

K-closed

Filter motifs on novel
quality measures Self-sufficient [Webb, 2010]



Search for motiflets
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Approximate search

Exact search

Monotonicity: If motif {A,B} has a high

distance, any superset of {A,B} will also have
a high distance



Search for motiflets

Motif discovery is discrete, there are N-
window_length+1 candidate subsequence

900 1000

Sliding window
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Next, we compute the
similarities between all
subsequence pairs

Time Series

‘XI‘XZ‘XS‘XA‘X5|X6‘X7|X8|X9‘X10|X11‘X12‘

=[]

e
EEEEEEE 2

Matrix Profile Distances

‘ D1,2




Optionally, exact search for motiflets

« Depth-first-search to find set of
occurrences {A,B,C} having the lowest
distance

 Pruning
« Initialize upper bound on
distance using approximate
solution
« Based on monotonicity of
distance
« Trivial overlap

 Results
« Feasible up to K=15
 Greedy search is highly accurate




Second contribution

Novel algorithms for finding the best top-k collection of motifs, greedy or anytime

Find the

best motifs Find top-k motifs

Approximate: Exact: MotiPlus:
Greedy DFS

MotiSet:
Greedy A*

51
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Top-K motifs?

Which 2 do we want to keep?
Many small motifs or few large motifs?
We don’t want redundant motifs...

Multiple competing quality objectives:
« High intra-similarity
« High diversity or low inter-similarity



200

I
400

L
500

Time

Multiple competing quality objectives:
» High intra-similarity
» High diversity or low inter-similarity

1. MotiPlus: Greedy search
« Time complexity: O(n?2)

2. MotiSet: A* search
« Time complexity: O(n™)
where m is the total number of motifs



w

MotiPlus (Greedy Algorithm)

Algorithm 1: MoTIPLUS: Discovering the top-m motifs

Find best motif add it, then add
next best motif that is not
redundant, etc.

— Efficient: m iterations

Compute distance matrix and find local
motiflets

Ranks local motiflets:

— lowest extent

— Not overlapping in time domain
Apply filters:

— k-closed

— self-sufficient

1

[
© © N O A WN

11
12
13
14
15
16
17
18
19
20
21
22

23

Input: A time series T', motif length [, number of motifs m, the maximum
motif size kmaz
Result: Set S with up to m motifs

procedure MoTIPLUS(T, I, m, kmas)
D <« CALC_DISTANCE_MATRIX(T, )
index «— K_MOTIFLETS _HEAP(T, D, l, kmaz)
S {)
for i< 1tom do
S; — BESTMOTIFLET(T, index, S, kmaz)
if S; = J then
| break
S —Su{S:}
return S

procedure BESTMOTIFLET(T, indez, S, kmaz)
C—{}
for k< 2 to ke do
for Sy € indexz[k] sorted on extent do
if non-redundant(Sk, S) A k-closed(Sk) A self-sufficient(Sk) then
C«—Cu{Sk}
break
else
| index[k] « index[k]\{Sk}
if C = {} then
‘ return O

S « argmaz elbow(k)
SeC

return S




MotiSet (A* Algorithm)

Find optimal set of motifs with minimal value
VS cS8:f(S) < f(S)

Value of set of motifs: f(S) =norm(smpd(S)) — v - norm(smod(S))
Yo ZLi’“' man_dist_in(T; 1, Sk)?
— High intra-motif similarity (compactness) smpd(S) ==+=1 1Zm 1S5]
k=1 1~k
— Low inter-motif similarity (diversity) smod(S) = Z min_dist_out(Sy, T)?
k=1

mz’n_dz'st_z'n(fl},l,Sk) =min({z-ED(Ti,l,Tj,1) ‘ T € SL A T;1 # Tj,l})
min_dist_out(Sk, T) =min({z-ED(T;1,T;1) | Ti1 € Sk A Tj1 € T})

In practice we stop the anytime search early under a search budget
(e.g. 10.000 iterations)



MotiSet (A* Algorithm)

A* search [Hart, 1968]



Results: Music Data

MotiPlus uncovers recurring lyrics

Higher Jaccard similarity than state-of-
the-art methods

More similar and diverse motifs,
better coverage

Example: La Isla Bonita by Madonna

La Isla Bonita: Last night | dreamt of San Pedro

Wmnmwmww

. - ¥ 1
—— motiflets++: 0.442

La Isla Bonita: It all seems like yesterday, not far away

WWWWM

stomp: 0.478

La Isla Bonita: Tropical the island breeze

WWWN”WMM

fi A fi A

—— motiflets++: 0.826 - |
locomotif: 0.206 D ‘ ’

La Isla Bonita: All of nature wild and free

WWWUWWM

Fi I f 1 i
stomp: 0.221
mm motiflets++: 0.765

locomotif: 0.217
57



Results: TSMD-benchmark [Van Wesenbeeck,
2026]

ecgb000 fungi mallat
MOTISET I = 1 T
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Results: TSMD-benchmark

Dataset F1 Precision Recall

GRAMMARVIZ 0.234 (—l—-0.097) 0.264 (—I—-O.196) 0.321 (—I——0.088)
MMOTIF 0.314 (+—0.058) 0.400 (+—0.106) 0.323 (-I——0.061)
MOTIFLETS  0.498 (+-0.104) 0.719 (4+-0.125) 0.403 (4-0.094)
LoCoMoTir 0.565 (—l—-0.232) 0.604 (—I—-0.268) 0.564 (—I——0.195)
MoTiPLus 0.552 (+—0.094) 0.543 (+—0.125) 0.621 (+—0.087)
MOTISET 0.586 (+—0.097) 0.773 (+-0.068) 0.531 (—|—-0.108)

* MotiSet has highest F1 and precision. MotiSet is slower taking 30 min on
average.

e MotiPlus has highest recall. Runtime MotiPlus is under 2 min.

* LoCoMotif highest F1 on some datasets possibly due to its use of Dynamic
Time Warping. Takes 10 min on average.
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Motif discovery: key take-aways

on TSMD-benchmark

"
/(Q Benchmark gains
»

~

na MotiSet:

W, +27%

precision

e MotiPlus:

VWV - +10%
e recall

N

all
&

@ Why this matters

Q e better motif quality

e more useful
top-k results

e clear trade-off
between accuracy
and efficiency

N

-

@ Optimality guarantees

Exact motif search
@% guarantees

optimal motifs

. A* search
A guarantees

optimal motif sets

~

Motif discovery benefits from better quality measures,
efficient search, and exact optimization when needed.
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