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Motivation

• Pattern mining : finding regularities in data

• « Habits »
• Regularity in the actions performed

• Temporal regularity between occurrences

• Different problem for pattern miner
• WHAT is repeated => HOW is it repeated
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Periodicity

• Pattern P is reapeated (as usual) => has occurrences

• Some temporal property between occurrences
• Sequencing
• Timestamps

• Periodicity (naïve version) : constant inter-occurrence delay
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This talk

Several approaches on periodic/near periodic pattern mining

• Condensed representation for mining periodic pattern with gaps

• Nested periodic pattern mining with MDL

• « Signature » patterns
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How periodic is your set-top box?
Analyzing the execution of a video decoder
Patricia López Cueva, Aurélie Bertaux, Alexandre Termier, Jean-François Méhaut, Miguel Santana: Debugging
embedded multimedia application traces through periodic pattern mining. EMSOFT 2012: 13-22

Particia López Cueva, Debugging Embedded Multimedia Application Execution Traces through Periodic Pattern 
Mining, PhD, 2013.

Slides adapted from Patricia Lopez Cueva
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Context

• Data : execution traces of set-top boxes
• System level info : interrupts, context switches,…

• Applicative info : start/end of (some) high level functions

• Application : video decoding

• Problem : 
• Understand complex periodic behavior of video decoding software

• Determine when the periodicity is broken
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Data

Execution trace =
Sequence of 
timestampped events

Cut into windows

Transform into
sequence of itemsets
(window -> itemset)
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Pattern building block : the cycle

Repeated events Period Start offset                     #repetition
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Periodic pattern

Many redundancies
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Redundancies in periodic patterns defined

1. All subsets of the itemset part

2. Combinations / multiples of 
the period
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Towards a condensed representation

• Too many redundant patterns -> condensed representation
• Closed periodic patterns ?

• Pb : cannot compute classic closure with (Itemset, Period, Transactions)

• Solution : move from diadic to triadic !
• Based on a ternary relation
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Triadic representation
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Core Periodic Concept [EMSoft 2012]
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Core Periodic Concept [EMSoft 2012]

CPC = condensed representation of all periodic concepts 19



Mining Core Periodic Concepts

• Solution 1: [EMSoft 2012]
• Use DataPeeler (Cerf et al., 2009) to get triadic patterns

• Postprocess to filter CPC

• Solution 2: [López Cueva PhD, 2013]
• Direct mining of CPC

• Based on LCM/CbO enumeration strategy

• Proven poly-delay time, poly space
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Application on real execution trace

Trace of STi7200 stb
500k events
-> 13k transactions, ~8 
items/transac
Mining 10% -> 195s
758 CPC (20k per pats)
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A visualization of CPC
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How periodic are we?
Analyzing the life of Sacha
Esther Galbrun, Peggy Cellier, Nikolaj Tatti, Alexandre Termier, Bruno Crémilleux:

Mining Periodic Patterns with a MDL Criterion. ECML/PKDD (2) 2018: 535-551

Slides adapted from Peggy Cellier
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Motivations

• Previous work: we wanted few patterns

• With CPC, we still have 1k patterns…

• H. Arimura, at the defense of Patricia Lopez Cueva: 
• « Periodic patterns should compress well the data » 

• => Periodic patterns + MDL à la Krimp?
• Should give fewer patterns

• With good representativity of the data
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Motivation, #2: data of Sacha Chua

http://quantifiedawesome.com/records
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Simple periodic pattern in activity trace
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Cycle, again
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Noise tolerance
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Problem statement v1

• Input
• An event sequence

•Output
• A representative collection of cycles
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Introducing cycle cover

35



Problem statement v2
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What cost?

• Many possible choices for cost

• Our cost: based on the MDL principle (Grünwald, 2007)
• Comes from Information Theory

• Based on compression
« more representative structures allow better compression of data »

• Good results in model selection…

• …especially for pattern mining! 
• cf works of Vreeken, van Leeuwen, Siebes, Tatti…
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Alignement of MDL and our problem

• Classic MDL formula

L(Data, Model) = L(Model) + L(Model | Data)

where L(…) = description length in bits  - called encoding

• Our problem

• Paper explains our encoding L(…) in detail
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More complex patterns
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Nested cycles
Tree structure



Tree representation
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Tree representation
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Update to problem statement

• Problem statement updated: cycles -> patterns

• Encoding L(…) defined for the tree patterns
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Algorithm 1/2

• Start from cycles (easy to extract)

• Combine them:
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Algorithm 2/2
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Some qualitative results

45https://arxiv.org/abs/1807.01706: long version of paper -> detailed theory and 30+pages of experiments

https://arxiv.org/abs/1807.01706


How periodic is your shopping?
Analyzing your market basket tickets, v2.0
Clément Gautrais, René Quiniou, Peggy Cellier, Thomas Guyet, Alexandre Termier:

Purchase Signatures of Retail Customers. PAKDD (1) 2017: 110-121

Clément Gautrais, Peggy Cellier, René Quiniou, Alexandre Termier:

Topic Signatures in Political Campaign Speeches. EMNLP 2017: 2342-2347

Signatures: detecting and characterizing recurrent behavior in sequential data, Clément Gautrais PhD, 2018
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Motivations

• Detection customer habits in market basket data

• => what are the favorite products of customers?

• => how often do they replenish these products?

• Challenges
• Few results (ideally, ONE pattern with the set of products)

• Robustness to noise
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Example from real data
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Signature model intuition
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Sequence segmentation
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Segment representative
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Adequation
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Signature problem statement
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Example
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Example
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Example
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Signature mining
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Dynamic programming

• Dynamic programming [Bel13]

• Optimization method based on sub problem decompositions

• Find argmax
𝑆∈𝒮𝑛,𝑘

𝐴(𝛼, 𝑆)

• First solve argmax
𝑆∈𝒮𝑛1,𝑘−1 ∀𝑛1<𝑛

𝐴 𝛼, 𝑆
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Dynamic programming (level 1.1)
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Dynamic programming (level 1.2)
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Dynamic programming (level 1.3)
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Dynamic programming (level 1.3, in 
depth)
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Dynamic programming (level 2.1)
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Dynamic programming (level 2.1)
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Dynamic programming (solution)

• In practice
• We build the matrix row by row(increasing k)

• The signature is in cell [𝑛, 𝑘]
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Extensions

• Sky-signatures: based on pareto dominance / skypatterns
• See EMNLP’18 paper

• With an interesting analysis of Trump/Clinton campaign speeches!

• MDL signatures: find THE best signature
• Joint work with Matthijs van Leeuwen

• Paper should be accepted at some point…

• For the impatient: see PhD of Clément Gautrais
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Example signature (real customer data)
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Signature VS periodic patterns 
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Real use case – Instacart data (Kaggle)
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Real use case – Instacart data (Kaggle)
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Real use case –
Instacart data (Kaggle)



Conclusion

• Three approaches for mining temporal regularities presented
• Quite strict cycles, gaps allowed between cycles, transaction data, condensed

representation

• Tolerant + nested cycles, sequence data, MDL

• Segmentation, transaction data, optimisation/Pareto/MDL

• Many other interesting problems await

• Surprisingly few people in that research area (since 1999)
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Perspectives

• Robustness, robustness, robustness
• Most periodic pattern definitions break to easily

• -> prevent the discovery of more general/covering patterns

• Take into account domain knowledge

• Provide easy to use implementations
• Introducing the Scikit-Mine project
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Thank you for your attention!
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