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1. Approaches for Pattern Discovery 2. How to mine patterns from numerical data?

: . e Numerical databases are widely used in a large number of fields
/ Exhaustive pattern mining Drawbacks: \ y J

o " _ _ e Use the interval pattern language to represent informations from numerical data:
I . e High computational cost
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/ Pattern sampling
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e, % 7 | e Control on the resulting Example
- * | Number of patterns > cover(([158,155], [73,76], (52,801 )) = { g1, 94 }

Interesting

o g_o?t_fllt?d sampling > freq(([[153,155] , [[73,76] , [52,80] )) = |{ g1, ga }| = 2
patter space istribution
/ » desc({ g1, 94 }) = ({183,185}, [[73,76] , [52,80] )
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3. State of the Art

4. Frequency-Based Interval Pattern Sampling

e Goal: compute the sum of frequencies of all interval Pre-processing

: . . : : Example:
StOChaStIC methOdS. patierns i search Space WIthout enumesation Let us consider attribute m1 and object g1. The
value 155 can be:

e Equivalent to counting the number of patterns

e Graphs: [El Hasan et al.VLDB 2009], [Bendimerad et al., ICDM 2016] covering each object g € G : > Alowe: [155,167], [155,176], 155,190 ot | Moot e
e Formal concepts: [Boley et al., DSM 2010] NiP@) = TT T e . s > An upper bound : [153, 155) T
. . . ' meM ' | | » Strictly included : [153, 167], [153,176], [153, 190] | &2 2
® TlleS. [Bendlmerad et al, IDA 2020] UWgm) = {v ENm | v < vg.m} o | 190 76
such that { = o » Both lower and upper bounds : [155, 155]
A(vg,m) ={v € Nm | v > vg,m }

The number of intervals for m1 including 155 is equal to 8

- : : Step 1 Draw an interval '
’ . . E Draw an object proportionally to its NIP value . pattern uniformly
Declarative method: No sampling approach for Height Weiaht Age T NTP(o) Height Weight ~Age | N1P(s).
e Itemsets: [Dzyuba et al., DAMI 2017] interval patterns | e e |
e 176 35 vz 588
o T 99 74 TR A
g3 :g; ;2 gg ;38 gs 100 99\ 76 260\
Multisteps methods: % 190 99 76 | 260 y \ v

e [temsets: [Boley et aI., KDD 201 1] e  The object 92 is more likely to be sampled <[155, 190], [74, 99], [74, 76]>

e Sequences: [Diop et al., ICDM 2018]
e Numerical data: [Giacometti et al., SDM 2018]

Theoretical

® Extending FIPS with hyper-volume using the IPH function:
I(vom)={veNn|v<vem} Results

IPH(g) = H ( Z -"'|1("g.m)|) _( Z v""-]("g.m)l) SUCh that
meM \xeJ(vgm) xel(vg.m)

J(Vg*m) = {V eMn | V2 Vg.m}
e  Theoretical proofs for the sampling distributions

5. Experimental Results
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6. Future Directions

@ e Extending our approach to other interestingness measures like density e Incorporating our approach in interactive mining approaches

e Sampling patterns under constraints e EXxploring the use of sampling in machine learning contexts



