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My Motivation

® |nvolved in industry cooperation

® [ime-stamped event data
(E,1),(A,12),(B,15), (C,25), (D, 26), (A4, 36), (B, 38),. . .)
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My Motivation

® |nvolved in industry cooperation

® [ime-stamped event g
<(E7 ]-)7 (A7 12)7 (7

@ Apbroac
LA Li (P Sl b Crifin = Nt E@ b dé |
T R85 By J1 Val

BETL 1o oY e .-;‘?‘_?‘ o il Sl i £ -.:'ﬁv‘, Syl




Going to the literature

® Guidance which approach to use - none
® Significance measures - (almost) none

® Guidance where in the output relevant




Why's that!?

® Few temporal (real-life) data sets

® | ocked by NDAs

® Real-life data sets have no ground truth!
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Why's that!?

® Few temporal (real-life) data sets

® | ocked by NDAs

® Real-life data sets have no ground truth!
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Straight-Up Solution

® (Generate diverse artificial data w/known
patterns

® Building on Laxman’s generator
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Straight-Up Solution

® (Generate diverse artificial data w/known
patterns

® Building on Laxman’s senerator] and HMMs
)
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Comparative Data
Mining

A detour to knowledge discovery

|. Get hands on real life data

2. Generate artificial data w/same




Laxman’s generator

® n sequential patterns
® |length N

(]
® a|phabet size M
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Laxman’s generator

® n sequential patterns

2 Iength N elements
: - interleavead episodes
® alphabet size M AVEC &P
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What'’s “realistic’’?

® [ime information matters
® Events might not be logged

® [here might be several patterns
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What’s “realistic

® Time information matters
® Events might not be logged

® [here might be several patterns
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® [ime information matters

® Events might not be logged

® [here might be several patterns
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Adding parameters

® Failure (to log) probability
® Maximal delays explicit

® Enforcement in episode
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Different kinds of data

HMM-generated data
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Different kinds of data

n=2, p=0.3
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Different kinds of data

Data as in Tatti, Cule '11
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Different kinds of data

Data as in Tatti, Cule '11 La rge M
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Different kinds of data

Real-life data

Occurrence Counts
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Different kinds of data

Real-life data
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Can | rebuild my data?

Real life-like data 01

I T

[72]
(O]
o
c
(O]
—
—
>
Q
O
O
Y
(®]
S
(O]
0
£
5
Z

8
Event types




Can | rebuild my data?

Real life-like data 01
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an | rebuild my data?

Real life-like data 02
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Can | rebuild my data?

Real life-like data 02 n=3, P=O3
different weights
uniform noise
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Can | rebuild my data?

Real life-like data 03
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Can | rebuild my data?

Real life-like data 03 n=3, P=O3
different weights

Poisson noise
e N
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Harder for time

HMM-generated data
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Harder for time

HMM-generated data
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Harder for time

Real life data 01
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Harder for time

Real life data 01
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Experimental results

® [ime constraint seems more important
than matching semantic

® Best case: pattern within top-10
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Beyond episode mining

® Comparative data mining: general
framework

® Currently working on itemset mining
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