Temporal Skeltonization on Sequential Data
- Patterns, Categorization, and Visualization -
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Sequential Pattern Mining
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— Skelton ~ Temporal cluster
— Temporal pattern: series of events, time-series data
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Graph Cut & Spectral Clustering
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Temporal Graph

/ DEFINITION 1  (TEMPORAL GRAPH). Let G be a wez’ghted\

graph G = (V| E) with vertex set V =S and edges K. The
1-th node of GG corresponds to the 1-th symbol e; in the sym-
bol set S. The weight of the edge between node 1 and node j
is defined as the ij-th entry of an |S| x |S| matriz W, where

W, = D 5(|llei, Sn) = e, Sa)| < 7). (2)
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1<n<N
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Here, we say e € S, if thexsymbol e can be observed in the se-
(e,5n) € {N2,---,T,} is the corresponding

/

quence S, and { ,
wcatz'on of € 1n the sequence
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Temporal Skeltonization Problem

/ PROBLEM 1 (TEMPORAL SKELETONIZATION). Given a h
of sequences {S,|n = 1,2,--- N}, we want to find a new

encoding scheme of the symbols e € §, denoted by the map-
pingy = f(e) € {1,2,--- | K}, such that when encoded with
f. the temporal variation of resultant sequences 1s minimaized

min Y > (fsp) = fGs))® ()

1,2,....K N
yel P S 1<p e,
lp—q|<r

Here r 1s a pre-defined integer that controls the range that
local sequence variations are computed, and the cardinality

of the encoding scheme, K, 1s a pre-defined integer that is
much smaller than that of the original representation |S|.




Temporal Skeltonization Problem
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— 5 groups {A,B,C,D,E}, each of them has 25 symbols

— 5000 sequences
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Figure 3: FSM algorithms on the simulated data.




— 5 groups {A,B,C,D,E}, each of them has 25 symbols

— 5000 sequences
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(a) The temporal clusters. (b) The sequence clusters.
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7) T—23>NIEICTIESD 5 LY
Cluster | Top keywords Size
o1 Official Website 12
Co Corporate Event, Direct Marketing Mail | 20
03 Trial Product Download 45
Cy Conference 27
’5 Unsubscribe 38
Cg Webinar 101
C~ Trial Product Download 70
08 Tradeshow 37
09 Corporate Event, Direct Marketing Mail | 65
Cio Web Marketing Ads 13
Ci1 Webinar 21
Cio Webinar 42
C13 Search Engine 12

Table

3: The semantic annotation of event clusters.
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