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tme window skze
frequency tweshald
* min-cont

b s

Frequent Episode Alg.

time Window, eventwidnow

t Time Series Data I

ﬁndet&ode

v
find frequent episode "
) ) ASSOCISIIOH Alg. ”Sequenhal Pattem Alg.
- - Periodic Pattern Alg.

E : o[WlER39 g ={ABC.,,...)
O @ (A= Azt t o] LA oJHE A
S A olWIE@ B FE=(TsTe)

= {(At1), (A2,t2), ..., (Antn) }
oq71d Ai € E, i=1,2,3,~ ., n
Ts : start time of event sets

Te : end time of event sets
Ts < ti £ Te
LengthTime(S) =

CountEvent (S)

Te O Ts
# of Event in §
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VI(Ai,ts, te) = {(ALt), (A212),...,(Antn) }:
AN H =M AFERAA
VT(Ai, ts,len) = { (ALt1), (A2t2), ..., (Alentien) } :
DH|NEYE G Ao} FHFERARM
CVTS: FEAZENH A
SVT : SVT(Sigi,tm) : Signed 73 EH A M.
tm: ZFFEYRRANSEI 6 o HFAZL
Si: ZHMFE@AAte] o|HE sfHESL WE
3 A= gt

10

SIGN : | Eo] N EA ¥H¥E z=H=(S1, 82,.)
5, ElgllzZo| 2t OHER TS ZO|

Avjgra ol AzFrRoE M E@—‘.‘ ae #AE
AQA7b 2 Ao oMEZ ALENDHL FAGAQ

7Y7 HaF ZAolth 7)) 7\3 % % ©] (Overlapping
depthy & AHE3te] ERHEE THIT

w3 (Ai,ti) , i=ts..te ,ts2 Ts , te < Te: timewindow

lengthT(w) : ts — te - time window size

countT(w) : # of evnet in a time window w

£ :3 (Ai,ti), i=0s..0e 'eventwindow

s @ ERRAAL AZtolHELA

lengthL{¢ ) : Oe’s t- Oe’s t

countL(£{ ) :#ofevnetin atime window w

overlapping depth : 7} E W BRAte] AAAE.

Dt :overapping depth for timewindow, time unit

D¢ :overlapping depth for eventwindow,event unit

6. LYD2E

Algorithm Mainl for time window
Input: S— BT AAF oHNE FF
windth ~ time window size
depth— 73 E-#HA overlapping depth
Output:VTS - Virtual Transactions
SVTS - Signified Virtual Transactions
Method
//find event type from S
E= findEventtype(S);
//find candidate Virtual transactions
CVTS=CVTransactionWin(E,S,width,depth)
//split CVTS ,if it has a cyclic events
VTS=SplitCyclicEvent(CVTS);
/fwrite VTS for association Alg.
WriteVTS(VTS);
//signify event pattern & pluning single event
SVTS=SigmfyVTS(VTS)
/hwtite SVTS for periodic,sequential Alg.
WriteSVTS(SVTS);
{/fwtire mapping information, SIGN&pattern
WriteSignPattern();

Algorithm Main2 for event window
Input: S— AT AAL oWE AY
windth — event window size
depth— 7} EWHEM overlapping depth
Output:VTS - Virtual Transactions
SVTS - signified Virtual Transactions
Method
//find event type from S
E= findEventtype(S);
//find candidate Virtual transactions
CVTS=CVTransactionEvent(E,S,width,depth)
-- same logic above Mainl's Alg.
ol 17 4 olE $9 duYFEE =EJ}T AT

[ Time Series Data | | oo v

FxwindowOr fixevent

lwindow size event window l
[ segment In size of widow |

with averlapping levet
[

segment in length of events
with ovedapping levet
J

¥
rvcandidate virtual transaction |
| findg cyclic event in the candidate virtual transaction ]
[ set transation’s timestamp with mean of events at each transaction J

[virtuat transactions for Association |
¥

|Pruning the virtual transaction (frequency is only one) and signify transaction ]

\mtuar transachons io( F‘e;mchf:/ Sequnce

Virtual Transaction Generator

ote) Al B3 EILUAZRG HNEAESE o3
¥ 5 gl
o) timewindow size =5 , overapping depth=2
VT AL VTs
Ts I ] Te
<l } 1 1 1 ] 1 i ] ] ]
1 I 1 1 1 1 1 | T 1 1
1 2 3 4 5 6 7 8 g9 10 11 t
A B C A D B E
IW—L:JVT__I
a3y 2
VT1={(A,2),(B,3), (C:4),(A5) }
VT2 = {(B.,3),(C4), (A5),(D,7) }
0ll) event window =5 , overapping depth=1
vTz
[ VT
Ts I 1 Te
i l { L i | l
1 I I T 1 [ LB
1 2 3 4 5 6 11 t
A =] C A
| {
VTs L
a9y 3

VT1 = {(A2),(B,3), (C,4), (A5), (D7) }
VT2 = {(B.3), (C,4), (A,5), (D,7),(B,8) }
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