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B SRR ni(@)| = |mo(a)|, RIIE BH 06 T 15 755 ot 48 1 3 7 B8 AR by R hyag 5 by R SR /NRAE U By D By —
JE A2 AR A R AR FRAT S F ROUEVEAIE B RA) by R B /N AR BT LA hit) <hiaa (1), 3 1<k < || B 1y T Bjuy A
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SRR Ry T by — 58 A2 AEAS B R AR, NTTUE B T |ni( &) = |mo( ).

HUAE W Imn(a)|=|no(a)|. 3 T no(a) AR —ANRAE h A7 h /N RAE N hemn(a), &5 W AR HEHES 2,—
TEAFAE— AN RE B IR h ()=h(l)- B3R 05 no(a) I F A R A 2 AR B & (WX R 8, B HAE R B R AW
WHZ DS T AR B kA IR B fmn(@)| = [no(@)| R ¥ |mn( @) |>|no(a)|, BB no(a) A 72 affy 3F B 8 K A4 i i
KE, X 5HEW 4 7 & H I |mn(e)|=|no(a)|.

IS5 UE B |mo(@)| = |mn(a)|. R A mn(a)H B R A #B 2 fe /N KA B B mn(@)emo(a), Bl [mo(a)| = |mn(a)). O
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FATIAE FH SCHR[20,20] 0 & e 4 5 0 SR B AR SRk b AT SRR VP Al 0 T4 R 4R, i e A 1IBM & R
Yo A R #: Quest Market-Basket MR AER T B B NEATHIAE 5 FE 4@ id % E D=0.001,C=300000,
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i 7 H I HE Lk FEM-DFS FISCRR[19]4 H (1 53 Ch il J5 (8, fRi Bk >y FEM-BFS) I 25 P B8, 3 7
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Fig.2 Average runtime vs. support threshold
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Fig.3 Average runtime vs. window width
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Fig.4 Average runtime vs. sequence length
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Fig.6  Average memory vs. window width
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Fig.8 Episode number vs. support definition
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