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An Algorithm over Vertically Partitioned M ulti-decision Table
for Canputing Global Attr ibute Core

YANGM ing, YANG Ping
(School of M athematics and Computer Science, Nanjing Nomal U niversity, Nanjing 210097, China
Corregpondent: YANGM ing, Etmail: m. yang@njnu edu cn)

Abstract: The concepts of global decision table and local decision table are introduced A nd an algorithm over
vertically partitioned multi-decision table for computing global attribute core is presented The algorithm can
efficiently utilize every local inconsistent objects and every local discernibility matrix at each site, o the efficiency for
computation of global attribute core can be mproved efficiently. A nalysis results show the proposed algorithm is
effective and efficient
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f(x,a) = f(y,a) ‘ . \ .
f(x,D) % f(y,D),Va C}. N, NCON@. . xy 0 NCON(D),
1 DT, DM (C, X oy . U DT
M) = {mj |mi,- M mij 1, -0
DM (C,M) = Core(C), mi 2, -
, Core(C). 1 CGIC ( Computing  Globally
6 1 Inconsistent O bjects) algorithm.
’ , t Si:, LSy
, DTi= U,C D,V,f ,i=
1,2, ,t DT= uU,C D,v,f ,
t
3 cC= GCi
i=1
: U, Us:
’ Stepl:
' NCON (i),i= 1,2, ,t
31
Step2 k= 1, //
' // k
’ fori= 2to tdo
’ if [NCON (i) |< |NCON (k) | then k =
: i
’ Step3: N CON (i) X,y
’ ' N CON (i) ;
Step4: Uz= Usz=
' Xfy S for each x,y N CON (k) do
- NN = {xy | xy if Si(l< i# k< 1) X,
S b- (x| xy y  NCON (i) then
NCON (i), v,z NCON (i), f (x,D)# f (z, (

t

D)}; NCON = n NCON (i),Uz= {x]| x,y
i= 1

NCON } {y| x,y NCON},U3(=
reductionobject U 2)) ,
function reductionobject (U 2)
{Us= @;
foreach x U:zdo
if z U3 f(x,a)=f (z,a),Va
C,thenUz= Uz {x};}
4 S, X,y y,Z
, fx,D)# f(z,D), x,
z
2 t DTi(i= 1,2,
,n), U2 DT
1 :
Xy, Si X,y N CON (i)

y I = 1!21 1n- Xiy

ifx € UzthenU2= U2 {x};
ify&Uz.thenU2= U, {y};

if z Uz f (x,a) = f (z,a),
Va C,then
Uz=U: {x};
}
Step5: U, U3
1 Stepl O (mnlog");
Step2 O (n); Step3
O (mnlog"); Step4 O (n). ,
1 O (mnlog").
1 Step4d , ,
O (2(t- Dmin(|NCON (i) |)),
min(|N(1:S(i)Sl\tl (i) |)S n; t
o (min (e (- D),
: min([ci) = 2
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1 1 O
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U2 U%;
2) 7, Si
DT M [i];
3) t

L[] [
Z[J%lﬂ] e 1)[Lt’“ﬂ+ 1,

4) Sy,

mi (i
[(k— 1)[Ju—tlJ] + 1, min(k[JU_tl‘ﬂ , |u1|)] ]
[1, Ju:|+ |U%|]) mij,
cc(k) ;
5) CC (k)
Core(C).

CGAC

2 CGAC(Computing Global A ttribute
Core) algorithm.

t Si1, , Sy,
DTi= uU,C D,v,f ,i= 1,
2, ,t DT= uU,C D,V,f ,
t
C= C.
i=1
: Core(C).
Stepl: 1
Step2 fori= 1totdo
/! M [i]
create oorreponded  discernibility

matrixM [i] forDTj;
Step3: fork= 1totdo

// CC (k)

{CC(k) = ©;

for i = (k - 1)[‘1U_tl‘ﬂ+ 1 to
min(k[JU_tl‘” i) do

forj= 1to U:|+ u3|do

{my = mi;
if h‘lijlg 1 then mij,
if mj then
CC (k) = CcC(k) mij,
}
}
t
Step4: Core(C) =  cC(k). // 4
k=1
2 Stepl O (mnlog");
Step2
O(u:|(jus]+ PE]); Step3
o(JU—tlJ(|U1|+ uz)) : 2
o(mnlog”) + o (U+|(u:]+ Mi), ¢
o(lc|nlog) + o (u:|(p:]+ i), lc|
>m( t>1 )
2 Stepl  Step3 mj
,  Step3 mij )
2 1
, 2
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1 DT: DTz
S1 S2
a b D c d D
X1 0 0 0 1 2 0
X2 0 0 1 0 1 1
X3 0 0 0 0 1 0
X4 1 1 0 0 0 0
X5 0 0 1 1 0 1
X6 0 0 0 2 0 0
X7 1 2 1 0 0 1
X8 0 2 0 2 0 0
S1 DT.: 8 ,
a b, D; S2
DT: 8 , c d,
D. 2 :
StepL: 1 NCON (1) = { x1,x2,
X2,X3 , X3, X5, Xs,Xs }; NCON (2 = { Xxa,

X3 , Xa,X7 }; NCON = { x2,x3 }.U1= {xu,Xa,
X5, X6, X7, Xg},U2= {Xz,Xs},U%: {x2}.
Step2:

M [1] =

X1 X4  Xs X6 X7 Xs X2
X1 %) %) %) @ {ab @ @
X4 4] g {ab} @ {By @ {abn}
X5 g {ab O %) g {0 O
X6 %} % %} @ {at} @ @ |
x7 | {a, b} {b} g {ab O {a {ab
xg - @ @ {b} ] {a} @ {b}-

X1 Xa X5 X6 X7 X8 X2
X1 @ @ {d} @ {cd} @ {cd}
X4 %) g {g O %) g {d}
xs | {d} {d¢ @ {¢ <D {c {cd}
X6 T @ {d D {¢ D {cd}}’
x7 [{c,d} @ @ {¢ @ {¢ {d}
xg - O g {g O {c} &  {c,dH
Step 3: S1 CC[1] = {b,c,d},
S:  CC[2]= {b,ch
Step4: Core(C) = {b,c,d}.
1 :

: M [1]
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