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2
; ; [14],
2.1 I=WU,ATUDT,F.G) , I=W,AT,F) AT
.DT o

U JU={x1.25. 2,73

AT AT={a, Ay AL}

DT DT={d,.dy,.d,};

F U AT JF={fU>V,,a€A},V, a ;

G U DT .G={g.U—>V,.d€D},V, d ;

2.2 I=WU,ATUDT,F.G) , fE€EF.,.g€G,acAT zx€U
f(xsa)=p. (), g(x,d) € R(R )

, pa:U—>[0,1] U x a s f(x,a) o fla)=
{(f(x,a)|a€AT}, fla) U o I=WW,AT,F) ,[=WU,ATUDT,F,
G) .

23 I=W,ATUDT,F.,G) ,VaeU,VACAT, VA, €A,
-
Sa@) =Dy, (2) (1)
i1
,m A spua () x a yw; A, ,
wTw, T tw,=100<w,<1,i=1,2,-,p),
Iy A, ) o )
2.4 I=W,ATUDT,F,G) WVfeF.,.VgeG,.YVACAT . Va€A,Vx;,
x; €U,
f(zx,;,A) = f(x;,A)& Sa(x,) = Sa(x;))
gla;d) = g(x;,d) (2)
flx: A) X ALA s Va, €A, a; .
JI=WU,ATUDT.F,G) . U )
“=” “<7,
2.5 I=W,ATUDT,F,G) s o= (wiswzs sw,) , I=
=WU,ATUDT,F.G,w) ) wi (1=1,2,,p) A, o
. Vx.yeU, “>» “ax=y7, x
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. A ACAT,
Ri={(a,y) € UXU |x =yl ={(x,y) € UXU | Sa(a) =Si(y}
R: ={(z,y) e UXU | g(x.d) > g(y.,d),g € G} (3)
Rx :
[zli={yeUl|(y.x) €Rx}={yeU|S,(y)=S,s(x)}
(] ={y €Ul gla.d) = gly.d).g € G} (4)
JLadx (=17
U/Ri={lx]ilx€U} U R+
sU/Rx% U ) U .
26 I[-=W.,ATU{d}.F.G) . Ru+<R7, ;
RirCR7 »
. [13]
3
3.1 [-=W.,ATU{d}.F.G.0), AT d U
Ry .R; .YACAT,Vz€U,
U/Ry ={[x]5 | + € U}
U/R7 ={D,,D,,.D,}
oalx)={D, | [2]i € D,.x EU,s=1,2,,k} (5)
Jxlx={y€EU[(x.y)ERT}. o4(2) A U
3.1 I-=W,ATU{d}F.G,») ., YACAT,
(HOVaeU, BCA, op(x)Soa(x);
DOVYx,yeU, (yIi<[x 17 oa(X)T64(y),
U/R7=1{D,.D,,,D,}.
(1) Vy€op(a), [y15ED,. Yx€U, BCA, [yl
Slylss [(yIiED,.yEsa(x)s o5(x)Toa(x),
(2) VD,€sslx), (] ED,. Va,yeU, [yliCla]r,
[(y]iCD,. VD, Eca(y)s oc4(a)T0s4(y),
3.2 [-=WU.ATU{d}.F.G.w)., VYa€U.,ACAT. oa(2)
=gar(x), A I Ry . A
. A I Ry
3.2 I-=W,ATU!{d}.F.G,w),ACAT, A
Va.yeU, oar(a)Noar (W) Foar(a), [a]iNlylz#[y]s.
, oar () Noar (¥)Foar () [xls NLylx#Lyls

. el Nlyla=lyls, [yIi<Slx]r. 3.1(2) o (2)Toa(y), A
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) oar () Soar () oar (X)) Noar (y)=car(x), oar (x) Noar () F#
oar (x) ) o
JACAT, 3.1 o4 (@) Soar (), A )
oar ()0, ()
Na,y€U,  oar (@) Noar () Four(x)s [ali NLyla #Lylx. Vz,y€
U, [zlxNlyJa=0ly]x: oar@Noar(y)=oar(ad), L[ylaE[xls oar(2)Toar (y),
VD,Eoar(x), D,Es,(x), [z ] <D,. oar () Zoar (y)
D,€oar(y)s [y]ar <Dy, yeD,. y [z ]Ji <D, oar ()T (X)),
4
3 s ,
4.1 [=-=WU,ATU{d}.F.Gw) .
D2ar ={(x:»2;) | oar(x;) Coara;))}
) {{AGAT|S(11)25(I])}V (x;sx;) € D%sr
Dis%jr(x;yx;) = (6)
O, (xisax;) & D%Zar
Dis%pr(x;s2;) = R4 xiwx; s
Dis%par = (Dis%ar (x:v2;)) uixiv.  Disiar 1= Ry xiwx;
yVa, €U  :Dis2pr(xisx.)=0.
4.1 [I=-=WU,ATU{d} F.,G,w) ACAT, V(xz.y)€
D2 ANDisZar (x.3)7F0 A .
:V(xsy)E€EDZars oar (¥) Coar(x), car(x) Noar () Foar(x),
A , 3.2 [xa Nlyla#Lylas [z [y]x
(DLx]xClylas
O Lz]xNLyls =0;
DLzl NlylaClals [ IxNLyliClylas
3 ANDis%ar(x,y)F#0
(D [2]iClyls o4 () Coa (), z€[ylx ¢ [xJi. =z€[ylx
, a€EA, f(z,a)>=f(y,a), z¢[x]7, f(x,a)=f(z,a), flx,a)
>f(y,a), a€Dis%pr (x;sx;),  ANDis2ar(x,y)F0.
@  [lxNly]z=0, a€A f(xea)=f(y.a), a € Dis%r (s
y), ANDis%r(x,y)FZ0. a€A flxsa)<f(y,a), yE[x]i,
3 [z NlylaClzls [laNlyIlxClylzs (D

z€lylns ¢ [x]x.
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V(x,y)EDZL,r ANDisZyr(x,y)F0 , a€EA
a €Dis%ar(x,y), flria)>f(y.a), yé&lx]x. yelyls, [z]s NLylx #
R (2,y)EDZarsoar (y) Coar (), oar (x) Noar () Foar (2), oar () N
oar () Foar(x)  [ali NlyJi#Lylxs 3.2 A .
4.2 [==W,ATU{d} . F.G,w).Dis%r
Ry o
MZar =N {V {a |a € Distar(x,sa)D) | Ya, 2, €U (D
M2 ar .
4.2 I==W,ATU{d} F,G.w) M%,r ,
M‘;,,,I»,,=/&1(K1A»)o Bf={A,.s=1.2..q,)
(Bt k=1,2,.m}, o
S
, 8 (X s X2 s X5 sy sX5sLsL7sXs)s
(ai,ay,as) ) )
. 1.2.3 .
1 s X5 a
, , 0.4, f(xs5.a,)=0.4, , A1,y 4as
’ s s 0.5,0.3,0.2,
1
U a; a; as; d
X 0.1 0.2 0.2 3
X 0.3 0.4 0.6 2
X 0.2 0.2 0.1 1
X, 0.3 0.4 0.4 2
xs 0.4 0.4 0.7 3
X 0.3 0.5 0.4 1
X7 0.4 0.3 0.3 3
Xg 0.5 0.6 0.8 2

b

[Tl:lr/TT: {1‘1 s Lo eL3 9Ly 959X 793 } H
[TZ:IXIZ {Tz ' L5 v«TS} H
[13]%'[: Ty sy s Xy sT5 95 sL7 5Ts ) 5

{
Ly Jar = {0 s Xy 2250262725 ) 5
{

EJJKT ={x5.x4/;



[xﬁ:lfq“:{:rg s L5 9 X¢ ’Ig};

Ex7:|‘:42’]‘:{172 s XLy o5 9T 7 ’1~8};

[xsjfrz{fs};

[ ]7 =Lz e =[a:Jo ={xi,25,2: )3

[z ]e =[x Je =[x Jo ={x1 2252052527525 )3

[13]%:[16]%:{11 s Lo s L339y o595 X7 qlg};
RirER7. ; .

1

1. 4.1

U/R;={(D,.D,.D;},
D, ={x,,x;5.x:)
Dy={x1.00:2, 25,2724}
Dy={, 0,235,045 +sX5:X6+L7,Ts}
oar(x1) =car (x3) =car(x) =car (xs) =car(x:)={D3};
oar (xs) =car (x5) =0car(x3)=1{D,,D;};
A={ay.,as}, VeeU, oa(x)=car(x), A={a,.a,)

B={a,},

[z )5 = {21 2225520525536 537 535} 3
[, 5 ={x2s24s25,25,25) 3

L5 5 = {01 s X2 sXa s Xy s X5 s X6+ X7+X5 )5
[z, ]5 =
(x5 )5 =
[xs )5 =
[erJ5 =

x
[13];?: Ts)s

TLoeXysX59T¢ ’$8}§

g s Xy o595 9178};

{
{
{
{
{
{
{
{

(71_;(1‘1):GB(IQ)ZGB(Ig)zdu(14):()'13(16):63(I5):615(17):D3;

GB(xs)Z{Dz ,D3}§

op(x:)Foar (x2) 05 (x5)Foar(as) B={a,} o
, {as) , 4.1
{ast,
2: 4.2
1 , , 2
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(2]

[3]
(4]
(5]
(6]
(7]

(8]
(9]

[10]

(11]

[12]

[13]

2
Dis®ar | 24 T T3 oo xs X x; X
o 0 O 0] 0 ) ] 0 )
Z AT | O |AT| a; 0] a; |azsa; | O
xy 0] % 0} 0} %) 0} 0} )
xy 0} % 0} 0} 0 0} ] )
xs AT | arsas | AT |aisas | @ |aisas |azsa; | O
o 0 O 0] 0 ) 0] 0 o
7 0 ] 0] 0 0] 0] 0 0
T AT | AT |AT | AT |AT | AT AT 0

MiAl =AT A a; N (as V az) N (ar V a3) =a,
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Partially Consistent Reduction in Fuzzy Decision Table
with Attribute Weights Based on Dominance Relation

RAN Qin-wen, XU Wei-hua
(College of Artificial Intelligent, Southwest University,Chongqing 400715 ,China)

Abstract: In real life, there are many information tables based on the dominance relationship, and the
attribute value of each sample is fuzzy number, and the importance of different attributes is not the
same. That is, different attributes have different weights. In view of this situation, this paper uses the
idea of weight function of intuitionistic fuzzy order list for reference, establishes a weight function on
conditional attribute set, and gives incongruous fuzzy order decision table with attribute weight.
Then, the partially consistent function and partially consistent coordination set are defined in the
decision table, and the partially consistent reduction is obtained by using the method of partially
consistent identifiable matrix. Finally, a case is given to analyze the effectiveness of the method.

Key words: Partially Consistent Reduction; Weighted Function; Attribute Weight; Decision Table



