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Abstract

The rapid development of information technology has brought massive high-dimensional data to
society, which hides a large amount of valuable information. How to efficiently deal with these
large-scale data and extract effective knowledge from it has become a research hotspot in the field
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of computer science. Attribute reduction based on rough set theory can remove redundant
attributes while keeping the ability of data classification unchanging, thus reducing the dimension
of data effectively. In practical applications, decision makers often only focus on the effective in-
formation extraction of certain specific decision labels. In the attribute reduction of multi-specific
classes, traditional heuristic algorithms have lower reduction efficiency. To solve above problems,
this paper proposes a fast attribute reduction algorithm based on fusing acceleration mechanism
for multi-specific classes positive region, which is from the perspectives of objects, attributes and
granularity. Finally, six datasets were used for experiments. And the experimental results show
the effectiveness of the proposed accelerating algorithm in this paper for multi-specific decision
classes attribute reduction, which is verified from four aspects: reduction length, size of objects in
iterations, number of iterations and reduction time.
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2. EXHFS

ZE A Pawlak IRSERGE S =(U,CUD), Jirh, UNNGES, AR, C M D 53hl %k ME
PEEFVSE RIS . f (u,,a,) RN G, TEIETE o, LIEUE. BIU07E 1 FT7R K Pawlak IRE RS, Wi
U={u,uyus,u, b, FAFEME C={a,a,,a,} , WEBIED={d}.

Table 1. Pawlak decision system
% 1. Pawlak ‘RIR R %

U a, a, a, d
u 2 1 2 1
u, 2 0 1 2
u, 1 2 0 2
u, 0 1 1 3

X (145 MRFERGE S =(U.CUD), HFVASC, A LIRS XKER:
Ry ={(uu;) €U |Va € A f (usa) = 1 (u;.,)}

Ry R EH R HEREBI S0 % T, BN %R R, 75 b E i — A k4
U/R ={[w], 1w eU}, Jet, [u], ={u, eU(uu;) e R, | Tmnt Gou, KT IRIELE 4 95412, )y (E2R
R, UJR, TICA U/ A ST HRFE B D XS BRR I A U/D={D,,D,, D, } » NRFELRES,
Wt D, cUD (1<|D,.|<|U/D)AER K. F% LD, b FEMIE L.

EX 2 [l]éﬁig/l\y%%/%é}ESZ(U,CUD) » D, gU/D , T VvYdacC, e D,. ST B
AT L TR

R,(D,.)= U {lu],|[«],ND, =2},

Dy €Dy

R,(D,)= U {[u],I[n], =D}

BT LIRS, UZRER D, NETEE, R EAE AT LUK iR ) o IR T 5
A, RE SN
s )

POSA(DWIL_S):&(D cs ] 2
BNDA(Dmc.v):R_A(Dmm)_RA(Dmm)’

NEG,(D,.)=U~R,(D,,,).
BT D,,cU/DHI<|D, |<|[U/D|, HtZFEREAG REFMT R, Z8ERIEn S — ik
FRMWAT U E 2 E R 5w,
3. SHEXERAE
TESCBRRLH R, SRS AT B i T 2 — N B R 8 TR AR B I U RNR R A, AT A 2

SE I L 18 (R AH MR S RS
EX3hE—MRERG S=(U,cUD), D, cU/D, YAcC, ¥ Vaed, @I a PR
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o 1 L
Sigout (a’A’Dmcs ) = ‘POSAU{a} (Dmcs)

-|Pos,(D,.,)|-

PO R P R R R A RR PP B R B IUAR, W T SRR ETURERAE. SN B EE AT
IR FE ) AR B PRI %

EX S BE—MIEZRSG S=(U,CUD), D, cU/D, # AcC NEZFREHK D, WIEBLFE, Wik
SRR 2% AT

1) POS,(D,.)=POS.(D,,):

2) vA'c 4, POS,(D,,)#POS.(D,,) -

Forbr, ZMF DERIE T 20T AT )5 240558 KIEA LA, A 2)MGRAIE 1 A fa @ 4L s — w ik
R L ER] . FETIER SRR 240 KR K AR AR SRR 2 or. SRR 1 FoR.

FE5E1%: FGARM 1, Stepl AWIIRALIERE; Step2 ik AREHURE MR RE, MR A1 & 1 R x) J
PEREATVRAY, REOCREE— D REREAINE LR LD, B2 2P IEFAN1E: Step3 1 Stepd NE
TUA A 2 Tl AL A

Table 2. A forward greedy heuristic attribute reduction algorithm for multi-specific decision
classes (FGARM)

=2 ETERRZENSHELRAXNBELYEEE
N RHRGS=(U,CUD).

Wi Z45EH D, A IERAFE 4.

Stepl: A= ;

Step2: #7|POS,(D,,)

#|POS.. (D, )|:

Step2.1: XfFVbeC-4, 5 Sig,, (b,A,D,,):

Step2.2: % b, =argMax{Sig,, (b.4,D,,,)} » A=AU{b};

Step3: X Vaed, W Sig,(a,4.D,,)=0, W& 4=4-{a}:
Step4: IREIZE 4, FIELR,

W AR L T
BRI g

Wi &b

o

PR ILGH frIEL fi

Lt

RILE sy

Figure 1. A flow chart of FGARM algorithm
1. 3% FGARM iZ[E
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4. ZFFERRIRIERLE

55 FGARM FETHE LRI AR AE R A B RRUEOR . RS HOS 2 s vRAG B 8 B B 2 4%
)RR, 3 DA RUA B R AR . vtk — DR m 2R B R AR, AP R . R =47
AT 1 240 K8 R GRS, R 1 3 T2 & s AL i) i) 22 45 g SR PR IE 32 i 300

B B~ MERSG S=(U,CcUD), D, cU/D, YAcC, T VaeC-4, i:

POSZU{a} (Dmcs) = POSZ/ (Dmcs ) U POSZL’J{a} (Dmcs ) 4

Hr, U'=U-POSY(D,,)-NEG|(D,,) -

SEHL 1 REY, BEAEBYERIR N, 10 S b R R AR R R 2 IR, PRI RT DL s ) B 1 3
AR 7 TSI 2 R 8 RN GANGH . 24 ik 225 58 FO R iR AR, L SOy s 8, b
BALZISCHR[ 10 R IO, 5 O AR AR A ok T3 %

BN 6 4E MK RG S=(U,CUD), D, cU/D, @E AcC, AT=C-A4, X 7T Vb AT,

>.--2POS

%“POS{I)I}U{IJZ}(D/;;CS) {bl}U{}VT‘

Z‘P OS 110155} (Do)

mcs

| (D, )| H.iis &

mcs

U,-ZZIPOS{MU@,.; (Dys) = POS,,  (D,) %D

Uf:l POS{bl}U{b,-} (Dmcs ) - U?:lPOS{bI}U{b,} (Dmcs ) #J,

Uf:l POS{h}U{b,-} (Dmcs ) - Uj:ll POS{bl}U{bf} (Dmcs ) =9,

UL POS; 0y (Do) =L POS, 34y (Do) # D

U‘:IT‘POS{bI}U{b,} (Dmcs ) - UZIT‘_IPOS{bI}U{b,-} (Dmcs) 0,

TUER Group(b,) = {by,byy-o,b 1By yoeeooly | JIBEE by (AR PELL

TESL 6 NJEMEALE S, TR R AREERERE R, AT D@ I b 1 4 i 2K v ) 6 A
—RIRINZ AN B, PBRAREIVEMIERRE, SEU 2R RN . R, @ =S, A R0hE
T T TR B MERIAFALE

BXTHE—ANIREKRG S=(U,CUD), D, cU/D, VAcC, Z%EED, KTEIETFEAN
SRR N -
|Q(A’Dmcs)

o

A

e, Q(4,D,,,)={(u,u,) €U |u,u, e NEG, (D, )} -

FE LT JRERRLEERFE S, BT SIS I S 2 E SR R SO TE O, PR AT AR T 8k
A3 SR IR A R R REHEAT 5 o TR R AL REAE R, TN M0t 22 52 R AR I IX 40
GG, RV I RE R, T DU 2 — SR SRR A J P DL BRI T A B SR PR U, S 2 A E R
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Table 3. A fast attribute reduction algorithm for multi-specific decision classes positive re-

gion based on fusing acceleration mechanism (FARAM)

3 3. BTAEMENFIN S E R MR EBAEEEL

N RERGS=(U,CUD).
fth: ZHRPER D, WA IEHLAE 4.
Stepl: A=C, T=0, isFirst=1;
Step2: X ¥ VaeC, WHFEHKEMEG,, :

Step3: %‘POS;/ (Dmcs)

#|Post (D, )| -

Step3.1: #7isFirst=1, W4 T=C, isFirst=0, %% Step3.4;
Step3.2: #7 isFirst=0, )F\IU/Q,\T:{aWaeC—A,G{U}SGW};
Step3.3: HT=0, WS T=C-4;
Step3.4: XfvbeT , il# Sig,, (b,4,D,,

Step3.5: X T Vb eC-4, WitJEH Group(b)

Step3.6: 4 A= AUGroup(b), U=U-POS,(D,,)-NEG,(D,.):

Stepd: X Vaed, W Sig,(a,4,.D,,)=0, W& 4=4-{a}:
Step5: MREIZE 4, FIELHR,

), % b =arg Max{Signm (b,4,D,,, )} ;

S EH Mz i
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oA

s P : e 240 i T
g; ;}gz/z?;c 1@2%;’%1}?’ > s gl i

Figure 2. A flow chart of FARAM algorithm
& 2. Hi£ FARAM Ri2E

o
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EYIIFS

i
)i

TEH: FARAM 1, Stepl AWML FE: Step2 AT H & BN KRR, HT 5 gus Rt fEd
(RS L8 Step3 NIkARIBEUE M (IS, i, Step3.1~Step3.3 AL L5 LA RS A PEAS JE 50 H
Step3.4~Step3.5 A4 J& M 41 SE I PR N TE L FE , Step3.6 Sl I 38N 67 35 S 0006 G i (3 2 s Step4

H1 Step5 2T A i H 2 7 I R
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2) ik FARAM FE 3 UGS A R bl il i Jm PR AL 5 2K, — IREIN 2 A5 & BRI 1 2 1L 2
R, AR 1 RERIEAREL

3) 5% FARAM IR LU 3K, s 7 B0 B EERHL . 20 2RRE TSSO JR e, A AR 135
AR FE A A5 VAl 10 JR 1k KA

5. SELRSTHR

AT HE I FARAM . FGARM Al FSPA-PR [10].FARA [13]73 i3E47 1 %F b o Ho b, 5239: FSPA-PR
T FARA BR8N R R i A i S R AT B M 20 (T . SE6 X B o A 4. SR — i NEIEA T K
FERIXTEL ;s 28 30 NIRRT IR L, I R IEAIR BRI 2 &7 I (8] = AN J7 T EAT 7% a4

SIS ET R 6 HEHR A Bk 4 Fis. SCIOIRHIANIT : Windows 10 (64 bit)#/E R 4t, Inter
Core i7-10750H (2.60 GHz)&bH %%, 16 GB WAF, FrA 5LiLEIK M PyCharm 2020 #{Al1 Python 15 & #E47
M. T 5L FARAM. FGARM $5& ] T 2 AMEEE U528, SR80 A% i 7E 55 2504 4 Hh e B L i v
FRAT MK, b B HOAR LI E K 2 HE RIREE S 0 8 {13 (1,23 {1,2}. {1} {0,1,2} A1 {1,2,3} .

Table 4. Data sets

4. BURE
5 Hn e FEAEL JR YL eVl
1 Vehicle 846 18 4
2 Landsat 6435 36 7
3 Thyroid 7200 21 3
4 Coil2000 9822 85 2
5 Penbased 10992 16 10
6 Letter 20000 16 26

5.1. #yEKAERTEE

5 NIUMBEIEMAERK R . MEFRTLLE M, M T HIE FSPA-PR. FARA, HiE FARAM
1 FGARM 7E 6 HEAE BRI B R AR 45 . ML TSR KA A28, 24 RmIE
BN, R R 45 AR B . [, 5L FARAM 7R R — RS InZ A gt 5.2
WS T 0 AR R BSOR 1 ke D VA T AN P 1 < R P S R PR R/ INHE B, R G 4 T K
HT 5L FGARM. HInfE AR K Ed, Hik FARAM MIARKE AN 12.3, 1855k FGARM (1)
2R E 11.56

Table 5. The length of reduction comparison

= 5. AEKEXTLE

s FSPA-PR FARA FGARM FARAM
Vehicle 8 10 7 7
Landsat 12 13 7 11
Thyroid 13 13 12 12
Coil2000 28 29 26 27
Penbased 9 9 8 8
Letter 11 12 9 9
Average 13.5 14.3 11.5 12.3
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5.2. LEEITEE

AT NERKEL Z 5IEA R RN I () = AN J7 [T 1544

7 6 NI EIEFPEARRECS . WRHPAT LA, JETAAIEHLE 19 59% FARA 1 FARAM (1)
IEARIREA AR o 15 1 E B 4 Landsat 1, 7% FARA Al FARAM KRR E4N 1, 8% FSPA-PR
FIELVE FGARM [FEARIRE S 58 12 F0 85 TEEHE4E Thyroid #1, 5% FSPA-PR [PiEARIKECH 0, X2
T ZEE LB AR R AR A, BB NN EER, HARES SR, FE, BT 5% FARA
BEXTURSE RGP A o RIHAT A, BSRBITTE &M EEMEEEA, FILEE FARA BB
H kAR B AS T 5% FARAM.  FeinsE~F a5k ARk b, 53k FARA BPPIIERIECN 1.6, %
1% FARAM PR IKECN 5.0.

Table 6. Iterations comparison

= 6. ERREXTEE

il e FSPA-PR FARA FGARM FARAM
Vehicle 7 1 7 2
Landsat 12 1 8 1
Thyroid 0 3 12 7
Coil2000 18 1 27 14
Penbased 9 3 8 4
Letter 8 1 9 2
Average 9.0 1.6 11.8 5.0

7 NEE FARAM TERTVDUGERIE FE P T F5 b B 0 30 H , Ho 7 RORFILIEMRLE R, K
i B HAE TN B T 5% FGARM AN B AR AN, AEIGE AR 2O R I8P ) 4 B0 St AT
AeEE, RIAER RIS T 5% FARAM ISR e f AL BRE X R A H - MR UG, BEE HE
IEARRELIE N, 5% FARAM 230 i s 13800 G7ssiorb fR6s 5, DL I e 5 AL B PR 0 R AR th 2 3500
BEAR . A ARSR Y UCEACTT 5 AL B X RACH M, R IZ IS A g 1 R PR LA B — N ek Bz
Ja& M T R TR A AT AT DTk, W 4 Penbased fI55 — 50158 —40ikAR, HEAE Coil2000 (155 =%t
AN VURRIEA, 0P REH B R AR, BB AR S A P £ SN & Mo THREBE 98 23 IF Je ok«

Table 7. The number of handled objects in iterations

F 7. BERPAFRLENNREE

EEITE S 1 2 3 4
Vehicle 846 486 — —
Landsat 6435 — — —
Thyroid 7200 7200 760 49
Coil2000 9822 732 393 393
Penbased 10992 10992 7079 4001
Letter 20000 4473 — —

3 VIR RIE AL R T b o, BEARFR ORISR, ARSI FIE RIS AT I (8], A R
() MR LA Y, 8 BRI, DURN RO B I2 4T I (] #RARAR, (ELBE 5 it SR U AN oK
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DU B2 R aE AT I TR BE 2 3 o H B2 AT B [A) 5 0 Sl R AN A T A IR IR AR S o B o 25080
#E Vehicle F1, SiBd it 6 12 7 1), 54k FGARM (I ] [ ifi A B PR . X 02 Tz sk s n
2, BTEBERISSN R B AR R, BT TR TUR B, TRy SIS IEE AT I TR
MR BTG OL. XTELDUAR IR R B, 509 FARAM HUIE AT E S AR FR A, ELA g /s, fese ik
Bk, X2 T 5 FARAM WX J& M RTRLEE = AN 5T Wit 7 gL, M2 4E R RIE T 5Ers
R, PRIk AT AR R 52 PRI 240 T B[] o

12 70
—=— FSPA-PR —=— FSPA-PR
1.0 60{|—e—FARA
50{—*—FGARM
0.81 —a— FARAM
X 2 40
£ 0.6 g
s £ 304
0.4+ -
0.2+ 104
0.0 0 .
0 0 2 i 8 10 )
Size Size Size
(a) Vehicle (b) Landsat (¢) Thyroid
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Figure 3. Reduction time comparison
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FE 25 B R IR, )5 AR PR 20 Tl S5 AR BEE DRod I SR IS R ST — DTS5 R, EA
FARIEACS L 7 AL B 4= B0 SR, T HA OB AR £ — N @, T DL Bl BRI 2
(R IRIBANR e ASCHE SR R S NER RS A b, it T30 G R PR NURLEERL Ay (0 20 5 i SN 7 ik
SRt T 2 T A DAL 0 2 RE SR ROE IR T S, Sl I R IR s, A i R MR R B A
W77, K TS 5B A0 GOBE. RiTAl 0 s PR DU RS AR, TR & 1 2 52 2810
ARRCR. RN, BT ASCER G S AR LU AR fE T, 994k VR PEE S AR, DRI fay &5
RATREAFAETUAR B (B 0L, PR M L TUR B R AR TAE L —.

& H
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