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WE BARE TR HLM ¥R HMCAP M E M % FTART BHES. 68
EHEMESHEERE HMBEIU ST HENRESHERSEMA FTART PSR 2R
L ESERMNEFHIAR, AEHT SNBSS ESA. FREFEANENRRE
WiE, TR B 2 T WA, B NBR. A X FEA BT PN R EIH .

X @i ROHH MEZ MERE.

REES#E TP1s

HER, HEMESHFESEIRESNBEFIEHBI ANV E T FRA TR
ERESR¥IFENHRECRE TAPHE, TEH EITHERMN % £ 4, KBANNP — %
W B Utgoff 1 EMBA 8N EFOHEN SBRABHEE S FES, —Es ERE,
RS ET BB UK T A2 RN EHT MR B =S % HMCAPE RE (R H
BM—RETE2ESERAFSEIEE, CRAREENERE, AHEMBRET REFH
BO, LB S . FTARTEC R BB A — /5 SN iR 2 MEH %, ZH
EHE—RY Y, AR AR At AT ST XA A 2 R B A ORI 4. IR BE IR HLM
WECEEMA T HMCAP #I FTART B, KM B2 IBEW UASTENNBESR A
EWRER F,RIBES N, ER NS BTE YRR, FRAHERAE
B AR ) 2 R T DUR B ST, IR R E. HLM BB 2 7F Windows95 33
FH Visual C++4. 0 HBEB,FEMAT G ABRERRRA" P, BUE TRIFHBER.

1 HLM EIERiR

1.1 HLM #SBFSEH
HLM BACH R TEEENFSEI SHEMEEIHEE . EARRTEIEESE
WAL IS RSB A ER BRI SHR. EE AR HMCAP Bk, # B

- EYWRBNERARBSES TN FERBKIE, &, 1040 4 B, TERRTEANBFINEFRE.
W, 1073 4 L4, TEHRARINBE S, WEMK. T E, 1973 £4. 044, TEFRIR YDA LHE,
VLIRS MHRIT. 1062 4, BIXE, T ENRSEYEASLHE. T XEESIMRYS.

ALFREERE A BIRE, BT 210003, R CFEITHTBESHEAR
A3 1997-03-18 WB M

© HIERRESSAHIIFTR  http:/ www. jos. org. cn



— 876 — ® oK F R 8 4

B — NG EFIHE T 0, R FTART MEEX ik B #R XS TR 2 L/
BITALHR, F R S SE B R B AESE — 2 3] M FEF, WiRA R R I EE
BT BB RRY, XA AR AR 2 S R G RE T KL EUS R T R SUR.
1.2 HMCAP 8%

HMCAP BEETFREHEMENRAIFANTSEIRTE, AHRR A BAEHHERS. A
A LA 7 G R E X B M 2 S B AR, FHTREEEHRS.

FHTHBAB/IMERMAER, HMCAP BEEMSHERHEHLESHAS PER
(Attr,AttrValue ,ConceptIndex? . JRIFHIHE T FTHEE Conceptindex B H & PEERT (Attr,
AurValue) ; BUE R ETIBEL I % 0B T Conceptlndex #17F, FHHEF — IR
FRERSOH T BEMES, fF BB AU EFE = R E T HE Conceprlndex I
F. A RTEZHHERFRTRHEBESNH FroEEEY. £ ERIESE RGN A,
AttrValue,Conceptindex) &= i H ERIEEH), B THB R ER KK E AR S BAEEP:
(s)=100% , IARBIERHE RS A FTART M et — 5%,

- RTYER, XEAEN HMCAP HEE# —FR0 4, RIENE WG ).

1.3 FTART Wi

FTART B854 T Field Theory™#1 ARTBL 2 ARTMAPU I8 58944 4, M
BEAEERRMEAFEBARTEBR A OKAE. FFESTERGRZIPHEM
FTART WM 4 BWE2THAR, HEHIHE IR -TERRIM 3 BRESEIE, TRUER
SMHEEAEMTEE RS RSN, RRFHEMEFBHBNEA, XAKAT 2
Y [m) R B35 P , 9 038 AN O R

EAEENR, SEERAY BP B AR, 4187 FTART MM H%
AR, A AEEFERCHENMEEH METEMSNE 2 BESEhMET. ¥
SO HE WL E, I B MR A, IR S R FTART B R
XMEEFEIEDARIMEENAERMEZIFERIUTIRE N FTART BEW
BikmaE RXERL6].

2 ERFEIEE

2.1 gitEE

FHATHE B ST, AT ER A S E R TTILAS, H R T4 AR S B HE R
& MG R RS 8 I X BB A D4 IDsRUI IR R F HRAER S RGY L3
IR R, T E T HENAESRELE LR M SNEELW B
HMCAP A - X B & BAER, FrIF L 5 A M LR RA LA T D,
ID5R AERTE, BPIC B B A T BL BI85 S 2 Bt R 242 1k, M e Bl A M — -5 0, 50
HETELAEEZ —:

(1) BlEEm & M5 R, BT SE B n 2 3 5 120 5 R iR 4 e ) 5

(2) BIREM Mg 8, FE AR5 Zr &S5 RR R, A W T akgE
pagiok- X4 R -

(3) BlikIEH 2 R 4E 45 A, BT SE Bl A 43 25 5K vH 4 R W 23 28R TR] , B vl T 4k R
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AEEE

(4) BAMZRIBE S, LB RNG AR EgERSE S

(5) PAMAERMBE R, FHEFAERAVAASAR TR ES.

B, WHHFER, RINAFTEFTWEM TESEOREL, TFERAE HM-
CAP Bk itz & Sl — s B OB B ELE R — SR ES LT
WERG—FEE, AT LI FTART MMM ES S ZheE, Bl BIRM AN RT A,
ne WiBEW

RABHER DS ANBRERR RS XNk 1 R ARG leaf BRIEHLN
SR 55 NN R FTART M4 A JEM 4 A B nAtr Bl nAtrValue ie R HE R R
ERAR 2 BSPLR BB BT R4 89 BB ; i 45 5 B9 nConceptindex FE 3R 21147255
RE®R AttrList A REIRT T 9T LLADRF B St AT R4 0B BUR 1, I3 AverList
®2 A TRUE i, MIFRAAHEBRBETH, ZESKAR FTART MEH#HTES.

1 HERPEENEBRREE X

gk S e nNodeType {leaf,nonleaf, NN}
EE AT nl.tree {left,nonleft}

ETFRHE & pl.pointer

o R pRpointer

it ArerList

BS & [H &t nAttr

BS & o /& 4 {E nAtirValue

RS & B35 nConceptIndex

B4 IR & A E M RS At B pTree #AE. ¥ K H newExam R4 441
BB A ((Attr,, AvrValue, b, (Attry, AttrValue, ) . . 5 (Attrs, AttrValue, D ITER, B

%314 nConcept.

2.3 HRFIERHER
(a0t 1k]

pCurrentNode=pTree:
[STEFP1]
MWL A pCurrentNode BE WS MK S S
B, NI AR E O R 35
ﬁ 4 ﬂl}izé@ B
M, B FTART Bkt fr g &3,
EE
FHM,GOTO STEP2,
[STEP2]
HETE A pCurrentNode BH RMHE 51
2. newExam B3 [F5r# nConcept = pCurrentNode—nConceptIndex?
£ B E
M, GOT STEPS,
&N, GOTO STEPS;
[STEPs]
pCurrentNode 5 5 &Y AwurList FHHNFERE &8 TRUE?
4, pCurrentNode—nNodeType=NN;
WHEFTART B - Ha Mgt s,
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A& [81 5
EHW,GOTO STEP4;
[STEP4]
IR E R T %8055 5 pCurremNode B F L8, X £ - BERE. RFFAEEEATHRERSTRER?
£, ] pCurrentNode—nNodeType = NN .
WRFTART HE4 R —T#HEOH S ES S
& 8]
ZEW,GOTO STEPS;

[STEFP5]
EHEBS Wi, £/ pCurrentNode—nAttr,pCurrentNode—+nAttrValue . pCurrentNode—+nConceptIndex;

ERYWE SR ETHMEGTR,

B,

[STEP6]

BE newExam #7H M EE 3 pCurrentNode—+nAttr ,pCurrentNode—nAttrValue ) ?
J&, | pCurrentNode = pCurrentNode—pLpointer;
M pCurrentNode =pCurrentNode—pRpointer

GOTO STEPL.

3 IBfTEEH

3.1 FIHERIRE

FATH HLM B & KRB0, Y2 UK Quinlan B9 AR R0OE M M
T3, RRAMBEI FEREV BRA.

EERBEKEEF, i TFEE 5L MIF . 510 FAH s HEBEL. 8 EZR
M B SIETMBEREN 93.76%. RAMEEI FNMMN 3 0 FHEERERD
98. 85 % , RERT{Y 6s. WIS R A BT 2, B¥ 4 A B S FERT 24s.

P AREE D, Gl FEIE 132 MIT.BOPTFHE 8 EHURE, 10 BESR
P MBI RN BEREN 88.74%. RAKBEIFAEM 3 M FEEREEE
91. 72% BT 7s. MR A R A BE I F X, BEHE R E RN 41s.

FRT % 6, 7E MUK A BEST 26 BT DA TR A 4.
3.2 ABSEBEETRG)

B, RITEEZHIRE AR HLM &, X E1E.

W8 (WHITE,BLACK , YELLOW }, & XA B AR AL BF A B

B R PEAE (hair,eye ) HE YO0k 2 0 R G A0 B E A B0 €.

B E R E(E % R hair {blond,red ,dark,gray} ;eye {blue ,dark ,brown}.

LR (height , weight} , RE LB K EH . HHEH.

2 B M A BUIE T B 24 height (150~-220) ;weight (40~125).

VighLPE M 2 B, BRAAERAE SR AW A 1 TR,

DL 3 Sl 4545 (gray , blue, 188,79, white) , {3 B B 2 FF R AYHE .

BRI (dark . dark , 146,42, yellow) , 3% 3E #HE VL AL B) FTART %5 < NN1. NN1
BA 7 AR, HMEEHNE 3 iR, BFAaaTiraNaiaen #iTng
%3 55.NN1 A 8 Mg 0, HREEWINE 4 FrR. MERTTLIE L, WEE 2 BH
MY —AMEMHET.

VBRI R P A LA NS IE RN o2, 12% BRI FERE
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%3] 95, 4454, BERHX 65, TT A0SR EHF 4 BLAI M NIFAE R 30s.
X2 ABHAITHE

index  hair eye height  weight concept index hair eye hmght weight concept
1 blond blue 189 80 white 17 gray dark 175 95 black
2 blond blue 199 100 white 18 gray dark 185 100 black
3 red  brown 198 105 white 19 gray dark 185 100 black
4  blond brown 199 100 white 20 gray dark 185 100 black
5 red  dark 220 125 white 21  dark dark 155 50 yellow
6 red dark 205 125 white 22 dark dark 165 50 yellow
7 dark  brown 21¢ 120 white 23 dark dark 168 60 yellow
8 dark dark 220 122.5 white 24 dark dark 153 45 vellow
9 dark dark 215 117.5 white 25 dark dark 132 42.5 yellow
10 dark  dark 170 70 black 26 dark dark 166 50 yellow
11 dark  dark 178 73 black 27 dark brown 160 47.5 vellow
12 dark  dark 180 §2.5 black 28 dark brown 167 53.5 yellow
12 dark  dark 175 85 black 29 dark brown 160 47.5 yellow
14  dark  dark 185 100 black 30 dark brown 167 53.0 yellow
15 gray dark 178 73 black 31 dark  brown 160 47.5 vellow
16  gray  dark 180 82.5 black 32 dark brown 167 53.5 vellow
pTree pTree
hair=gray  hair<>gray hair=gray hair<>gray
BLACK
hair=blond hair<>blond eve— bl hair—=blond  hair<>blond
ye—=Dblue eye>blue
WHITE " WHITE BLACK WHITE
hair= red hair<>red hair=red  hair<red
WHITE -7 WHITE /\
eye=dark  eye<>dark eye=dark  eyel>dark
NNI1 NNz NN1 NNz
M HERARME SRR ER B2 HBEIERARCTHER
T>< ) (JD><O
T><1 Tt
® o/
A3 iﬁﬁ%«?ﬁmNNl A4 H8¥3 5 HNNL

4 GRIE

BEREIER HIM B3 H SR SHSEINENS S ENBFINEEES
A SMSTRETT AHT THRZR. KBS IR RARBRSEE Ik, 5
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TRERA. REENATISAE ARG EABEMBRRARL . BITCEFE HER
PR TR EHRETTES  RRE 5 KR BB U R LA, BUR T BAFRUR.
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THE INCREMENTAL LEARNING ALGORITHM
IN HYBRID LEARNING MODEL HLM

CHEN Zhaogian ZHOU Zhihua LI Hongbing XIE Junyuan

(Depariment of Computer Science and Technology Nanjing University Nanjing 210093)
(State Key Laboratory for Novel Software Technology Nanjing University Nanjing 2100983)

Abstract The multi-concept acquisitton algorithm HMCAP and the neural network
algorithm FTART are integrated in hybrid learning model HLM, which can deal with mul-
tiple concepts and continuous attributes. In this paper, the incremental learning algorithm
of HLM which based on the structure of hybrid binary decision tree and FTART network
is proposed. It has the ability of adjusting old structure to improve learning accuracy by
once learning instead of rebuilding the decision tree and the neural networks when the new
examples were provided.

Key words Hybrid model, incremental learning, neural network.
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