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Summary

A new concept learning method CLIP (Concept Learning from Inference Pattern) is proposed.
CLIP learns new concepts from inference patterns in contrast with the fact that most of the conventional
concept learning methods learn a new concept from positive/negative examples. The learned concepts
enables efficient inference on a more abstract level.

The learning process consists of the following two steps : 1) Convert the original inference
patterns to a colored digraph, and 2) Extract a set of typical patterns which appears frequently in the
digraph.

The basic idea is that : 1) The smaller the size of the digraph becomes, the less becomes the
number of the data to handle and accordingly the more efficient becomes the inference that uses these
data, 2) The reduced graph does not lose information, and the original information can be restored
whenever needed, and 3) The reduced node represents a new cencept component (a new vocabulary).

A parallel-search algorithm based on ‘“Pattern Modification” (mu-tation : to find a typical
pattern), “Pattern Combination” (crossover : to mix patterns), and “View Selection” (to select a good
set of patterns) extracts a set of typical patterns (chunks) which appear frequently in the digraph. The
algorithm is similar to a previously reported Genetic Algorithm. In Pattern Modification, a partial
digraph representing some meaningful component are extracted as a Pattern. In Pattern Combination,
a new View is created as a set of Patterns. In View Selection, Views which result in smaller digraphs
after being rewritten by the Patterns in the View are selected. Without this algorithm, we may have to
rely on an exhaustive search which is computationally very expensive.
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Carry chain circuit.

FEE L ICIFERIC (C)BRRTL [ EDT =25
FOF—FBHRESTWEN? | Lo NE %
L7z0, MENBETALERHL L3 (c) %2
A3THHH, (A)RFS>LRETHhVWEEREDbDNS,
BodTWHEBRANELTASLE, 22 THINOR DE)
YE| « INOT OEIfE] &\ 7R SREN S
FIHL TR EXOFHREAEZFABL TWE2D L
Bbhd, £/, IAEBICELTCHLEE - Bk
W BARFE-THLEWEIICEZS, Thbb,
REEE L D, EBICFRREN O L DRIRED
1EEWEES A2 > THAEOFEEZ L Twv 5,
PlboEZIDEESZ, Ba] %2 AT
Rk DHRSERICRLLD| THD EEZ, HRE
BEICT 205 EE L L TEET 2R FE O %
iRE 2, BARRICRHEEARE 2L, BN
Ny —>EREL, BHELEY—rE—DDT IO
V—) CFEBULESICHEY) LTEBTE, 20
=HEHRC I, Bz dEREEERE LICE
FE - BROZ BT 2 EtHROBREESTL, H#
B AEEIC T AHE L LT, NOR/NOT i2fH4
TAHELEFNCER - FETED, HorUdiw
HEEICHLY T 2B D 720 DR
Heuristics # AL TEB»% <L Ty [HmEsBEICT
2| BEEL L TEMOBSPER SN EPFETDH
2., S5WHLVLHEEBELE > R L AR T 5D
T, FBEBIIT LS & o Ry e R T RE
L b EVEHERR 2 Tl E LcESROBEEFEE (B
ZIETHR(3)) DIfFFERESE L STV S,

K Tlt, BT EEPLC, BELERRE
BL&EDTHRET 2, £72, BIEROC BT, AFHEC

f 0.9 0,9 0.9 N\ ‘e
D et RO s RO 2t RO it AU
\ ) A [ A0 2.0 T
“\ “\ “ “ HHH.
! <4 4 R
AL AL L AL =
ke At kv A
| L /8 \ . > }
\y\" \n,,& ! ¥
GOl ol i
b IV LN ) IR I R\
). HIR. \ t s : t s
o
Ll
!
' MR
o |
I
N VAN J
(a) Naive inference pattern. (b) Sorted by qualitative reasoning (¢) Sorted by circuit knowledge.

knowledge.

Fig.2 Example of concept usage.
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Fig.3 CLIP: Concept Learning from Inference Pattern.

July 1992

121

A3 ZRWTEBR L OEETHIL:] &R
IBFESEFM 2 RIER 2 V7o HESmIEfE & L T CLIP O A
T1eid, ZO7 7 7i2iE [HERRR 1 OFTCHZRR
2,3, 40MFb 3 & W ERIE LY —2inb 5,
CLIPIZZD LS RN —> 2 HDOI1F5 Z ki
FOYHELHmOMEH T2 (EMCENEHERT S
DWLBEZF LSRR 14 2), 22 TRHFL
WHERRFA] 5 AEDLNER Q2 S B @ DEVHE
BROONT WD, ALIED 7T 7ixicd 2 #mE
BIITIRD 7 7 7 xind 2 #maE L 0 iBsaEs
EDFIE X 3% TTEe, -#GRA 5 & #
ARl 1,2,3,4 L OXEERERIHT A, A LED
T IO THMD ST 7IFETLTE S, S5 THD
7o 7 WNERE - Bl EYHEECET AR TH - -
DML T, BEEEo 75 7I3EHO [HIL) » EEE
D [truue/false] & FiAa#z NITHES L ~Nus—D k-
ORI LHRABREERL T B LARES, Tib
5, CLIPIZE D EDF o/ Sy —iddb LD
HHRICIEHRICIEEEN TR o 08 L LWilha
(ZOBENOTHE) 2#EL T0E T LIk 3,
%7z, CLIP T, R <y — > ot EIIf-o 5
BRZZ7OLETEREEINTEY, AOxFHRT 57
~NOBIRMATRE: b D Th NI, BEDOFPES T K
FLBOEERAEEL-STHDS,

2.1 BOZFHM[IT S T7~OER

Fig. 4 \2#E558%2 (Inference Pattern) &, /53
Lt>&FMZ 7 7 (Colored Digraph), 8L CE
BT 77 RRRTLDICHOIETER ETOERS
#: (Digraph in Table) %57,

CLIP Ti3, #amNR (B2 3ESERE) 13 Entity-
Relationship Model®T&* & h, #RIIHFED T —%

Inference Pattern [ R io() IF Relation L{i,m.n)

Data(m) =$V
Data(n) = [on]
Then Data(l)=$V

: 1 Data(rﬁ):V E%{ Data(l)=y' }
[ pata-om 7 :

Colored Digraph_ N
Value(V)

o
~-{ value([on])

Node | Color(R) | Coior(V) | Edge

Node(l) :
Rule(L)
Value(V)

Digraph in Table

m — \
n — | _[on] i

| L v n.m

Fig. 4 Inference pattern, colored digraph and representation.
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Fig.5 Sample input digraph.
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Fig. 7 Digraph rewriting by pattern substitution.
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RLTWw5, ERICEREBOREE 8EANI LT, &
MR [+, 0L, [—]1 D, REsE2EEBLL[s
+](small+), [vs+ ](very small+), [s—], [vs —] % &
W INT Y AT VRTICHEND BRIV Y
YERIUYVRASICRNDEIRLDNZ V] ol
RET-oTWw3, V79 70KREEBIUTFHIEE LT
BLULTFD 3R E A7,
TS TDRES =
HOB+TDOIK
+3 HERMAIOKRE X 1
+3 HEmBAlOKRE & 2
—Pattern 2 £ 275 7OEBZ N - /-
[E1% (1)
Pattern Modification TR 3 2 FHIE=

(10-01% 22 ETOA7 =2 A - B DL
c 77 70 E B OB HBER

¥ (b Lo View CEERZL R/ 7 70DKER)
Pattern Combination THEH T % FHIE=
INEVIEIDT T TDRES
+05% 75 7DOKREEDE

RKRODCBWTE 1E [HOK] BHRY AT LD
BEE~OAR, 2 o 3NROIA &
RHEAEZHAOCTHRETOSGACLEL RN —>
< v FOAR (T4bb5RERALEZ Unification D
EH) RIS L T, B 3HES HwmRAlokE s 1 ]
R HERBFR O AL ST O EOEDNFFOLMTH
2, H21E NOT ¥ 5 #m#A] X[ False — True]
[True — False |0 2fEETH 2D T4, NOR X 474
DT 16, #HEHRAH NOT/NOR B3 2 b D7
I o®E3EIT - ODOMT2012% 5, ZOEHPKEW
iF EHEER Y A T A HERRAI R LB T b o O E
VEE T2 Ry AT LACHEERE2ERY 24T,
I 7DERAOKERC DT, 77 7DRESD
stERcanre., H4ES H#EREAORE & 2 J3%E
WeHRBDANBEDORFEOKAT, NOT ThHhhiE
12=1, NOR Thh i 22=4, LTS5 L5, ZDfA
bREL D EHERBEONNY — 2Ny FILBERNE
E9NT 2, B5HEPattern i £ 57 7 7 DEHZ
DHLZ 5 7o B 13, oottt TcirEE 0 2 Ao
Th, +OEREF DI TAELILLDT, E3,4E
BREL D, EOFMENIE 257-0FBALL
WIEETH Y, ¥1OD 3 b3, HLE»OFHEE B
WWE3,4T8) BWELTY, ASrOFE#BZZITOHD
EFROBELZDBEMICET IO WCEBA L, BERFET
BIELOFMENBE L E ZOEIZIFEAE0ICRED
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ANTLH1H

T (EMEEXN T3 Pattern 23K X <, 1EH 0 FFHME
DEOLHDOTREHZ K S50, ZOMEEDE
&3/ 70>, Pattern Modification 7 S8R ¢ ¥ — >
OHHERIETIE, BRI L U CHRBREICHIGT 2 Em72
JEFIAL Tw3 2, RE 3H D #HRFHAOK &
&1 RUIECRIGT 2 EE st s UTFIA
L.

3:2 % B & R

View N @ Pattern D f&x K#ix 7, F—H#HRAD
View O A$E 15 ##FEAL, AAOEE Y — D
HHERIE® 50 H1T - 72 4R, 25 #AHIC Fig. 10 4
Rk 75 70BN WOMIPSDY -2 A7 —v 3
> T CPU B389 6 43). 25 HARBURIZADDOE
JA4TEMNKEL D, hRO 7 Z 7 VBRL/NI LTS
7 EEfE NI, BOIZS TE LN T 7 % Fig. 10
AT, A0, LOBMED, 2 AL
—D—DPDNNY —PHRBOLD LD K& LT
Wh (Y= IEENESOENE ) O[> S
FiARN B D, HRBRAOKE JICNIGT 55 3,4 H
FR&EL o T3,

Fig. 100 RD 7 2 7 %2155 OWHH L 72 View iZ
& %1% Pattern(NOT [E[B&IZXFIE) & Pattern O1F
5 EBLOTHE 515 Macro Rule B & UG
H| (Interpretation Rule) Z#MANZIER LIz D%
Fig. 11 127" 9. Pattern IZiZA2DENZTENTH
D, BEcOWmFOBEEECHET 2GRN (12X 2H#
wdRD / — K), Qi FOBEEL L RAEROBER
R, @by RAFDaAV I Y- 3y SEROBMR
R, @z v IEBRERN—ABEOHER, @EFREE
Lxiy ¥EROBMER, @BFICET S HEICHIGL
TWwa, DRI INLI T TV RY, GOSNV
To X b7 v AT IHEBTH S, £,
Macro Rule DZ&AFHOLEFRRIC BB THADAE
BizF -5 %, L, Pattern DFDOFK S THEFER
DB TH A EBMIEL T3, #HEHRBEINZ [ASIH
Ve=[+], V=[0]Tho-ot-&, HINBZDTD
Vaet=[0] TH > 72] oz ABNOHEE R %#5H1E
LTwad (Mici3z—%oarLlz)., ZoEEOEE,
BEH [+] 0 & = mEE [true], [0] D & &2 [false]
YuosfEibn AR TAOT, BURLIZ L DI [s+]
EEELOIE NOT ORI LTidsn L v,
CHICBIL TIZRIEHROTHEL S BEEEINZ 5.

7% ¥, Fig. 111212 NOT RO R AR L 2H#
WA 1 EF0 &L THYEL K Pattern, Macro
Rule, BHAO AR U2, EEICIE NOR B
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not K

not P

Pattern for a New Concept Componont

Macro Rule for a New Concept Component
IF

Then Vnext

interpretation Ruie for

..Vnext=V +dV
LLdV =11+ 12

.1 =-le

.. le<-Vb

.. 12<Vce

.. Vee = [+]
NEW(VD, V)

569680

the above Concept Component

9 IF Vnext = NEW(VDb, V)
' Vb = [+]/[+] /[+] /[0] /]O]...

'7__-@ ®__®/ < \ = [0] / [s+]/[+] /[s+]/[+]...
: @_.L@A Then Vnext= [0] /[0] /[s+)/[+] /[+]...
......................................... S B

Fig. 11 Resulting rule.
®IG3 % Pattern HED HE T3, Input of CLIP
O—@_
33 QIBRAIES L URLELRREREICHT IEE Qw.@—.@_.@«.@_.@_.@w@_.@,.@“@ ()

CLIP 12 Unification D D 12 LD 3t ISR % F]
HLTEHEL7EBL Y A7 4L baixE 5%, Fig.
1212 C E5E T Pattern 2 EH L - £ O D&
%779, Fig 127" L7 & 92 Pattern 3 & F(D,
W) DKESDEHITEEIRETH S, I T

F(W,D)=1+ W F(W,D—1) if D>1

=1 if D=1
D3N8 —> DR, Wiz,$9 —>DIBTH Y Fig.
10 DERTIX, Widd, Dig6#FALK. 03EE
O (EBL G &€ 2BE8I13EED Rule) #EW%R L
TBY, 772 70KETRBEOATH b0 %R TH
S EBL TOEHLICHE L T35, EBL TIIEH
4% > 72 12 Unification (£ 72 13 5w B AT 12 F 0 7
E) 2FET2LENH - 7208, RS — > O
o CLIP TREMEDLE 72 CEM A BIER2IT- €
w3, $4%bb Fig 121k L7z/89 — 2 Fig. 4 F
R LTI DR EMBIC H 5 E»DHIE X, F
DD —=DBEINDHEA Ty 7 ANBEIZDH
BEWESIHOER IO S0 L THIERRLSEHTE 3,

EERRMARE 2 7 L 2 LRI R b EER S 2
DA 2 7OKEIT, TEIEB B L #HAIE
Rz -7, YU¥[Pattern WA EL L BIEE~ v F v
ZEBCERERSS o D, 2RO IERF RN 5 |

* 2 EBL & Unification O BE{% i3 3X#(8)
& EBL OHEIZRE TS,

* 3 View I3EHOD Pattern » SR I A TW A0 T, [HE
BICEESATHD LIRS,

WEEL W, CLIP

July 1992

SIERE» 5 oS

Hattern in Table Pattem

(1[3[4]0f0f2]0[0]0.... ]
Pahern for Width:2 Depth:1 ?
Panern for Width:2 Depth:2
-—

Pattern for Width:2 Depth:3
— T o
Pattern for Width:2 Depth:4

Output of CLIP

i?

Fig. 12 Pattern representation.

Pattern Length F(W,D) = 1 + W * F(W,D-1)

Matching can be done Numericaily.
(not Unification)
——= Efficient Matching

EWVis e FPREENT TV, FHILIZEEE I
o7z, Pattern X View IZ& £ 1 5 H O D A
TED¥EMEL, —DD View TANI 7 7 7DEM 2
BEXT 20 LELFY CPURRAFTHIL - &8
# Fig 1312713, 234 ¢2 12 D 11 T Pattern ®
View & EFN 2 A0OFIIEZ Tnwa w5, CPU X2
Tl EBHEAHERNS (Fig. 13 TE 1 #HAD
CPU BB L DIXE 1 D View 1311 &
Pattern #& £ 3, EZNETIN R VWI LTk
), Indha gy F T AEENELERZ
R CBRE 2 HE T 2 7 O OB ISITHIE L
HolcbDEBbE, EBRFHEEZIGTHITY,
COMERIIED ST, MERRICRLEELE 20
BANZZ7DREETHoT2,

28, Fig. 12 12/x L 7z Pattern O EFE Hikig, /¥
—VIBEEEEADLAEL T ELPUTHLELEERE

(1) 683
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CPU, oNodesina View Node
u Nodes in a Pattern

20sec.| eCPU o L 60 nodes
| 55 nodes
F 50 nodes

15 sec. |- 45 nodes
| 40 nodes
I 35 nodes

10 sec. } I 30 nodes
25 nodes
- 20 nodes

Ssec. | l. 15 nodes
| 10 nodes
I 5 nodes

10 20 30 40
Generation

Fig. 13 Relation between pattern length and CPU time.

PELUIEMNT 2 (KRTHRALLZER TR o X
H A4 X535 MByte), LaxL, AEDIF LA EIZ 0 DE
FITHBDTOLUNDEELEEZDA Ty 7 ADHEEE
TiBT 2 o CHIBRBE TH S, HLZDA VT v
7 ADMETTERE LGS, RIRTHBEL 2 ERIC
DEREARIT 7o A% 4 X5 1 MByte LT
5, ¥7:Pattern &£ 250 100 2882 3
EORBMENLBEELLIEERIE 2T 0, Rk
100 EBWT b, HAEL D /NECEEROERMNATRET
b5,

4. BEERAF & DLEE

AR E S LS E2FE L L5 L7284,
EBL oD Th b Twns, HFIZF v~ F
VIRAH AL EFALUTHEEEZ L LS LI &
TRREICTHEH, RO2ETRKELEL-TWS,

«EBL & CLIP O—%D:&\ 1, CLIP »SHERIC

FEEhaUIDHETEIEF>THWLIETHS,
CLIP X, 77 70 L CiEmBER 2wz
%, Goal Concept & Operational Criteria % H#}
B 3% U Utility FE L3 % EBL ¥ A 7
LA d, EBL TTEEEBIRIATITH S,
CLIP Tidi/1TH % (Table 1),

BFEEVATLAELTRIGE, EBLO LS
HEBASTTERS>TWBE VAT ATERBEZOEZ
DERDITWEDRFAZBETHD, A7 LI
BIZ—E L7 CEBEL T A DB E 2w,
—H,CLIP T, Y A7 2lITEZETREED
LHRTHERELTVS (3T LS
W2, —MRIEOEHARFRZETHS).

684 A T g

Table 1 The differences between EBL and CLIP.

EBL CLIP

® Goal Concept ¢ Plural Training Examples

® Training Example o Domain Theory

Input | o Domain Theory ¢ Characteristics
o Operationality Criterion of the Inference Engine
o A Set of Macro Rules
(Operationality Criterion
Implicitly Embedded)
Output e A Macro Rule o Interpretation Rule :

(New Domain Theory for the
Abstract Level Inference)

¢ Goal Concept

Bz E, XBER(7)TiX, “cup” & w5 #la% EBL
TEBSEFDRFHBEAS N TS DY, “cup”’ & \»
SEE R BT B0, “liftable” & v 2 S
WEEL DD, “light”’®“handle” & v 5 BEaHE
B/ O » I Operational Criteria & L THJFH&EDS
ANTLT WA, Eiz, “cup’ L WIS 2ZEE T
ERLOEFBLFIAEIMT - T 5, EMaER
BEByHEEIZE, CLIPOL S 2WligE2 T —
0o BEMNICTHE T 2 AL ETH S,

« REGTEB 2B T 2 B0 L 5 2B RE
AEIDERSBE, RED LT H5MBL0 THR
%3784 % Entity-Relationship Model (2+1 &)
RPNz Twa EBbhs, Blzigs 27
77TV bORMEEEET S L EICIRERS
R 3% Entity D Relationship # 5 2 2 72 &
WHIAZ N, WERNASEHLMECT S L &I
WEAEASHwS NS, BREAEXNSCHELE
KA - THER T 2 72 O I I BEPREE DR
BHWwSsNS, CLIP T%¥¥% &7z Macro Rule
i% Entity-Relationship Model Y] 0 #1 2 % 72 %
WHIF & 1, Interpretation Rule (2% Model T
DHFmETI AN S,

EBL ® Macro Rule(Fiig. 11) #Hw»T3d, 52
% #7288k (CLIP T i3 Entity - Relationship
Model T5 2 513) 2L ~IVOREZ ZHRICE
BT LIENTES, XE(T)DPBITIE, “han-
dle”“light”» SRk s 7z gl %, “cup” & v
5 bffv ORI EBTE 5, LaLl, B
DE>BEBRTOHE LV VB EDL > R
(“cup” TR & B LR THER B
[“cup” 2> TADERD 5 ]) #1752 ETiE
T Tz, CLIP TIREBBEROBS 2]
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BLTH#mEITS -oDOHRHE] (Fig. 11 Inter-
pretation Rule) ¥ THHT 2D T, FrLLEIE%
- 72 R ([not O A SIS [false] 727D T+
E) BITHIENTE S,

5¢ ¢ U

HEERBRE DTSR » S HERR 2 ZIFRAIITO L v
BTEMEHMESEER - FE T MEFEFT O A&
(CLIP : Concept Learning from Inference Pattern)
ERELL, ZO¥BAHECINGE, Bz EERER
ERRELUCERE - BIROZIICET 2 EWHEROR

o %8

(1) Mead, C. and Conway, L. : Introduction to VLSI Sys-
tems., Addison-Wesley Publishing Company (1980).

(2) De Kleer, J.: A Qualitative Physics Based on Conflu-
ences, Artif. Intell., Vol. 24, pp. 7-83 (1984).

(3) Cohen, P.R. and Feigenbaum, E. A_, ed. : The handbook
of artificial intelligence, chapt. 12, William Kaufmann,
Inc. (1982).

(4) HH, jTH : #REED» & OBES¥EY (2)BS#EEDEK
ERH, ATHEEH¥SEE, Vol 7, No. 4, pp. 686-696 (1992).

(5) Chen, P. P.: The Entity-Relationship Model Towards
a Unified View of Data, ACM Transaction of Database
Systems, Vol. 1, No. 1, pp. 9-36 (1976).

129

Beaofl, HREELEEICT 285 L LT, NOR
E#/NOT [EIE AN 3 2 BEE 2 HBIRIC AR - 28
T&%, Ho»UOHMREFOGVLVEE LK T 2729
DEEHID Heuristics # ATTL TE»E L TH [H#mE
s 5] HEE e L CELOBEER S NS EH
BHMTHD.

V=7 RA7—Yar bW CERBEHVWTERLL
Tl o AL BRBHERTIE, CPUO—ETH M1
FPEERBOEGHOEUHEGBERESW TS 2 L
T, B EO NOR/NOTHS% 1L &b L TY]
DL, ZOESOEENCHET 2#HRRAEERTE
3z kabhol,

2 X RO

(6) Goldberg, D.E. : Genetic Algorithms in Search, Optim-
1zation, and Machine Learning, Addison-Wesley Publi-
shing Company (1989).

(7) Mitchell, T., M. Keller, R. M., and Kedar-Cabelli, S. T.
Explanation-Based Generalization : A Unifying View,
Machine Learning, pp. 47-80 (1986).

(8) Mooney, R.]J. and Bennett, S. W. : A’ Domain Indepen-
dent Explanation-Based Generalizer, AAAI-86, pp.
551-555 (1986).

(9) Minton, S. : Quantitative Results Concerning the Util-
ity of Explanation-Based Learning, AAAI-88, pp. 564~
569 (1988).

(HELREERS - HItE I B )

—F E B N
=HH #— (E£H)

1980 E R R T ¥ A #HEIRIEWRBI 3 &
FE, [EE, (R HIMEFRC AR, @
HIAVF—HEFRICCT S PORE
ZWI ORI HESE, 1986 FE LD,
BERTSEATIC TR R, BREY, &t
#eams E ORI HEE, 1984 FEHARFET
NEERIHE, 1990 FERE SR Y,
1991 FALHIBEF RS ERESEFH X
HR2HE, BHRAEYS, AAAL ACM &

=8,

July 1992

TR & (ExB)

1965 £ H TR TEEIEF /1 TERZE
%, 1967 ERA¥REEF NI ¥ELEL
FRET. FE, BNBYERTCAR. F
LR ERSERT, TSR, T ALF
—WgeRT 24 C, B, EBEMRAEE
WMEER., EFHY A7 ADHEH, EA,
w3 5%, ZEElo F 28—
AT LAOWFRERET, BIEIXATHRE
DOEBETE, CBBEY, AERES,
HFga w8 A L, ENHRL E ORI
WE, T¥Ht, TAXKY 7 by 7H
FRHEE, MATHEEESHEE, Knowl-
edge Acquisition (Academic Press) #&
#%H8, IEEE Expert fREZ£8H, 2¢
2 — Y RIFREZTA., 1970 EHEXFEFH
FEEEE, 1977, 1984 SEHEREF 2
LMNHE, 191 EATHREF SR CES
B, BHABEES, BAY 7 bo =78
¥, HEEMEIES, HEREF %S,
AAAI IEEE Computer Society &%
A,

HeERERR D & OBERFE (1) 685

NI | -El ectronic Library Service



