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Summary

We view a set of chunks, the use of which makes inference more efficient, as a concept. The idea
is based on the assumption that a chunk that appears often in an inference may mean something
important. The extraction of a chunk is solely based on finding the repetition of a typical inference
pattern in a given environment. This idea, implemented as CLIP (Concept Learning from Inference
Pattern), adapts Genetic Algorithm like parallel search algorithm and when applied to the digraphs of
a carry chain circuit, CLIP extracted the chunks corresponding to analog NOR and NOT.

This paper discusses some of the important factors for concept hierarchy formation. Introduction
of approximation is very important to step up to a more abstract level concept. This can also be
processed as a reduction of digraph. Another important factor for the concept hierarchy formation is the
characteristics of the inference system. This must be reflected on the matching cost. The different weight
for the matching cost generates a hierarchy of different levels/depths. Environment of the inference
system is also important. It must be reflected on the choice of color. Choice of a different color forms
a hierarchy of different kinds. Presence of noise effects the performance, but the analysis indicates that
CLIP can cope with a certain type of noise.
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Macro Rule for a New Concept Component

Interpretation Rule for

IF ...Vnext=V +dV
~dvV=1+12
A1 =-le

... le<Vb

.. I2<Vce

... Vee =[+]

Then Vnext = NEW(Vb, V)

6OOORC

the above Concept Component
IF Vnext = NEW(Vb, V)
Vb = [+]/[+] /[+] /[0] /[0]...
V = [0]/[s+]/[+] /[s+]/[+]--.

Then Vnext= [0] /[0] /[s+]/[+] /[+]..

Fig.1
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Macro Rule i fH% 9 2 F#: 2 #1012 NOR ® NOT
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Input Digraph
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LLF there arises no contradiction by removing a particular pattern ‘

TYPE 1 : Utilize Rule Color
—= Assume a Function of Object

1 - - Vee R T
2 Pull Up Tr. _;:>
4 ) "_’ 4
3 — } 3 NOT

Pull Down Tr.
1 = Gnd

TYPE Il : Utilize Value Color
-—= Assume a Default Value

F xgext-_-NEWéVb) IF xgext=NEW6Vb)
e R o I =) 2
Then Vnext\‘[s+]/[0]/[0] Then Vnext =~_[_th]/[0]/[0]

\IF always the SAME |

Fig.2 Approximation.

NOR / NOT (Analog, 5 min.)

Carry (5 Inputs . total 7 min )

,-"..’:')

Rules for Logical Operation (Truth Table)"” found by Assuming
a Function (unknown to CLIP) of Pullup Transistor.

Fig.3 Importance of approximation (TYPE I).
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Input Digraph
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THBONI(ERTS AID/ 5 —2),
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50 D/ ¥y — U HIHRIET, 77 7D KR E S058
BEEFHiizh-oix 15 RE T, —D>—2D/ 85 — >

Input Carry” found by Assuming a Default Value for the Clock Signal

Fig.4 Importance of approximation (TYPE II).
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lnput Digraph Intermediate Hierarchy NOR / NOT (Analog)

Higher Matching Cost resulted in an Intermediate Level of Hierarchy

Fig.5 Importance of matching cost.

ey FrTaxNEERBLEPHDO0 XD
XL, ATy AYOEER 1EED L L

THHBT 289 —> (HROEFLVVOFRH) X
v & nre (Fig. 5 )., ZoEREBoNZT T 7
EANELTHEE Y — v HligEez Lz 25, <
v FU AR RERBLEDGOZLDERIL Y 7 70
B ohnt: (Fig. 5 Him).

COMERIIHR Y AT LD X D RE L
SHEENENT I EEREL TS, T4bb, /Y :
ey FRENBEN MRS AT A THIE, 1 |10
PEE TS T X ANEM, NI -7y FRESTDFF (b) Resulting digraph (subgraph) with data attribute.

VAT ATCIREREBCEEINIZI N E LT e
DEFIRY i waElREl N H B, CLIPIZ 7 7DOKE »%
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%, Fig.6 1z 7 70 r L CHmMRAEFIHLZ S //// '
» (Fig.6(a), 20> 6—HD#H, L L THEE

D75 7MNEND), T BN (G-I PELE»E (¢) Resulting digraph with value.
Wil R2Rd) 2FALLO (Fig.6(b), F), B Fig.6 Importance of color.
FUF—sEEFIHLIZL D (Fig. 6(c) &) DR
AT, SO T7DOKRESOEERL YERCHEALL  fMETE Aok, AC—2088 =¥ (Bl
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HI %1 - 7884, EBL T3 £ Z 50 MacroRule 8 Macro Rule (7' 7 7 O & L THEGRIAI 2 £ - 7245
TR Q1EWBLUXE(]1))., 77 70EL B 57 NOR & NOT) WO T&Ez, 2D t
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2P RN A BRARE S| Loy —rhtiit BARRXOBCEVCEEBRSS 2o EEb S,
2h7-. B EBL ® Macro Rule iZfH% 35 b DI IS5 70BELTT— S EOAEFESTZSGE

Macro Rule I2FE¥Y 4 2y iz TE o7z,

¥ 1 BAHCHEEE LKL SOEKETOEDHHE/ S e o ‘ e
Bt Fig 6(b) B0 o0 73 7 cdAL £ 5 DFE O 777 hERD D L, MDD

(a) Resulting digraph (subgraph) with rule.
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Shallow Level Inference (OUTPUT with NOISE)

Output

—

o o ff Y &

Q4 V4 14 Q5
(L1 (L] L] [H]

/

CLIP can Learn a "Concept"” even in the presence of Noise.

Fig.7 Effect of noise.

Macro Rule @ &k 2 i (ZOHFEY I a2 —v 3
¥) OFIFRLCERRERIEB oL o T,

DLEDFERIZS S 70 e U THwmRALIM L E
e bOBH LI 2R B LTS,

2.5 /AXEFBHER

[TABIZBEIC A X2 E80EBE Ve s¥E- -4
KTES, 22 TCRLTERFIERITADZFDOS
THRF53ThH5| I EHIEBZSELYL, B
F CICERIOREFIER T s ABDHEK - Tw
ZXHRLD A4 AV RCEBDOES 2 bDTH 5,
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YLTERSNTBY, BEOEMBEBICKEFEL
7L,

6. 7o 70EE L CHHRBEHWEE, Goal
Concept & Operational Criteria * B #1812 %
+ % Z & T Utility f&Eizx)& L, Unification @
RbvicdoxticEEsF AL TEHRLL 2
EBL v A7 L kALY,

7. EB OEZZEALHEGmEREERLI ST 7

O—ZERERT 5 2 LT, HBEEERA L L AL
VRV DOBEE R ST X 3,

8. #awy AT LDEENREBIZE, N =Ty
F > JRES) B bE T, BYILESEE K
TZ 35,

9. FEBICHAT 2ER (V7 700) & LTHR
HALISANc b T BHEL EBFATE 3,

10. BEC /A X280 HBETHFYEURETDH S,

3. BEMR L DL

3.1 IBiAHEERE DLER

RERBEFE L v 2E, MRV LS EME T S
DEPOIEAREES - BF & D EET 2 FHEER O
ge (% 1F INDUCE/ID 3/Version Space) #3%
S, B ULEBAEONBE TCEO TEZHRIZDV R
Moz,

CLIP Tz M8t # [FIFA$ 2 2 &2 & D #EdmHsfl
HIcn3EE| ThHDEIRZ, HRBERED S OBEFE
VBEEZTWS, FEFERO &) 2#FAL#R
ONMEALE TEZ I EBELOHFTERES R LT
w3, CLIP i kg, 2 iIFERER 2R E L/-E
[E - BROZCHET 3 EEHGROBRELSTL, #
S EEAEEIcT AHEEL LT, NOR/NOT 124
THHELEBNCER - FETES, HO» UM
EEEICHLY T 2HABEANTL TBL 2Ty [Hm
REEEICT 5 | BEE L CENOBERER SN, &
B U 7= HEREEANC & D HEER AR T & 2 AT
b5,

¥ 7, TERMHR EEROBEERF O LT
COBWEB® 7z ¥ Conceptual Clustering @ Hf5E538%
A DDOH %, COBWEB 3RHT — 2 it LT

2 SIS T7DREIDEELY, [Nakrl57%2525%
D e [HBzonlBEOTTHHY R T L0OMFEE LT
550 LIIRICE®RTH S,

692 ANTLHE

Table 1 The differences between COBWEB and CLIP.

COBWEB CLIP

o A Set of Inference Patterns

Input o A Set of Object Descriptions o Domain Theory

o Characteristics of Inference Engine

o Useful Sets of Chunks

(Composite Objects)
e Useful Sets of Objects

from Inference Patterns
Output | § Their Conceptual Descriptions

¢ Conceptual Descriptions

to all Chunks

* Maximize Category Utility : ¢ Minimize Graph Size :
Note

To Predict Unknown Properties To Improve Efficiency
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TH5s]* &5 8874 Heuristics % — 272 - 7z
R ATLEDLARLES,

FE2 ML SR IE U 72 Heuristics * HE T35 2
IR EETH S, HED Heuristics ICFH 5 Fi&
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Rule #H 0 3 FEEEEL T 399, CLIP TR
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* 3 TYPE I ®ii#Eix, Pattern Modification DE&fE T
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Table 2 The differences between EBL and CLIP.

EBL CLIP

o Plural Training Examples

o Goal Concept

o Training Example ¢ Domain Theory
Input

* Domain Theory o Characteristics

® Operationality Criterion of the Inference Engine

e A Set of Macro Rules
(Operationality Criterion
Implicitly Embedded)

o A Macro Rule o Interpretation Rule :

Output
(New Domain Theory for the
Abstract Level Inference)

¢ Goal Concept

WITNOBSEEA2ER L DT RW, 20729,
FELUIBSERAOERETTI ZEETE Y, —
77 CLIP TRIEBER OS2 FAH L THwmETO 2
O OHEEFHA] (Fig. 1 Interpretation Rule) % THi A
TL5DT, FILOBMSEF S HERETS e TE
% Pz 1E CLIP Tid, EEPCEROEMG %A L 72 [
B HER % Fig. 1 12f]%7~ L7z Macro Rule 2w
MELANNVOERICE &2, BB EFE
TV VO (B 21 [not D ASIH [ [false]
7ol T SIiE[true] ) #1T5 2 & TE %, EBL
RS S, Fv o 7 2HHLBBEEORET
DX BBEEEFERLLAIIRYS S 2w, Flz2iE
R (2) OFITiE, “handle” e “light”7» SR & 172
L%, “cup” kv VNV OBESICEBT S Z
EETIITELD, LULYED - R (“cup” TR
WwEnes LR ToOHRE B2 [“cup” 2 # -
TKDBRD B ) & T3> Trzvs, H7712 Interpre-
tation Rule &% Z & (Table 2) #CLIP Ok X 73
HHETH D,

3.4 HIRRBF &

CLIP ORI N ¥ — > O 1E 13 —FE D Genetic
Algorithm®? & &8 2®  CLIP ORI Sy — > D
i #2 7F o ¥ #1& Mutation 12 48 24 & % Pattern
Modification 23558 /1% 55 CTH 3. Fig. 8 i Fig. 4 DE
BRI xBonkrosvokes s, R
& @ View 73 Pattern Modification TIERX S 117z &
®7», Pattern Combination TIEE X L7z & DD
%39, Type I DI 1¥ X Pattern Modification @
—fEE LTEERaENT S, Fig. 8 TETHE®D OE
4372173 Pattern Combination i & 2 ¥/ T, %I
Type I DIELHEIE D & T Pattern Modification 2
L OESNT: View DHLETH 2%, % /2, Fig. 8 L8

HRBEED & OBERFE (2) 693
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— VIEW Generation

T

[J P. Combination
M P. Modification
B Type | Approximation

Fig.8 Log of search (with approximation).

T RO BINEPERE 2T > LEREFEVNEL, F
BRL7: View DHRIZETO NI DB H - 2 E
LT3,

Genetic Algorithm O TIXLERIFE 2 L1 2 Z
EMR—DDWRBEL > T2 5755, CLIP OEEHE
213 Mutation (CLIP TiZ Pattern Modification) %*
TRTZZ L VNEEIELE FIF 2 2 EN[ReRSE
BIOFHEERL TS

7, MEERCHBLTWS 7ol 7 A3HERY
RAMBEEZIT->TELT, FOEKRTIE INDUCE® ©F
HHEH#EY X7 L HARPY®™ 2 F] B & #1 72 beam
search I W EHREKZFA L 72 XIHER S R 7 A
Wik>Twna,

3.5 PEREYEEE~N—X

¥ AN— Y AT LDOEBEELITEOERR < — R
BRI D Z OEBEEMOBESEITH S DD
b, FOLDRMFEO—TRE L TEES L, KB
B RICET 22 B VL OFER (BEERD
HAEICHY) & TRV AL OHEER (2 OERICHEY)
WATE U BEBHI R AR — A LD AT ETT-> T
v 5(13)(14).

RV AL E TRV RAVOHIEEE D <7
GEUHNEETH S I L1225 DFRDBERTES
N7:H5RTHD, CLIP i M & TEDINELE
EHBMELED LIS ERBELSERINLFETDH
%, BEMET % 2 L & D BB SRR — R &2 ERK
TEDRHBERATORRHST 5 2 L AJREIZR -
7.

NS OFEAMTIE A RICEIT 2 HFOIEE - BHEEIM
THY, FRENIZY R 7 HERORET « IERM &
H¥NBERELDTHS (Fig.9).

694 AN LAR

Functional Description

Shaliow Knowledge Shallow Knowledge
(Depends on A‘bstracuon) (Depends on Task)
Ol ———— L
; Then Check A and D
- Knowledge of Knowledge of Diagnosis
Abstraction IF Relation(X,Y,Z)
IF X=Y+2Z Abnormail X
V=W"*Y Then CheckY andZ
Then V=W"*X T
Neglect Z Shallow Knowledge
Deep Knowledge

(Depends on Task)

IF Abnormal E
Then Check Band D

i IF Abnormat B
Then Check Aand C

\ CLIP automatically finds this type of relation

Fig.9 Image of hierarchical knowledge base.

S NDEREE

CLIP cBAL TS B IEIN-FEELUTCE Lo

5,

(1) E#&FniRE

CIRAEEBRICHERAL TWwE 707 740 Type TD
VTLUERIE % U 72 & D Pattern % Pattern Modifica-
tion OXFFRIZ L2V, ZHIFTREOEIESETIE
SERERE 21T > 12810 7' 5 7 O#EFE R
BB THD, ZOHLEREBOMSHEE
PR L BRI AL E R BEESER S 2560
Hole, TOEEFEIWERRETH S,
CHEERBRICHERAL TWA 707 74 1 B0
SULPED KA 2w, T ETEELEOSE [T
Ev] & [Z20H0OE] ©2HNEEE LTS
7, BERZ 1 HEAOMEOMEE & LIz
7, ZHEITEEORVIISHBROBETH S,
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— VIEW Generation

Fig.10 Log of search (without approximation).

(2) PBEBRVENE~—RIBECBBRL -RE
« BED CLIP ik 2 BB DR — A Th i, #
YR T LADRENEEICE Y RIS »
RTD, COBERPEVRT I ETHEEREOH
BMN— 2 LHEEARETH S, UL, ZOHBE
EE AR IS 50 Ta0 TRELT % HEE
BHwv, SBROBELHERETH D,
T 7 EBEAALIBECLEDT T TICEEN
T T = P HIBEEDOHRBIC I TE L D L
LTEBZBD I 7 7 & k2 BEa01H
L, COLEBREDCLIPIRT — ¥ T LDEEE
BPELEBEL TR, ERICIE T -5 OB#EIA]
REME, BIEETREM L L ICE D F—S T LOEEE
WEED, ZHhC L > TEINET I »EEIN
BN, INSDERLSEORETH 5,
cBHEF TOERTIIERRIEY I av—va v
RBObLODOAMERL:, EMic sy R 7079
OWRBRAZHEL, ¥ A 7 HEROEE « VER
MEHETILEND S,
«CLIPTRZ7 7 7DORESDFMERNE L TEZ S
RIS X—FRFRT L LT, FHATL#HS R
T LA EDY THR Y A7 L DNIRHE % 51t
T2IENTES, LrL, #HRY AT LOREMN
W& o TR L e LS E S A OB SiEE &
—HLRWEENTFEENS, 121238 TE
BLINY -~y FEEEERLBSEED
BfRIE, 2L BBEO—HNCEZ S, FHEHK
SANBIOWBHAY AT LAE2EZ 25 2 TEHEL—
K352 enEx Lo, ERL-BSEEE2FA
FEOWRIEEIR T 2BECHES LT v T
RA—F 2 EORET RIT O LB H B,

[ C & AULEERR A O FIFK (B 2 13 B 0 22 403%)
ZRNCEF > TWT, IR T T3
BELVHVWEEBDNS, 0L RIEFHBEROE
HESHOFETH 2,

« BLED CLIP O A 13 BRI ZB R 2R
LTW A ZE 2w A 2/IMEIE L TBE
DFEALIBR 2 B 2L SBORTFRETH 5,
REXRBRICFHL Tw5 7075 AIFHERN AL
HEIT> T w (34 BIZH) . 2 D79, Genetic
Algorithm 288> T W 2 LI S N % B E
i o DRHBE I 355, T LIS b Pattern
Modification TIFE W/ S8 — v ~ADOEFL » L
Tl —EERrOLNDLE ZTEEERINIC
S wEwokRAbDH B, Hlz2IE, Fig 10 12 Fig.
1 DFER %15/ EBREFIC, View TE S Z 724D
777 DR E L REEIL R ERT.
Fig. 10 OfER I, EiHO TR ERHO & 2 5 THE
WY — il KBRS ER RO, 88
—UDELA LY —ImERPELL o (HEHEE
KHI) 8, TREORID/ Y — 2 HEITFEE
DREDOESITROG I EEZRLTWS, EHu
NI —2DEELEBIZRVIER D2 LT Y
B2 TR O BAlREMkIZ A v (View D
EEFEVRDIINEV S — U BIRTETS
n, FHER Y — Y BSHESNBATRENES 0 T
V) BERFEHREE L CIRREORAS L EED
hs,

5. ¢ U

HERRIERE D AT HER 2> © HERR 2 IRAVICIT S v D

(3) *nthoifE

FRAEPHRIEZER T 2 -0 I EICHIG L - %
FIBLTWS AL TEunErOHlE LT,
TRTCDBEEDODWTFHEEE L L OLELDIE
RELTWBEY, ZOAEMEZ 3 DIZEIBERL
BTEVEZHEOENSWFEEDATH S, A

BTEMEHMES2EN - FEIT2HMFEHEOHE
(CLIP : Concept Learning from Inference Pattern)
wBLTEERMZ, UTofmEE:.

cCLIP [BBICSINTW3EEIVE2REDIT 2]

EVIHERTO [#EE4EEES | 287D,

< mEER OB LRE VL S RBEESRA S
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(2)

(3)

(4)

—& E R N

696

KT %k AR OF 2 2 8A L, #Hm@EE R
L7272 7 D—EEHERT 5 EVLETH S,
WMYAT LAOBRIEE BlzEny—r=yF
YRS W& D EVIABEEEENELT 5.

FEBCHAT2ER (V7 700) &L TR
KA T — B EXFIHTE 5.

CLIP 3BEIC /A A2 GOHETLFEURET
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