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Summary

It 1s difficult even for an expert to fully understand the behavior of a complex system. Human
being can move around the different level of abstraction based on the functional structure of the
system, and focus on the phenomena of interest at the right level. Furthermore, s/he tries to iden-
tify the role of a part in a system to reduce ambiguity of possible behaviors in understanding a
working mechanism of a system. S/he then identifies a set of elements as a meaningful composite
element and regards it as a single entity. The way we understand a complex system is hierarchical.

This paper discusses a hierarchical qualitative reasoning method which enables acquisition
of heuristics and simultaneous utilization of knowledge expressed in multiple levels with different
abstraction.

The method makes use of equations which express the physical principles as the deep knowl-
edge, and compiles them into the shallow knowledge expressing a representative behavior of a
particular element or composite element. The shallow knowledge expresses the way an human
expert understand a complex composite element, and thus, is heuristics. The method serves as a
framework to formalize various heuristics which have so far been unable to handle without an
experiential method.

In carrying out these process, a new generalization method called an implicit-explanation
based learning (IEBL) method was introduced and found useful. IEBL generates shallow knowl-
edge from a set of given deep knowledge and an extended explanation. Use of this latter knowledge
in addition to that used in the explicit explanation suppresses over-generalization which may
otherwise be caused by the necessary approximations.

The envisioning processes of a Schmitt trigger and a radio circuits are explained as exam-
ples to exhibit how the proposed method actually works.

LTV, Lot ABRT 2L, FUOBEIIL
1.1 C & I T, Dhr->TVEEBIIIC FRLXLVORREZOE
TEHT S SEAXEZALE, ABRIEBRL~NLVOR
BBV AF 0T RTCE—ETHERTIOEHL BAMEEHRICHEVSY, FELTVRERICED
V. AMEHGoEcEE LEBNICIEET 22 & BWYIE L NV OREED S L ESERAS [ ZHLTW 3,
Kk, FALTLWAERIIELBEY L LNV ICER D&kH7E, AMOYBERRICHETIHEEOAES
DEHEEBOLELIENTES. Lrd, Hrx0WHED WRELIHRIEESRR VP oRflodhTRL S
He S M oS & OBRAMIRT 2RI, £ OF TENTES, BEBLodHoNEN IFEON
ORI THREAEEZZ, EIVEIEFHOS LEYL WHhSERINLTEY V7, TROEHMEORL B
bODAEEME L, MAEHEL., MEDOWL Hh i F HBEAGRT2FELVL ORI h T B @710,
LHT—oDKE:R bo 7V —7 LB L, BENICE A@WX TR, BEENEMH#EROERFEEZGHLE, §

July 1989 PEBRIE R D 72 0 DR W EIFR D ARk 447

NI | -El ectronic Library Service



Japanese Society for Artificial Intelligence

68

L~V D R B HEE HHICEVST T S REEN TR
BTEHTZ3ZLERT. &6, LTI
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(1) Causal Analysis
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Effi-C, BMWHORBEVH SLEKOIRE W EMBITT
% Consolidation (&) B siEBLTWA, T O
i, AOKRCREROMEELBEN ICEHSSE 5 —
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<, BIRFHERD LS BHEEABEPLT VLD
IR H»iavn,
® BE{toHog s s 5 Causal Pattern % ¢
hEdET 2L RETHY, 2OEDOER
B HEEZG A TORW,
EVOHEEBATVL S,
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MBOHEICEH LEBHICEEST 5 LickD,
AHLTORHRIELBYR L VicEROESRE S
b 3BEELHERTERT 210}, HRICBET R
HEEBIICEBET IRRAPEETH S, TORICE
HLUAHFREL TR 8)~(10) itk 3 bD008b 5,
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B EEOCHBREFET 2RO WICBEEL T
FEAELTVWE., T0bb, RVABROARIS,
HROFMEEAMC T LIk RAET KRS
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DHETE AR S TOLE L,
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( Shallow ) WA, MEENEERERRELCHERER VTR
Knowledge Hd 3. Fig. 2 B EMEE T v F v 4 — K> WTEL

Functional

Domain Theory Level 2,3... U7 B 25
]:I){er?gwledge [Recognizer (3) EOHFEOEA
Level 1 BREHIOGOE THEA LGS OREKNEEICH
T A (RVAR) @, BRoOMEE - FRARMNT
Intéﬂ;dazi Envisioning) Generalizer <l:. &C%E{fﬁll t 4 Eljﬁgaﬂj 5. éh&ﬁ{i éi%ﬂ; L/,
Extended’ | | S TRIEBHEDHHAT .
/ Expl ation% Fig.3ichsvozxs LR EMEKT v 74—

Example |Example Mechanisim t?0 PreV,ent &0 %ﬁjz Nz @% v T%Eﬂ‘ L7 WJ )&ﬂ? T Flg.
m Extender Over—Géen@;rahzatlon 30 iz THBEABTEOHETCHAN THEDSR
AT 2] C&EERLTWVWS, F1, Neglect ®

. —— Y Worid TEHTE2EH] ZRL TS, FIX KK
Interpretation Translation

Fig. 1 Overview of hierarchical qualitative reasoning. gel (N1,2,34), afiziid & (X10), 27>
-l Z2BEHROEIEEATE (X2 LU 4

Instruction

o IJE), BREER CHENS (X1 2&%2FLT
Tr
1 Vi = Ve =V,
B (2) VE _ f} R If (5) Vagg = Vg—Vg
@ Ve = jwc e Then Neglect Vg of (5)
E ¢l Ig 3) VR = R-In (1) Vgg = Vg
(4 Ig = Ic+1Ir
lIe ==C R Z| Ig 5) Vep = Vo— Ve (2 Vo = i
_ ant - (8) w > wo
L e 6) Voe = Constant-Ip Then Neglect 71z I of (2)
9) Vo = 0
Fig.2 Example of deep knowledge. If (1) Vg = Vo = Vg
- o @ Ve = kI
He 5. ﬁljgtii¢%®$§+f& &b’t’ommﬂ"ﬂlﬂﬁﬁf (3) VmR = R-Ig
HETH 5. $%E 3 Causal Pattern & [G]8E & 1175 < IX @) Ig = Io+In
KT ERRAETHY, FOHREREFIELOGKT 3. (10) w < w
Fig. 1 <, Interpretation Rule & Translation ¢ = [4]
Rule i3, #EEAI% il L7 SRR (BOHHS) © ko=
) A ] Then Make (2) Unusable and
FEHAEEERAEAE5Z560T, BF T 545 Ic of (4) Negligible
IS L, RO BEANCIVERRE LA TS 3. (1) Ig = Ir
Vb ok,
© WHBIcBT 2 MEENEECTR S L TR Fig.3 Example of shallow knowledge.
L, 20 Liciti v VO RKE 2EBVHIZERE v
w wo ‘B = Constant w [
MRS O, B Ao IR S HE iR beHs 5 5 < ”
1 B
ﬁj_ 52 &, (11) {LE T Neglect I (7) J‘; T Neglect Vg
@ B IR IR SR O AR O EER L, P PG
kN — BH z z, b Ve 1 g 1
%ﬂﬁ ABEERBITHIL, Bz, B0 n ¢ (1,3,4,9) | ... Neglect V¢
FHEAH T2 C &ick o RAET ZBIREA /N ® KE 1 Ie 1
ST EDDBITEMERARET 5 &, Veg |
. 6
&::TI{:]} bDTH B, © lIlz.; | Negative Feedback
PIFTH, Fig. 1 OSHONEE BRI 5. " "
(2) BUOAEORER
R OB RS 2T 2 WBEER T & E Fig. 4 Example of envisioning process.
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Deep knowledge

Extended Explanation

Shallow Knowledge

(1) VE = VC = V}i IET
(2) Ve = L1¢ I ... (4), Neglect I
’ = IrT
(3)VR=R-Ig b (3)
WIg=1Ic+1r Val
b ()
VET
Example U )
Vel
If w < wo - ¥ -+ (2) : Unusable
Then Igft=1Ixt Ic

If (1) Vg = Vo = Vg
(2) Vo = JTIC'IC
(3) Va=R-In
(4) Ig = Ic + Ix

| (10) w < wo

C = [+]

R = [+]

Then Make (2) Unusable and
I¢ of (4) Negligible

(11) Ig = Ix

Fig.5 Example of implicit-explanation based learning process.

B TRz Y57 4 —HEHD &0 RBINLEET
DREWIEENICBET 2HFBERL LS.

4) HBOEEREN

Ric, TTETRBAEEHPLLZ>0H#H%ER
WTHEOERNBE A BIT T 2 HE2 RT3,

iz Fig. 1 ® Recognizer 3, EFDZEL E
ERPBIBZEICEnBEVHHR e —KdT 3
AREA ROHER) oA EE2BREL, BEitftiri
Z T Then o AN T 3 HREXZ/ERT 5.
g, APHEEEHRT A EDEEsSh TV S (Fig.
3 “Make (2) Unusable and I, of (4) Negligible”)
B&E, BRERLTBL. CoBRKBT, BULVAHED
FOHRREERRic, ARAOETRBES I LIt 3,

iz Fig. 1 @ Intended Task ic &k 0 ZFEVHEIZE & L
TATTL &, Recognizer MERL L - 2 FEH
DZEE > THOEILD & =315 4 5. Recognizer
KEOEET 2 EBESNALRXIFHEAL KL,
ENPUADRIBZI RTHEAT 2. HBEICHELSHATER
DHAE, Fig. 1 @ Interpretation Rule iz & v 22k
3%, ZhicBIL Tiz 31 d(6)T Translation Rule
E—HEICEREAT 5.

Fig. 4 icCoFEICXIBIBMEME T v 57 v+ —
DEEBH O ERT. Fig. 4 o EMoFTid, -
172%52EZET 588 (0 w,, Vs=Constant), I,
WHEMT 5 &, [HOELZEH T, [ME/LT 3.
DD Ve, Vi, Ve 8EAL L L OEALIZ 2 7T 7 4
T A= KNy I LB T EAHESATY S,
1, AIOHITE, TEBICLD (0> w,), Veditg
mese, VEOELBIEHETE, Ve ElLT 3.
DD [ EALT 20, IAOE/LIZEHTX, I,
WEALT B (XA F 4 TT7 4 —FNy 23ELEV)]

¥ COFEERBEROMA (Fig. 5 oK 1, 2, 3) 2 —f{td
% & W5 Ek T, Implicit-Explanation Based Learn-
ing (IEBL) & &4 1-.

450 N LRI fig 4k

CEMHESATYS, D Eoirfli, Kits Al
AVFVH—OBHOHmMPL L TELUNRLDTH S,
Fidofltid, —HogHesEH L LIciBEF
BOREIUL-7., LrLl, BEodicid TREN
BEIEZ RSBV b0MEEEELH 5. FiItOoHk
TREDOLIBHHICFESEL EH, T ~OHIEG
Hikld 3.2 TR 3,

(5) FZOAFEDOAR

DI EGREA LT & s o REWIE 8 IcBE 4 2 Jak (%
WHIE) 12, Rutgers &, Illinois A 75 & THIZE hs 1
H LN TV EFEED AR (Explanation Based Learn-
ing 12 9% ) 2 EHT 5 & T, MEER (FEORE)
EEEPF|ORA» SHERT A ENTE S,

Fig. 5 kiR WHIB O AL 2R ¥, fEks hio ik
WHIE (Fig. 5 o 11) i, FuvHEE (Fig. 5 ok 1,
2,3,4) LEHEDOHN (BEOBET IR 2EEL -
Exic(Fig.5no2:K4p I IFAER), ELW
Mk (ROVHRREEFR L TESNB3HE) THh, K
DIAF v 7EOERKRENB",

(@ FBOAFENSBRRETEEFIOHAEER @ C
CCTHIRRI S EH DOHRA & 13, BEFTEIDIC
ZlhLtctsh sl (Fig.5 Tl 1) o &k
il sh 2 (1) £ TEEHRITAITS
i SELHE (Fig. 5 chHERX (1)) L ER
T BRI (I) DIEHMTH 5.

(b) ZENEMNICK YEHBHIOMRBEIER : BIAMIC
&, BlIECTEBICEILLEESNSfE (Fig.5 T
Iet) 2, FEBRTEERE L, MRITERSH
REVEEBICE N 2 B DI - T aRE (F)
A3 Fig. 5 oKX 1, 2, 3) 2B EH 0 FF I
MAB. T, HFEEFTE, (H22FVHEH
BI85 h, T XTORMNFERHMPIHRIGRFICEH
NAEHOHEICL2E THIT S, 7, ERHMH
REEBBICRN 2B OB 3BT B8R s N
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Interpretation Rule
for Equation (11)
IF X=Y
X=Value
THEN Y=Value

Interpretation Rule
for Equation (3)

IF X=[+]*Y
Y=Value

THEN X=Value

Interpretation Rule
for Equation (1)

IF X=Y
X=Value

THEN Y=Value

Interpretation Rule
for Equation (2)
_1
IF X—mY
X=Value
THEN Y=Value

71

Ig— (11) —Ip— (3) —Vg— (1) —Vg— (1) —Vo— (2) —Ic

(1)Ig =Ir

All constants but those in interpretation and

(4)Ig=1Ic+In

Translation Rule
for Equation (4) . w<w
IF X=Y+Z
Negligible Y o C=[+]
THEN X=7
¢ R=[+]

translation rules are replaced by variables.

Fig. 6 The role of interpretation and translation rule.

¥, 2OBRICHNZAHD S 5, BRSNEM
BB EOENEHBECVWEY, HETNEH
e siE T 5.

(¢ 2FBORFT v S THIRENI-EHPIDEA%E —
BRAEL TERVWABESHK : — Lo i: EBL
LERETH 5.

(6) Interpretation/Translation Rule @i

Envisioning & ITEBL 0B THE L 12 2H#K (Z
DA RIES) Bd 3 M3 3, Interpretation Rule
& Translation Rule & U TE# 4 5.

%] %z ¥, Envisioning =i id, ;3 EDEE S
BADACKEZFER L CHET 25501 EHA %
Interpretation Rule & L TE# L T3 < (Fig. 6).
IEBL ofzicid, R4%2EHEL TR 1L 250D
TR HA) % Translation Rule & L THEBEL TEL.

1o, —BALOBETERICT S 57— 5 Z0HEI
b0 -V OIFHERFHT 5. FlAE, Fig.5T
Bow,C,CROEREELTWVWSE. Zhid Interpreta-
tion/Translation Rule ic k v i a - KDFHE -
BARAD, ZhoofE2EENHELTOE2HTH
5. bbb, BRHICHENIEHRLEINL 2 & i,
BRI ZEES ERT 2 LR EE, EBLOML
EThasZ&EAFALTWS (Fig.6 05 2FHD
Interpretation Rule).

3:2 Y2y bbPYH—RAEBBANDICAHE

BifiE CIici@BA L - F %%, Common Lisp FicE
BL, X#KQ) THEE LT FiFohTws va
Iy b bYA=l (Fig. 7) ~NIGH U, B8R
OFER, BARINCEE (1) O RNBERITORLE L
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Fig.7 Schmitt trigger circuit.
bOMNBoLNBE T LRI,
COBEEVHBRELTE, ZoD Sy VRS —
LT, #hFhTico 4 58K, /Dt 8 HEXR,

0=I.+1I,+1; vk &y 7 DR
0=Constant X Vzz — I PSR —1
0=Constant X V. +1; Fs Ry —2

0=Constant X Vzz — 1, S vYURY—3
HooiEHicxd LT, #hFhTEn 2 58K, /h
it 10 AR,

0=1yoaey +1yoaer F k& oy 7 OER

O:INodtl -Rx VNodel.NudtZ A — & O R
BXULE-oERRAIIHLT, 2hEFh+Freky 7
OEFREGER ONt T HER), BROBESF LWL
EERTHOUNTTHER), SSIBRESS VY FO
BEEMASLTV EERT 2HERNDAEG 34 HEX
525,

o, ki HpEALT TR ERNICEEH LK
T aL2ERVEART 0T, BHHE LT,
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D +t3vIRI-—DR—REBEFELFRXES L,
av s SEHRVEMT S
@ r3vvRI—DODN-2BEALRIE 3L,
T3y yERBEMT S
® B|RICEGSI L IERO—HE» SEHRES & H
&, BEEMSELT S
@ B - EH - F L - BB - T 2 OIEFF T8
I 20BEA2*THIEALEFLIOE
HEATREYT 3
DAFIEEZ, R THALCHEICLD, EFHH|c
SHhd 2 AR 4 BHEEERT 5. oA EFH
THIEICED, va iy b H—[EEEO BT
3 TX 5.

L, valy b A-RBROEE, EEEN
DRPFERE LT TAllO L v s oinitt 28
mEmsT a1 &, THAOMox Ly s hSHEAHS
BREBELT 2] BBOOBH, O >DRITER
LR OBEHP| MERICHERS W BERO—t» 58
mELI&EHT &, EEVEAT S] hofFonlAiE
REFHTZE, Ty vy sEBFRERTZ) &, Tx
Iy YERERTRTZI'OZ>OFEL L#ERVE
Sh3 (BEIE FMEEL OB VWED] Ic—LL T
ELTEY, CoPAT I v b TEEELOL L
D) ELTH/RONTVDE). TOLIBFENEL
tee, TMS W R TR S TWE 7 — 7 OIKTF
BREFIHLREROAELZFHL, ZhEhois
DB & IR IT S "2

Ft, LHIOBE, Tx3 v yBERITHT ) H
EEOY 2 Iy b A —[AEROEEE T 5,
ZFOLEXOREH L, TOHRE (ZDFEIZ, HFER
Pricfd - 7o HRR) 2R DR WA O A I FIH T
hig, TERICESES W ICEILo—» 5ER %245 &
e &, BEMNEATR] BELkD b TS ICERVA
W) ARG BT ENTES. BIEAMICE,
b A—EERICSHE L TRED 2 TR EZERTE S

0=Vy, —Constantx V., [RIE2&KIZ7 7
0=V, tConstantx Vg 74 —F/Xy 258D

2O FESIEVERR) 2HvhE, Ahfilox vy
YBEROEMIEH SN, FIBOEESHRBITHEROTE
BRERELLZOL, 7405, 2HBOHFEAE & b,

Ya iy

*1 =3y 2BER, TETORTOED, EBUVHEC
Negligible Th 5 LiEESNEHEI N THWE, D
EMS, INoBELESLL T4 — Ny IHBTHB
EMHETE B,

* 2 F— 9 DIREFBFREFR L -BKR O WES L UERD
AT U 72 BEE RN D ERAY T id, SOk (15) loma i
a7 s LxFELL.

452 N 1w fig 2 ik

() Vo = 25l
(iv) Ie = —I

Fig.8 Tuning circuit.
ANl 3y s BBREEERLICET 2 FREANE
HTxaEMEEIN, O H>OHBEREREEI
WA EIKXAFFEIRERAELEK L.,

3:3 STAEBADIEHBL

5 VA EBOEBESHEEIEIF, Rk HMIETH 5.
3.1z L-F (Fig. 2,3,4,5,6) 13, &
DS HLOMGICEAT AR TH S, LT TR, [HHEM
%, BREEE~OREL-FEOBEMERL 5.

(1) FFALE

Fig. 8 1c 5 v & &R i< BfR 3 5 B ER H 2K
27, COFBRREFEVHERELTEZONAE &
i, FALEORENLEESY (2 F 4y —0FE%
Ziba 4, AEKAEET ) oM, Ko 4 52
X o'Bhh s HRER

Y vVLc
L OERRTE 5.

OB DBEG, EHLTOWAEEERE OV, THEE
X (Fig. 81, ii, i, iv) A3 d % & &ic, kidh
BXAmrds) cerxrdfElTsiceT, Tav
FUH—DOKE, FLRBIANDA VT VREE
fbxv, RATIRABHAEEST S) &0, [EHAMN
RORENEHEZRZ 5.

(2) #®iEORE

IvF Y —OEBICET IERVERE, REDIEK
EHBT RO TRREFERS I, AERo®x [
A7 AEEZEAZBGE), TEEBEORAKOGA],
U ERK 7 & omEgoGa] b,
PEBCHLRBFERE/NEBICOI TEWMBELEESRL,
zhehicH LT, avyFry—o0BFET 2EL
HEAE, ERLTBBENDH 5.

¥, Loz v F v+ —0BENICET 2RV

I VT VY —

Tr

_{g L ¢ %R

|

Fig. 9 Detection circuit.
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Z, B OMK (Fig. 9) & bicidELTH
3, RERRICEBAEEANILTS, avFry-C
AFEO L, BIEBXALGVY, BEKEOEHERESEA
hhid, avsFr+-—CrxHREHHT, HMigans
CEMBITTE S, I TRIEFEAEEKE 7 « v
§—ELTEET 5] &0 RELSEMNICARTE
HIEEEKLTVLS.

3:-4 HEAXOFM

PIE, BBl T HEOHBIEIRD2E5TH 5.

(1) CCTHRELTVWS TEEBORENEEHIC
B4 28] 1, VOWRIERVERBT N TE S N—F
50TV, LAL, BLVAEELTZOLSICE
BRealEicky, BOHBETH 2R & ORR
2, TEoIE,/ KEEB L) EVS5EHE L THE
W T AT ENTES, T/, TRVHEI &b &
SICERVWHE] 283 ENBEETH, HEgELNT
REWRD ILDICHBELBLZEORBEILORBERE LT
MEBTE 3.

o, RIS EFFEEC TEVEGICER
THEILEBERVARICEEINATVWS, ok, I
WU NV DR BZHEASEEICERRIREE 2> T W
5. $HbL, L NIVDRIL SR ERIF I EH
LTd, FEOREEZRIONS.

(2) BRVHBOERBBER TREE~x—2LI
ZHF(IITOIEVHG) TRIRL 28K E )
L, HFILOLVHIBE (S I TOSERVEE) 21E5] &
W 9 5T Explanation Based Learning @ —f& T &
5. 1212, 5FTIKRE X vz Explanation Based
Learning O FiE & ZROEBRIE > TV 3,

@ Explanation Based Learning i3, \EH» 5
EREAKT 2 LI BEACAHMAENEFETSH
5. Lth-T, z0xFEFTH, CZTFE-TO
2590, [R=REBLZFRFOEHELHT HE
K »o TRIEE2 v 57 vy —HEH & L - R4
LR FOEHEHT HER] OAKICEIEMT
W, b5, EBL TREFEEOLHELER
TEIERLTOVRHVWDT, ~N—2 &K BHEH
ELWES, ERLAAHBOLEL S bRIFESNT
W3, —F, TITHWTWSEFiKiE, —&icid
BRL TROIZOERGEERL TV 2 alREtE s
HD, HRLAHREOE LS FAREESn TV,
Lo L, BEBRICHREAERT 3 -DICLERLE
WHIERZ AR T 51, BEORMHEEMR T 28
REEMBEEEZ 5.

@ EBL v, BlEARET 20 HBELEVAH
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Then I; of (4) is Negligible
(11) Is = In

Fig. 10 Shallow knowledge from explicit explanation.

W (B2 Fig. 5 o 4) #2 2& O A
DEBICFHALTWS, —F, TITHVWTWS
Ak, FlEEZRAT 2 3EEBEREOLVEL
I D@ SR VHROAKICFIH LTV, &
nid, RAICERNSFEOHGROEH T SR
HFEERT 5 &, BROARRE AV cHRE R
FEEELBEENEVHASTH S, fliid, Fig.
S DEITIE, HHICENZEVHIGEROEHIS T %
FAELzoTE, KM@ os—Rbsh, EiTE
A ADWFNCHESE S N AEKRE &I b E U
ZRRALES & L TEZABHBHKEMSE OIS
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