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A b s t r a c t 

Knowledge compilation is an emerging research 
area that focuses on "compi l ing" a problem 
solver's inefficient, explicit knowledge represen­
tat ion into more efficient, impl ic i t forms. This 
paper presents a technique that transforms a 
declarative problem description (specifying the 
problem but not how to solve i t ) into a reason­
ably efficient, generate-and-test problem solver. 
Our technique performs constraint incorpora­
tion, modifying the parameter generators so 
they only generate values that satisfy the prob­
lem constraints. Successful constraint incorpo­
ration depends upon choosing the right solu­
t ion representation (i.e., the set of parameters). 
Having expressed a constraint in terms of a par­
ticular set of parameters, incorporation fails if 
the constraint is not factorable into constraints 
on the individual parameter generators. R ICK, 
a Refinement-based constraint Incorporator for 
Compil ing Knowledge, is a prototype program 
that compiles a problem specification into a 
problem solver using least commitment, top-
down refinement to achieve constraint incorpo­
rat ion. R ICK refines an abstract solution rep­
resentation to avoid premature commitment to 
representations that hinder constraint incorpo­
rat ion. R I C K is able to incorporate local con­
straints that constrain relatively small portions 
of the entire solution. We have tested these 
ideas by having RICK automatical ly construct 
a house floor planning problem solver. 
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1 I n t r o d u c t i o n 

Many AI systems perform run time evaluation of ex­
plicitly represented domain knowledge to find a solution 
to a problem. Such systems make a particular tradeoff 
between the "explicitness of the representation and the 
efficiency of the computat ion" [Dietterich (ed.), 1986]. 
Expl ic i t ly represented knowledge is easier to gather, but 
more costly to evaluate. This observation has spawned 
a research area called knowledge compilation, which in­
cludes methods for "compil ing" an inefficient, explicit 
knowledge representation into more efficient, impl ic i t 
forms. The work described in this paper is being con­
ducted wi th in the context of the KBSDE project [Tong, 
1986]. The purpose of the project is to develop compila­
t ion techniques whose input is a declarative problem de­
scription that does not specify how to solve the problem. 
The problem description includes a set of problem con­
straints that must be satisfied by a solution. The compi­
lation techniques we are developing produce a generate-
and-test problem solver. Such a problem solver must 
generate a solution that passes a set of tests, one for 
each problem constraint. We have attempted to develop 
a compilation method that places as few requirements as 
possible on the domain, so that the method is broadly 
applicable. Thus, we have made the very weak require­
ment that the problem be solvable using a generate-and-
test algori thm. In addit ion to insisting that our compiler 
be general, we have also required that it produce reason­
ably efficient algorithms. 

Like computer language compilers, knowledge compil­
ers can use optimization techniques to improve the per­
formance of the resulting problem-solving system. One 
optimization technique for a generate-and-test architec­
ture is test incorporation [Dietterich and Bennett, 1986]. 
Test incorporation involves test movement, constraint in­
corporation, or both. Test movement regresses tests back 
into the generator process to achieve early pruning wi th­
out affecting the correctness of the problem solver. Con­
straint incorporation [Tappel, 1980] modifies the gener­
ator so that it enumerates only those values which sat­
isfy a particular problem constraint; we wi l l call such a 
generator a constrained generator. The test correspond­
ing to the incorporated constraint can be removed from 
the generate-and-test problem solver. Constraint incor­
poration reduces the size of the problem solver's search 
space and results in a more efficient problem solver. Con-
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s t ra in t i n c o r p o r a t i o n makes use o f e x p l i c i t l y represented 
d o m a i n knowledge (e.g. , spec i f ica t ions for sys tem c o m ­
ponen ts ) , t hus d i s t i n g u i s h i n g i t f r o m more conven t i ona l 
code o p t i m i z a t i o n approaches w h i c h re ly solely on syn ­
tac t i c know ledge (e .g . , d a t a dependencies a m o n g sys tem 
componen t s ) . 

T h i s paper focuses on c o n s t r u c t i n g cons t ra ined gen­
era tors of hierarchical so lu t ions , i.e., so lu t ions t h a t have 
par ts (e.g. , a house w i t h r o o m s ) . H ie ra rch i ca l so lu t ions 
can be genera ted us ing co r respond ing l y h ie ra rch ica l gen­
era tors (e.g. , F i g u r e 3) . T h a t is , so l u t i on pa r t s are gen­
era ted b y sub-genera to rs , a n d p r i m i t i v e so lu t i on p a r a m ­
eters are assigned values by pa rame te r genera tors . A 
p a r t i c u l a r solution representation is def ined by a set of 
p r i m i t i v e pa rame te rs . To i n c o r p o r a t e a cons t ra in t i n t o 
a h ie ra rch ica l genera tor requi res t h a t i t be loca l izab le to 
a n d i n c o r p o r a t e d i n one o r more o f the ( p r i m i t i v e ) pa­
rame te r genera tors . I n c o r p o r a t i n g cons t ra in t s i s d i f f i cu l t 
w h e n the so lu t i on rep resen ta t i on is " i n a p p r o p r i a t e " . A 
cons t ra in t expressed in te rms of a p a r t i c u l a r so lu t i on rep­
resen ta t ion can have a s t r u c t u r e t h a t does no t " m a t c h " 
t h a t o f the genera to r ; t h a t is , the cons t ra i n t m a y no t 
be fac to rab le i n t o cons t ra in t s on the i n d i v i d u a l pa rame­
ter generators . We w i l l ca l l th i s d i f f i cu l t y the structure 
mismatch problem. T h i s paper demons t ra tes a sys tem 
wh i ch i nco rpo ra tes the cons t ra in t s wh i l e a v o i d i n g th i s 
s t r u c t u r e m i s m a t c h p r o b l e m . R I C K , a Ref inement -based 
cons t ra in t I n c o r p o r a t o r for C o m p i l i n g K n o w l e d g e , is a 
p r o t o t y p e p r o g r a m t h a t compi les a p r o b l e m solver us ing 
least c o m m i t m e n t , top-down refinement to achieve con­
s t r a i n t i n c o r p o r a t i o n . T h e least c o m m i t m e n t app roach 
helps to avo id a p r e m a t u r e c o m m i t m e n t to a representa­
t i o n t h a t m a y lead t o the s t r u c t u r e m i s m a t c h p r o b l e m . 

Sect ion 2 of th is paper defines the class of doma ins 
for w h i c h our m e t h o d appl ies and i l l us t ra tes an example 
f r o m th i s class: the house f loor p l a n n i n g d o m a i n . Sec­
t i o n 3 i l l us t ra tes t he s t r u c t u r e m i s m a t c h p r o b l e m in the 
house f l oo r p l a n n i n g d o m a i n . T h e f o u r t h sect ion dis­
cusses the concepts b e h i n d our app roach and i l l us t ra tes 
the i r i m p l e m e n t a t i o n i n R I C K . W e compare our wo rk 
w i t h re la ted research in Sect ion 5. F i na l l y , Sect ion 6 
summar izes t he paper and some o f the l i m i t a t i o n s o f our 
app roach . 

2 T h e p r o b l e m doma in 

P a r a m e t e r i n s t a n t i a t i o n d e s i g n p r o b l e m s . T h e 
K B S D E p ro jec t has focused on design doma ins where 
the p r o b l e m solver cons t ruc ts an a r t i f a c t t h a t satisfies a 
set o f p r o b l e m cons t ra in t s . M a n y design p rob lems can be 
v iewed as parameter instantiation p rob lems . T h e hierar­
chical structure of the a r t i f a c t is usua l l y p re -de te rm ined 
for a class of pa rame te r i n s t a n t i a t i o n p rob lems ; for i n ­
s tance, a l l house f loor p lans consist o f rec tangu la r r ooms , 
w h i c h , i n t u r n , consist o f sides and corners . T h e de­
sign task r e m a i n i n g for the p r o b l e m solver i s to " f i l l i n " 
and " i n t e r c o n n e c t " the s t r u c t u r e by ass igning values to 
the unspeci f ied a r t i f a c t pa ramete rs in a w a y t h a t is con­
s istent w i t h the p r o b l e m cons t ra i n t s . R I C K cons t ruc ts 
a p r o b l e m solver for pa rame te r i n s t a n t i a t i o n p rob lems 
whose so lu t ions are compos i te ob jec ts (e.g. , house f loor 
p lans ) . T h e p r o b l e m cons t ra in t s are p resumed to be 

h a r d cons t ra in t s t h a t def ine feasible so lu t ions ( ra ther 
t h a n soft cons t ra in t s t h a t def ine the re la t ive o p t i m a l i t y 
o f feasible so lu t i ons ) . We also presume t h a t the design 
p r o b l e m is no t ove r -cons t ra ined : a so lu t i on t h a t satisfies 
a l l the cons t ra in t s can be f o u n d . 

A h o u s e f l o o r p l a n n i n g d o m a i n . T o i l l u s t r a te our 
ideas, we w i l l use the pa rame te r i n s t a n t i a t i o n p r o b l e m of 
c o n s t r u c t i n g "house floor p l a n s " . A house floor p lan is a 
t w o - d i m e n s i o n a l , rec tangu la r house p laced a t the o r ig in 
o f an x - y g r i d and h a v i n g rec tangu la r rooms as par ts ; 
such a f loor p lan is a b s t r a c t l y dep ic ted in F igu re 1. A l l 
leng ths a n d coord ina tes are m u l t i p l e s o f 1 f oo t . T h e solu­
t i o n is a f loor p l an t h a t con ta ins a p rob lem-spec i f i c n u m ­
ber o f r o o m s , and satisf ies a l l o f the p r o b l e m cons t ra in ts 
shown in F igu re 2 . C o n s t r a i n t s S C I , SC2 and SC3 are 
" l o c a l " cons t ra in t s since t hey cons t ra in each i n d i v i d u a l 
r o o m . C o n s t r a i n t s SC4 a n d SC5 are more " g l o b a l , " con­
s t r a i n i n g pairs o f rooms, and all r ooms , respect ive ly . O u r 
examples w i l l focus on the i n c o r p o r a t i o n o f the local con­
s t r a i n t s . 

3 Cons t ra i n t i n co rpo ra t i on and 
representa t ion sh i f t 

A s i m p l e b u t i n e f f i c i e n t g e n e r a t e - a n d - t e s t . A s im­
p le , h ie ra rch i ca l , genera te -and- tes t p r o b l e m solver for 
the f loo r p l a n n i n g d o m a i n i s shown in F igure 3 . T h e 
generator creates a cand ida te so lu t i on c o n t a i n i n g de­
sc r ip t ions for each of t he n r ooms speci f ied by a par­
t i cu la r p r o b l e m . Each r o o m is generated by assigning 
values to i ts pa ramete rs us ing the i n i t i a l represen ta t ion : 
(x,y) ( l oca t i on o f the SW r o o m co rne r ) , / ( l eng th in the 
x d i r e c t i o n ) , and w ( w i d t h in the y d i r e c t i o n ) . T h e 
generators are i nvoked in a p a r t i c u l a r sequence (e.g., 
x _--> y --> / --> w A f t e r a l l the generators have been 
i n v o k e d , the testers eva lua te the cand ida te so lu t i on for 
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sa t i s fac t ion o f the p r o b l e m cons t ra i n t s . A fa i lu re o f any 
test resul ts i n ch rono log i ca l b a c k t r a c k i n g t h r o u g h the 
genera tor sequence so a new cand ida te so lu t i on can be 
genera ted . 

For a 9x9 foo t house w i t h 4 rooms , th is p r o b l e m solver 
( F i g u r e 3) has a genera t ion space c o n t a i n i n g 1016 cand i ­
da te so lu t ions (4 r o o m s , each h a v i n g 4 parameters t h a t 
each range over 10 va lues) . O n l y a sma l l numbe r of these 
are acceptab le so lu t ions ( t h a t sat is fy cons t ra in t s S C I -
SC5) . In a s o l u t i o n for th i s p r o b l e m , each r o o m is in a 
house corner ; One r o o m has 4 possible sizes (/ — 4 | 5 
and w = 4 | 5 ) ; i ts t w o ad jacen t rooms have on ly t w o 
possible sizes (w = 4 | 5 for one, / — 4 | 5 for the 
o t h e r ) ; the f i na l r o o m f i l l s the r e m a i n i n g area. T h u s 
there are 1 6 = 4 x 2 x 2 x 1 d i f fe ren t r o o m conf igura­
t i ons . These rooms can be labe l led R1, . . . ,R4 in 4 ! di f fer­
ent ways . T h u s the t o t a l n u m b e r o f acceptable so lu t ions 
is 1 6 x 4 ! = 384. 

A s s u m i n g a u n i f o r m d i s t r i b u t i o n o f acceptable solu­
t ions in the space o f cand ida te so lu t ions , the generate-
and- tes t p r o b l e m solver w i l l generate r ough l y 10 1 6 / 

384 = 2.6 * 10 1 4 cand ida tes before f i n d i n g a so lu t i on . 
T h i s p r o b l e m solver i s ve ry ine f f i c ien t . 

T h e s t r u c t u r e m i s m a t c h p r o b l e m . W e use con­
s t ra i n t i n c o r p o r a t i o n to i m p r o v e the eff ic iency o f the 
p r o b l e m solver. For examp le , cons t ra i n t S C I is easi ly 
i n c o r p o r a t e d by chang ing the lower bounds o f the l e n g t h 
a n d w i d t h generators f r o m 0 to 4 . T h e cand ida te so lu­
t ions t h a t v i o l a te S C I w i l l no t be genera ted ; th is leaves 
a search space of r o u g h l y size 1.7 x 10 1 4 cand ida te so lu­
t ions (4 rooms , each h a v i n g 4 pa ramete rs , 2 rang ing over 
10 values, and 2 r ang ing over 6 va lues) . 

U n f o r t u n a t e l y , i n c o r p o r a t i n g a cons t ra in t can be d i f f i ­
cu l t w h e n the p r o b l e m cons t ra i n t on the en t i re so lu t i on 
canno t be p a r t i t i o n e d i n t o cons t ra in t s on i n d i v i d u a l pa­
rame te r genera tors , as we have j u s t done. T h i s case can 
occur when an i n a p p r o p r i a t e so lu t i on represen ta t ion is 
chosen. For e x a m p l e , represen t ing rooms by the four pa-

The hl ( the house length value in the x direct ion) and hw 
(house w i d t h value in the y d i rect ion) are parameters whose 
values are problem-specif ic. 

This constraint implies that a room must either have 
its west side on the west side of the house, or its north 
side on the north side of the house, etc. Because this 
constraint refers to all the room parameters, and is a 
disjunction (when expressed using this room representa­
t ion), there is no easy way to factor it into constraints on 
the individual room parameters. Because of the struc­
ture mismatch problem in this case, incorporation fails. 

C o n s t r a i n t i n c o r p o r a t i o n as r e p r e s e n t a t i o n 
sh i f t . Note, however, that the constraint refers to the 
containment (segmentof) of a room side wi th in a house 
side. A more appropriate solution representation would 
have represented a room rectangle by two perpendicular 
"side objects" (each "side object", in tu rn , having a loca­
tion and a length). Given this representation, we could 
incorporate the "Side Adjacency" constraint by simply 
modifying the generator of one room side so as to place 
it along one of the four house sides. 

Our example suggests an obvious method for incor­
porating a constraint: shift the representation of either 
the constraint, the generator or both, un t i l incorporation 
succeeds. Unfortunately, the space of alternative repre­
sentations is rather large. Also, the need to incorporate 
mult iple constraints into a single generator means that 
the method must find a single representation that en­
ables incorporation of all the constraints. Problem refor­
mulation is a difficult research problem with many unre­
solved issues [Korf, 1980]. In the next section, we present 
an alternative approach for knowledge compilation that 
reduces the combinatorial explosion when searching a 
space of representations. 

4 Knowledge Compilat ion as 
Incremental Constraint Incorporation 

4.1 V i e w i n g C o n s t r a i n t s as Gene ra to r s o f 
P a r t i a l So lu t ions 

Construction of the inefficient, generate-and-test prob­
lem solver depicted in Figure 3 was based on viewing a 
problem constraint as a test on complete solutions. In 
contrast, our constraint incorporation approach (imple­
mented in the RICK program) is based on viewing a 
constraint as a constrained generator of partial solutions. 
For example, the "Side Adjacency" constraint (SC3): 
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In contrast, a generator of complete rooms would con­
struct complete 4-sided rooms. Generator Gp(SC3) is 
constrained since it only generates (part ial) solutions 
that satisfy the Side Adjacency constraint. 

Generator Gp(SC3) is expressed in terms of abstract 
objects such as room sides and house sides, instead of 
pr imi t ive parameters such as x, y, 1, or w. This formu­
lat ion of the generator is mot ivated by the constraint 
itself, which only specifies these abstract objects, and 
makes no commitment to their pr imi t ive parameter rep­
resentation. Several representation alternatives are usu­
ally possible; to unnecessarily commit to a part icular one 
might make incorporat ion of other constraints diff icult or 
impossible (due to the structure mismatch problem). 

In short, to faci l i tate a least commitment approach, 
the constraint should be re-expressed as a "par t ia l solu­
t ion generator" that is: 

• partial. It only generates those parts of the (hierar­
chical) solution specified in the constraint. 

• abstract. The generated parts are expressed in terms 
of abstract objects. 

Which constraints can be re-expressed in this way? 
Almost by def in i t ion, in order for a constraint to be re-
expressible as a generator of part ia l solutions, it must 
be a " local" constraint; that is, it must constrain only a 
part of the solut ion. This paper summarizes how R I C K 
incorporates the three constraints SC1-SC3 (Figure 2) 
that are local to ind iv idual rooms. 

4.2 E x t e n d i n g t h i s I d e a i n t o a C o m p l e t e 
Method 

The fol lowing observations w i l l help motivate the exten­
sion of this idea in to a complete method: 

• ( P A R T I A L ) By construct ion, the part ia l solution 
generator Gp(C) only generates solutions that sat­
isfy the constraint C. 

• ( E X T E N D ) Any consistent extension of Gp(C) in to 
a generator of complete solutions wi l l also only gen­
erate solutions that satisfy C, thereby completely 
incorporat ing the constraint. In a similar manner, if 
a constrained generator of part ia l solutions is guar­
anteed to satisfy a set of constraints, then so wi l l 
any consistent extension. 

We wi l l call such extensions refinements of the part ia l 
solution generator. For instance, the "single room side" 
generator G P (5C3) generates room sides on the house 
boundary (thus creating par t ia l rooms that satisfy SC3). 

2The notation Gp(C) specifies a partial solution generator 
whose generated values always satisfy the constraint C. 

G P ( 5C3) can be extended into a complete room gener­
ator that generates rooms w i t h (at least) one side adja­
cent to the house boundary. Thus the "Side Adjacency" 
constraint SC3 is st i l l guaranteed to be satisfied. 

To represent the hierarchical structure of the art i fact 
(e.g., a house w i th rooms), R I C K uses an object hierar­
chy to organize the knowledge needed for constructing 
part ia l solution generators and their refinements. The 
hierarchy contains two types of relations between ob­
jects: "subclass" (" isa") and "par t -o f " . The hierarchy 
economically (and modular ly) represents an entire set 
of alternative solution representations, at differing levels 
of abstract ion. This hierarchy also contains the rele­
vant structural constraints common to rectangular ob­
jects (e.g., the West room side is perpendicular to the 
Nor th room side.) 

We have described the first and th i rd steps of a com­
plete method for incorporat ing constraints by refine­
ment. The three steps are: 

STEP1 . Re-express each constraint C as a part ial solu­
t ion generator Gp(C) (see P A R T I A L ) . 

STEP2. Merge each part ia l solution generator into a 
single solution generator G m ( { C i } ) which is 
guaranteed to satisfy the set of constraints 
{Cii} 

STEP3. Refine generator Gm({Ci}) into a generator of 
complete solutions (expressed in terms of pr im­
i t ive parameters) (see E X T E N D ) . 

For a more complete description of the method, refer to 
[Braudaway, 1988]. 

By representing part ia l solution generators, we have 
fulf i l led the major requirement of a least commitment 
approach for designing constrained generators. That 
is, when R I C K incremental ly constructs the generator, 
it only adds more detai l when necessary. Since R ICK 
constructs a part ia l solution generator from the prob­
lem constraint (achieving incorporat ion dur ing construc­
t ion) , it avoids the structure mismatch problem de­
scribed in Section 3. We have replaced the structure 
mismatch problem w i th the new problem of merging sev­
eral part ia l solution generators into a single consistent 
solution generator. 

4.3 M e r g i n g P a r t i a l S o l u t i o n G e n e r a t o r s 

In our floor planning example, R I C K creates three par­
t ia l solution generators, one for each of the local con­
straints SC1-SC3 (Figure 2). From constraints SCI and 
SC3, R I C K produces two " room side" generators, and 
f rom constraint SC2 it produces a generator pair for the 
diagonally opposed room corners, SW and NE. Merg­
ing these part ia l solution generators is complicated by 
the interactions that occur between them. For example, 
each room must both be inside the house (SC2) and have 
at least one side on the house boundary (SC3). 

When "s imulated" , a part ia l solution generator cre­
ates "values" that are either abstract objects from the 
object hierarchy (e.g., corners SW and NE for a room 
R) , computable functions on such abstract objects (e.g., 
corner SW £ Points(lcft house boundary)) , or both. To 
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say t h a t gene ra to rs interact means t h a t a t least one c o m ­
b i n a t i o n of gene ra tab le values is inconsistent. 

T h i s suggests a s imp le a p p r o a c h for s o l v i n g the i n t e r ­
a c t i o n p r o b l e m : 

• S y s t e m a t i c a l l y genera te a l l c o m b i n a t i o n s o f values 
o f p a r t i a l s o l u t i o n genera to rs , t e s t i n g each c o m b i n a ­
t i o n (an a b s t r a c t , p a r t i a l s o l u t i o n ) fo r cons is tency. 

• C o n s t r u c t t h e m e r g e d genera to r by cach ing only t h e 
cons is ten t s o l u t i o n s . 

F i g u r e 4 i l l u s t r a t e s R I C K ' s a p p l i c a t i o n o f t h i s m e t h o d t o 
the f loor p l a n n i n g d o m a i n . Each c o m b i n a t i o n o f values i s 
dep i c t ed as a d i f f e ren t p a t h in a search t ree. For e x a m p l e , 
t he le f t m o s t p a t h i n the t ree i s c o n s t r u c t e d w h e n the 
p a r t i a l s o l u t i o n genera to rs p r o d u c e va lues: [ H S = H o u s e 
Wes t S ide, RS=Room W e s t S ide] ; t he n e x t le f t mos t 
p a t h co r responds to [HS— House Wes t Side, RS— R o o m 
East S ide] ; e tc . 

A f t e r g e n e r a t i n g a p a r t i c u l a r p a t h in the search t ree 
(a p a r t i c u l a r va lue c o m b i n a t i o n ) , a c o r r e s p o n d i n g set 
o f c o n s t r a i n t s , i m p l i e d by the va lue c o m b i n a t i o n i s co l ­
l ec ted . For e x a m p l e , t he va lue c o m b i n a t i o n [ H S = H o u s e 
Wes t S ide, RS = R o o m East Side] i m p l i e s t h a t the East 
r o o m side m u s t be p laced on the W e s t house side: 
X c o o r d ( S E c o r n e r ( R S ) ) = X c o o r d ( S W c o r n e r ( H S ) ) . 

Because a l l t he c o n s t r a i n t s i n t h i s d o m a i n are l i nea r , 
a lgebra ic c o n s t r a i n t s , R I C K uses a l i near p r o g r a m ( the 
S i m p l e x m e t h o d ) t o d e t e r m i n e t he i r cons is tency ( i .e . , the 
ex is tence of a feasib le s o l u t i o n to these c o n s t r a i n t s ) . 3 

T h e l i nea r p r o g r a m discovers t h a t the above con ­
s t r a i n t i s i ncons i s ten t w i t h ( S C 2 ) , t h e " I ns ide H o u s e " 
c o n s t r a i n t : 
X c o o r d ( S W c o r n e r ( H S ) ) < X c o o r d ( S W c o r n e r ( R S ) ) , 
a n d a c o n s t r a i n t assoc ia ted w i t h rectangles in genera l : 
X c o o r d ( S W c o r n e r ( R S ) ) < X c o o r d ( S E c o r n e r ( R 5 ) ) . 
T h e i ncons i s tency o f these c o n s t r a i n t s fo l l ows by t r a n s i ­
t i v i t y . I n t u i t i v e l y , t h i s i nd i ca tes t h a t t he abs t rac t so lu ­
t i o n has fo rced t h e SW r o o m corner ou ts ide the house. 

I f an a b s t r a c t s o l u t i o n i s cons is ten t , R I C K caches i t 
i n t o a un i f i ed genera to r d e s c r i p t i o n . As i l l u s t r a t e d in 
F i g u r e 4 , f o u r o u t o f e igh t a b s t r a c t so lu t i ons are f o u n d 
to be cons is ten t ( t he ones i n t he f i gu re t h a t have n o t 
been crossed o u t ) , a n d are cached i n t o a s ing le , un i f i ed 
gene ra to r d e s c r i p t i o n : 

3 We realize in retrospect t ha t we should use an integer 
p rog ramming me thod to guarantee the soundness of the an­
swer. We can also extend this approach by using rout ines 
tha t check the consistency of other classes of (nonl inear) con­
st ra ints . Note tha t th is f loor planner cannot be implemented 
as a l inear p rog ram, p r ima r i l y because some of the constraints 
SC1-SC5 are expressed as d is junct ions. 

Select a H o u s e S ide HS, f rom { W , N , E , S } 
G e n e r a t e a R o o m S ide , RS, f r o m 

{ W , N , E , S } u S i d e s C o r r e s p o n d i n g T o ( f f S ) 4 

w i t h C o r n e r s E Points(HS) 

The merge process has thus resolved the interaction 
between the "Side Adjacency" (SC3) and the "Inside 
House" (SC2) constraints. 

By using a "good" abstraction hierarchy, only rela­
t ively abstract value combinations need to be tested. 
Furthermore, there are a relatively small number of these 
abstract solutions. The pruning of inconsistent abstract 
solution candidates removes entire equivalence classes of 
inconsistent solution candidates produced by a complete 
solution generator. 

4.4 R e f i n i n g i n t o P r i m i t i v e R e p r e s e n t a t i o n s 

After merging the part ia l solution generators (STEP2), 
the resulting unified generator must be refined into a 
complete generator, which consists of a set of pr imi ­
t ive parameter generators. Constraint incorporation has 
been completed in the merging step. Thus all complete 
generators refined from the merged generator (STEP3) 
wi l l have the same generation space (even though it 
w i l l be represented dif ferently). Since R ICK only dis­
tinguishes between alternative algorithms based on the 
size of their constrained generation spaces, it views all 
of the refinements as equally "good" , and constructs all 
of them. In the floor planning example, these alterna­
tive refinements correspond to the various alternatives 
for representing a rectangle in terms of pr imi t ive param­
eters (e.g., < x ,y , l ,w > ) . 

In actuali ty, the alternative problem solvers are not 
equally good; differences in data and program structures 
cause differences in space and t ime complexity. Ideally, 
selection should be based on cri ter ia for data and pro-
gram structure opt imizat ion. In the current prototype 
system, the user selects the "best" alternative, which is 
then translated in to LISP. 

When applied to the floor planning example, our 
method incorporates the three local floor planning con­
straints SC1-SC3 (Figure 2). The resulting problem 
solver (Figure 5) generates each room by picking a room 
location (X ,Y) f rom a point on a house side. The 
room specification is completed by generating length 
and w id th values (start ing from the required minimums) 
that place the room inside the house wi th respect to the 
room's location (X ,Y ) . 

This problem solver generates roughly 6 x 1010 candi­
date solutions for a 9x9 house wi th 4 rooms (see Figure 
5). For each of the 4 rooms, there are 4 ways to pick 
a house side, HS; for each of these cases, there are 21 
ways to pick a room side that is a subsegment of that 
house side; also, there are 6 ways to pick the perpen­
dicular magnitude. Thus the tota l number of candidate 
solutions is (21 x 6 x 4) 4 . 

This is a reduction in complexity of 6 orders of mag­
nitude f rom the inefficient, generate-and-test problem 

4A mapping that associates West room side with West 
house side, North room side with North house side, etc. 
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solver previously shown. Further research wi l l a t tempt 
to extend R I C K , al lowing it to also incorporate neces­
sary constraints. A "necessary constraint" that is not 
satisfied by a par t ia l solution wi l l not be satisfied by any 
extension of the par t ia l solut ion. For example, the con­
straint that "no rooms overlap" is a necessary constraint 
in the f loor planning domain, since, i f rooms overlap in 
a part ia l solut ion, they continue to overlap in all exten­
sions of that part ia l solut ion. The problem solver re­
sult ing f rom incorporat ion of this constraint w i l l have a 
generation space of 1008 candidates (384 of which are 
solutions) for this 9x9 example. 

5 Related Work 

K n o w l e d g e c o m p i l a t i o n as a des ign p rocess . To 
faci l i tate the comparison of our work w i th related work 
in knowledge compi lat ion, it is useful to view knowledge 
compi lat ion as a design process that designs a problem 
solver f rom the specification for a class of problems. We 
contrast three approaches according to their model of the 
design process and the manner in which domain knowl­
edge is used to produce reasonably efficient algori thms. 

K n o w l e d g e c o m p i l a t i o n a s i t e r a t i v e r e - d e s i g n . 
Tappel [1980] defi nes test and constraint incorporat ion 
as modif ications to a data-flow graph representing the 
components of the a lgor i thm to be synthesized. A test 
refers to certain solution components; hence these solu­
t ion components must be generated before the test can 
be run. Tappers approach moves a test backwards in 
the algor i thm's data-flow graph un t i l i t is placed jus t 
after the generators of these referenced solution compo­
nents. An at tempt is also made to modi fy the generator 
so only values that satisfy the test w i l l be enumerated. 

T a p p e l ' s a p p r o a c h takes a genera te -and - tes t a l g o r i t h m 
a s i n p u t a n d i t e r a t i v e l y re-designs i t b y i n c o r p o r a t i n g 
c o n s t r a i n t s . 

T h e s t r a t e g y used b y D I O G E N E S [ M o s t o w , 1988] 
is s im i l a r to TappePs b u t uses a t r a n s f o r m a t i o n a l ap ­
p r o a c h t o m o d i f y a n i n i t i a l gene ra te -and - tes t a l g o r i t h m 
( fo r poss ib l y ove r - cons t ra i ned p r o b l e m s ) i n t o a mo re ef­
f i c ien t heu r i s t i c search a l g o r i t h m . T h i s a p p r o a c h uses 
d o m a i n know ledge t h a t has been p r o c e d u r a l l y e m b e d ­
ded i n some o r a l l o f t he t r a n s f o r m a t i o n s . However , the 
design k n o w l e d g e fo r c o n t r o l l i n g the c o m p i l a t i o n process 
i s supp l i ed by the user o f t he D I O G E N E S sys tem ( w h o 
selects a m o n g app l i cab le t r a n s f o r m a t i o n s ) . T h e m o d e l o f 
des ign used by b o t h o f these s t ra teg ies i s essent ia l ly h i l l -
c l i m b i n g t h a t i t e r a t i v e l y re-designs a p r o b l e m solver to 
i m p r o v e i t s ef f ic iency ( t h o u g h some steps do n o t d i r e c t l y 
i m p r o v e ef f ic iency b u t have the pu rpose o f enab l i ng o the r 
o p t i m i z a t i o n s teps) . 

K n o w l e d g e c o m p i l a t i o n a s s c h e m a i n s t a n t i a ­
t i o n . K I D S [ S m i t h , 1988] focuses o n m a p p i n g declar­
a t i v e know ledge i n t o a global search a l g o r i t h m . A g loba l 
search a l g o r i t h m sp l i t s a set d e f i n i n g a l l c a n d i d a t e so lu­
t i ons o f a p r o b l e m i n t o subsets a n d ex t r ac t s so lu t ions 
f r o m the subsets w h e n poss ib le . T h i s a p p r o a c h uses 
dec l a ra t i ve d o m a i n k n o w l e d g e i n the f o r m o f p rocedu ra l 
schemas. For e x a m p l e , one g l o b a l search schema enumer ­
ates a l l b o u n d e d sequences over a f in i te set. T h e m e t h o d 
f i nds the doma in -spec i f i c schema t h a t best matches the 
p r o b l e m d o m a i n , a n d t h e n i n s t a n t i a t e s i t i n t o a n eff i­
c ien t a l g o r i t h m (us ing i n f o r m a t i o n d r a w n f r o m the p r o b ­
l e m spec i f i ca t i on ) . C o n s t r a i n t s are f o r m u l a t e d and incor ­
p o r a t e d d u r i n g i n s t a n t i a t i o n o f t he p r o c e d u r a l schema. 
K I D S i s able t o reason a b o u t p r o b l e m spec i f i ca t ions t h a t 
i n c l u d e f u n c t i o n a l c o n s t r a i n t s ( c o n s t r a i n t s o n I / O behav­
i o r ) a n d o p t i m a l i t y c r i t e r i a . 

K n o w l e d g e c o m p i l a t i o n a s t o p - d o w n r e f i n e ­
m e n t . R I C K c o n s t r u c t s c o n s t r a i n e d genera tors o f so­
l u t i o n s whose f eas i b i l i t y i s de f i ned by p r o b l e m con­
s t r a i n t s . I n c o n t r a s t w i t h the i t e r a t i v e re-design ap­
proaches , w h i c h i n c o r p o r a t e c o n s t r a i n t s after a comp le te 
p r o b l e m solver has been c r e a t e d , R I C K ref ines the p r o b ­
l e m cons t ra i n t s i n t o p a r t i a l s o l u t i o n genera tors ( w h i c h 
are t h e n m e r g e d ) , t h u s s i m u l t a n e o u s l y des ign ing the 
p r o b l e m solver a n d i n c o r p o r a t i n g c o n s t r a i n t s . I n con­
t r a s t w i t h K I D S , R I C K designs t h e p r o b l e m solver b y 
r e f i n i ng the p r o b l e m d e s c r i p t i o n i n t o a cor rec t data rep­
resen ta t i on ( i .e . , a r e p r e s e n t a t i o n of t he genera ted so lu­
t i o n ) r a t h e r t h a n choos ing t he p r o p e r procedural repre­
s e n t a t i o n fo r the p r o b l e m . By us ing a least c o m m i t m e n t 
a p p r o a c h fo r r e p r e s e n t a t i o n se lec t ion , R I C K decouples 
the issues o f i n c o r p o r a t i n g c o n s t r a i n t s and represen t ing 
genera ted so lu t i ons . 

D i f f i c u l t i e s i n d e s i g n i n g a r e p r e s e n t a t i o n . Ex ­
pressed in t e rms of a particular s o l u t i o n r ep resen ta t i on , 
some c o n s t r a i n t s are local c o n s t r a i n i n g re la t i ve l y sma l l 
p o r t i o n s o f t he en t i r e s o l u t i o n , w h i l e o thers m a y b e 
global c o n s t r a i n i n g the en t i r e s o l u t i o n or i n t e r r e l a t i n g 
severa l p a r t s o f t he s o l u t i o n . T h e r e f o r e , w h e t h e r a con-

The C A S E statement defines a condi t iona l generator 
range tha t depends on the value of H S . [A B] is the gen­
erat ion sequence f r o m A to B, incremented by 1. 
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straint is local or global is a funct ion of the solution 
representation. To incorporate as many constraints as 
possible in to a more constrained problem solver, R I C K 
must use a representation which maximizes the number 
of local constraints (the type of constraints R I C K can 
incorporate dur ing compi lat ion). However, the odds are 
that no single representation language exists in which all 
the constraints are local. In other words, not all problem 
constraints can be incorporated using the method de­
scribed in this paper. Another research effort w i th in the 
K B S D E project [Voigt, 1989] focuses on the problem of 
procedurally embedding the "left over" (unincorporated) 
global constraints. 

O t h e r w o r k . Other related work includes the discus­
sion by Steier and Kan t [1985] on "developmental evalua­
t i on " , a framework which could be said to include our ab­
stract, symbolic simulat ion approach; Cohen's program 
[1986], which translates a declarative specification in to a 
generate-and-test a lgor i thm; and Van Baalen's program 
[1988], which i terat ively designs useful, analogical prob­
lem representations (for solving verbal reasoning prob­
lems such as those found on college admissions tests) 
bui l t f rom a l ibrary of standard data structures. 

6 Conc lus ions 

Complete incorporat ion of a constraint in to a genera­
tor is a diff icult task, especially when the constraint 
(expressed in terms of the generated parameters) has 
a structure that is not factorable into constraints on 
the ind iv idual parameter generators. This paper has 
described and i l lustrated the results of the R I C K pro­
gram which avoids this structure mismatch problem by 
viewing problem constraints as generators of partial so­
lutions. R I C K incorporates a problem constraint by re­
f ining it in to a generator of part ia l solutions that are 
guaranteed to satisfy the constraint. These part ia l so­
lut ion generators are then merged in to a single abstract 
generator. Dur ing merging, interactions between part ial 
solution generators are resolved by "s imulat ing" the gen­
erators and caching only those generated combinations 
of values that are proven to be consistent. Since the 
constraints are ful ly incorporated into the merged gen­
erator, further refinement of the merged generator into 
a complete generator of pr imi t ive parameters wi l l not 
create a structure mismatch problem. R I C K produces 
problem solvers that solve parameter instant iat ion prob­
lems for design domains. Thus, R I C K incorporates con­
straints defining structural relationships, but does not 
currently incorporate constraints that restrict I /O be­
havior, or specify opt imizat ion criteria. In part icular, 
R I C K current ly incorporates local constraints that are 
linear, algebraic constraints on composite objects. 

Further work wi l l a t tempt to extend the type of con­
straints that R I C K can incorporate, and to extend the 
structural representation of the hierarchical solution. 
This includes generalizing R I C K to handle a hierar­
chical solution containing mul t ip le objects and neces­
sary constraints on mult ip le objects (i.e., some global 
constraints). Experiments are being conducted to test 
whether R I C K is insensitive to changes in the object 
hierarchy representation and constraint predicate defini­

tions. The goal of this study is to determine the power 
and generality of this approach to a lgor i thm synthesis. 
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