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.atAbstra
t. Experien
e using 
onstraint programming to solve real-lifeproblems has shown that �nding an eÆ
ient solution to a problem oftenrequires experimentation with di�erent 
onstraint solvers or even build-ing a problem-spe
i�
 solver. HAL is a new 
onstraint logi
 programminglanguage expressly designed to fa
ilitate this pro
ess. In this paper weexamine di�erent ways of building solvers in HAL. We explain how type
lasses 
an be used to spe
ify solver interfa
es, allowing the 
onstraintprogrammer to support modelling of a 
onstraint problem independentlyof a parti
ular solver, leading to easy \plug and play" experimentation.We 
ompare a number of di�erent ways of writing a simple solver in HAL:using dynami
 s
heduling, 
onstraint handling rules and building on anexisting solver. We also examine how external solvers may be interfa
edwith HAL, and approa
hes for removing interfa
e overhead.1 Introdu
tionThere is no single best te
hnique for solving 
ombinatorial optimization and
onstraint satisfa
tion problems. Thus, 
onstraint programmers would like to beable to easily experiment with di�erent 
onstraint solvers and to readily developnew problem-spe
i�
 
onstraint solvers. The new 
onstraint logi
 programming(CLP) language HAL [3℄ has been spe
i�
ally designed to allow the user to easilyexperiment with di�erent 
onstraint solvers over the same domain, to supportextension of solvers and 
onstru
tion of hybrid solvers, and to 
all pro
edures(in parti
ular, solvers) written in other languages with little overhead.In order to do so, HAL provides semi-optional type, mode and determinismde
larations for predi
ates and fun
tions. These allow the generation of eÆ
ienttarget 
ode, ensure that solvers and other pro
edures are being used in the 
or-re
t way, and fa
ilitate eÆ
ient integration with foreign language pro
edures.Type information also means that predi
ate and fun
tion overloading 
an beresolved at 
ompile-time, allowing a natural syntax for 
onstraints. To fa
ilitatewriting simple 
onstraint solvers, extending existing solvers and 
ombining them,HAL provides dynami
 s
heduling by way of a spe
ialized delay 
onstru
t whi
h



supports de�nition of \propagators." Finally, HAL provides \global variables"whi
h allow eÆ
ient implementation of a persistent 
onstraint store. They be-have in a similar manner to C's stati
 variables and are only visible within themodule in whi
h they are de�ned.The initial design of HAL was des
ribed in [3℄. The 
urrent paper extendsthis in �ve main ways. First, we des
ribe how the addition of type 
lasses pro-vides a natural way of spe
ifying a 
onstraint solver's 
apabilities and, therefore,support for \plug and play" with solvers. Se
ond, we give a more detailed de-s
ription of how HAL supports solver dependent dynami
 s
heduling and its usein writing solvers. Third, we des
ribe how to integrate foreign language solversinto HAL and some programming te
hniques for redu
ing the runtime overheadof the solver interfa
e. Fourth, we dis
uss the integration of 
onstraint handlingrules (CHRs) into HAL. Finally, we 
ompare the eÆ
ien
y of solvers written inHAL using CHRs, dynami
 s
heduling and type 
lasses with 
omparable solverswritten in SICStus and 
ompare the overhead of HAL's external solver interfa
efor CPLEX with that of ECLiPSe.Thus, the main fo
us of the 
urrent paper is how to provide generi
 me
ha-nisms su
h as type 
lasses, dynami
 s
heduling and CHRs for stru
turing, writ-ing and extending 
onstraint solvers in a 
onstraint programming language withtype, mode and determinism de
larations and what, if any, performan
e advan-tage is provided by this additional information.2 The HAL LanguageIn this se
tion we provide a brief overview of HAL [3℄, a CLP language whi
his 
ompiled to the logi
 programming language Mer
ury [15℄.1 The basi
 HALsyntax follows the standard CLP syntax, with variables, rules and predi
atesde�ned as usual (see, e.g., [14℄ for an introdu
tion to CLP). The module systemin HAL is similar to that of Mer
ury. A module is de�ned in a �le, it imports themodules it uses and has export annotations on the de
larations of the obje
tsthat it wishes to be visible to those importing the module. Sele
tive importationis also possible. The 
ore language supports the basi
 integer, 
oat, string, and
hara
ter data types plus polymorphi
 
onstru
tor types (su
h as lists) basedon these basi
 types. This support is, however, limited to assignment, testingfor equality, and 
onstru
tion and de
onstru
tion of ground terms. More sophis-ti
ated 
onstraint solving is provided by importing a 
onstraint solver for ea
htype involved.As a simple example, the following program is a HAL version of the now
lassi
 CLP program mortgage.:- module mortgage. (L1):- import simplex. (L2):- export pred mortgage(
float,
float,
float,
float,
float). (L3)1 The key di�eren
e between them is that Mer
ury does not support 
onstraints and
onstraint solvers. In fa
t, Mer
ury only provides a limited form of uni�
ation.2



:- mode mortgage(oo,oo,oo,oo,oo) is nondet. (L4)mortgage(P,0.0,I,R,P). (R1)mortgage(P,T,I,R,B) :- T >= 1.0, mortgage(P+P*I-R,T-1.0,I,R,B). (R2)Line (L1) states that this �le de�nes the module mortgage. Line (L2) im-ports a module 
alled simplex. This module provides a simplex-based lineararithmeti
 
onstraint solver for 
onstrained 
oats, 
alled 
floats. Line (L3) ex-ports the predi
ate mortgage whi
h takes �ve 
floats as arguments. This is thetype de
laration for mortgage. A type spe
i�es the representation format of avariable. Thus, for example, the type system distinguishes between 
onstrained
oats (
float) and standard numeri
al 
oats (float) sin
e they have a dif-ferent representation. Types are de�ned using (polymorphi
) regular tree typestatements. For instan
e, the list/1 
onstru
tor type is de�ned by:- typedef list(T) -> [℄; [T|list(T)℄.Line (L4) provides a mode de
laration for mortgage. Mode de
larationsasso
iate a mode with ea
h argument of a predi
ate. A mode is a mappingInst1 ! Inst2 where Inst1 and Inst2 des
ribe the instantiation of an argumenton 
all and on su

ess from the predi
ate, respe
tively. The base instantiationsare new, old and ground. Variable X is new if it has not been seen by the 
on-straint solver, old if it has, and ground if X is 
onstrained to take a �xed value.Note that old is interpreted as ground for variables of non-solver types (i.e.,types for whi
h there is no solver). The base modes are mappings from one baseinstantiation to another: we use two letter 
odes (oo, no, og, gg, ng) based on the�rst letter of the instantiation, e.g. ng is new!ground. The standard modes inand out are renamings of gg and ng, respe
tively. Therefore, line (L4) de
laresthat ea
h argument of mortgage has mode oo, i.e., takes an old variable andreturns an old variable.More sophisti
ated instantiations (lying between old and ground) may beused to des
ribe the state of 
omplex terms. Instantiation de�nitions look liketype de�nitions. For example, the instantiation de�nition:- instdef fixed length list -> ([℄ ; [old | fixed length list℄).indi
ates that the variable is bound to either an empty list or a list with an oldhead and a tail with the same instantiation.Line (L4) also states the determinism for this mode of mortgage, i.e., howmany answers it may have. We use the Mer
ury hierar
hy: nondet means anynumber of solutions; multi at least one solution; semidet at most one solution;det exa
tly one solution, failure no solution and erroneous a run-time error.The rest of the �le 
ontains the standard two rules de�ning mortgage.3 Constraint Solvers and Type ClassesType 
lasses [13, 17℄ support 
onstrained polymorphism by allowing the pro-grammer to write 
ode whi
h relies on a parametri
 type having 
ertain asso
i-ated predi
ates and fun
tions. More pre
isely, a type 
lass is a name for a set3



of types for whi
h 
ertain predi
ates and/or fun
tions, 
alled the methods, arede�ned. Type 
lasses were �rst introdu
ed in fun
tional programming languagesHaskell and Clean, while Mer
ury and CProlog were the �rst logi
 programminglanguages to in
lude them [12, 4℄. We have re
ently extended HAL to providetype 
lasses similar to those in Mer
ury. One major motivation is that they pro-vide a natural way of spe
ifying a 
onstraint solver's 
apabilities and, therefore,support for \plug and play" with solvers.A 
lass de
laration de�nes a new type 
lass. It gives the names of the typevariables whi
h are parameters to the type 
lass, and the methods whi
h formits interfa
e. As an example, one of the most important built-in type 
lasses inHAL is that de�ning types whi
h support equality testing::- 
lass eq(T) where [pred T = T,mode oo = oo is semidet ℄.Instan
es of this 
lass 
an be spe
i�ed, for example, by the de
laration:- instan
e eq(int).whi
h de
lares the int type to be an instan
e of the eq/1 type 
lass. For this tobe 
orre
t, the module must either de�ne the method =/2 with type int=int andmode oo=oo is semidet in the 
urrent module or indi
ate that it is a renamingof some other predi
ate.We note that all types in HAL (like Mer
ury) have an asso
iated \equality"for modes in=out and out=in, sin
e these 
orrespond to an assignment. Mosttypes also support testing for equality, the main ex
eption being for types that
ontain higher-order predi
ates. Thus, by default, HAL automati
ally generatesinstan
e de
larations of the above form and the de�nition of =/2 methods forall 
onstru
tor types whi
h 
ontain types supporting equality.Type 
lasses allow us to naturally 
apture the notion of a type having anasso
iated 
onstraint solver: It is a type for whi
h there is a method for initialis-ing variables and a method for true equality. Thus, we de�ne the solver/1 type
lass to be::- 
lass solver(T) <= eq(T) where [pred init(T),mode init(no) is det ℄.This indi
ates that the solver/1 type 
lass provides an initialisation methodinit/1 and that solver/1 is a sub
lass of eq/1 and, thus, any instan
e ofsolver/1 must also be an instan
e of eq/1. Therefore, for type T to be in thesolver/1 type 
lass, there must exist predi
ates init/1 and =/2 for this typewith mode and determinism as shown.Constru
tor types 
an be automati
ally de
lared to be instan
es of the solver/1type 
lass using the notation deriving solver. The 
ompiler then automati-
ally generates an appropriate instan
e de
laration and the predi
ate init/1.Variables whose type is not an instan
e of solver/1 are not true logi
 variables,i.e., they are like Mer
ury terms sin
e they must either be new or bound toa fun
tor of the type. Thus, the type de
laration given earlier for lists de�nesMer
ury terms whi
h have a �xed length while4



:- typedef hlist(T) -> [℄; [T|hlist(T)℄ deriving solver.de�nes true \Herbrand" lists.Class 
onstraints 
an appear as part of a predi
ate or fun
tion's type signa-ture. They 
onstrain the variables in the type signature to belong to parti
ulartype 
lasses. Class 
onstraints are 
he
ked and inferred during the type 
he
kingphase ex
ept for those of type 
lasses solver/1 and eq/1 whi
h must be treatedspe
ially be
ause they might vary for di�erent modes of the same predi
ate. Inthe 
ase of solver/1, this will be true if the HAL 
ompiler inserts appropriate
alls to init/1 for some modes (those in whi
h the argument is initially new) butnot in others. In the 
ase of eq/1, this will be true if equalities are found to beassignments or de
onstru
tions in some modes but true equalities in others. As aresult, it is not until after mode 
he
king that we 
an determine whi
h variablesin the type signature should be instan
es of eq/1 and/or solver/1. Unfortu-nately, mode 
he
king requires type 
he
king to have taken pla
e. Hen
e, theHAL 
ompiler in
ludes an additional phase after mode 
he
king, where newlyinferred solver/1 and eq/1 
lass 
onstraints are added to the inferred types ofpro
edures for modes that require them. Note that, unlike for other 
lasses, ifthe de
lared type for a predi
ate does not 
ontain the inferred 
lass 
onstraints,this is not 
onsidered an error, unless the predi
ate is exported.2To illustrate the problem, 
onsider the predi
ate:- pred append(list(T),list(T),list(T)).:- mode append(in,in,out) is det.:- mode append(in,out,in) is semidet.append([℄,Y,Y).append([A|X1℄, Y, [A|Z1℄) :- append(X1,Y,Z1).During mode 
he
king, the predi
ate append is 
ompiled into two di�erent pro-
edures, one for ea
h mode of usage (indi
ated by the keyword implemented by).Con
eptually, the 
ode after mode 
he
king is:- pred append(list(T),list(T),list(T)) implemented by [append 1, append 2℄.:- mode append 1(in,in,out) is det.append 1(X,Y,Z) :- X =:= [℄, Z := Y.append 1(X,Y,Z) :- X =: [A|X1℄, append 1(X1,Y,Z1), Z := [A|Z1℄.:- mode append 2(in,out,in) is semidet.append 2(X,Y,Z) :- X =:= [℄, Y := Z.append 2(X,Y,Z) :- X =: [A|X1℄, Z =: [B|Z1℄, A =:= B, append 2(X1,Y,Z1).where =:=, :=, =: indi
ate 
alls to =/2 with mode (in,in), (out,in) and(in,out), respe
tively. It is only now that we see that for the se
ond modethe parametri
 type T must allow equality testing (be an instan
e of the eq/1
lass), be
ause we need to 
ompare A and B. Thus, in an additional phase of typeinferen
e the HAL 
ompiler infers:- pred append 2(list(T),list(T),list(T)) <= eq(T).2 Exported predi
ates need to have all their information available to ensure 
orre
tmodular 
ompilation. We plan to remove this restri
tion when the 
ompiler fullysupports 
ross module optimizing 
ompilation [1℄.5



Any predi
ates 
alling append 2 will also inherit the eq(T) 
lass 
onstraint intheir type.This is a new problem for type 
lasses and multi-moded predi
ates whi
h doesnot arise in fun
tional programming. While the same problem arises in Mer
uryfor equality, it is side-stepped by not supporting an anologue of the eq/1 
lass:e�e
tively all types are required to support equality for mode =(in,in). Thismay lead to run-time errors (e.g., when using append 2 on lists of predi
ates).Sin
e su
h errors are 
aught at 
ompile-time by our two phase s
heme, we believeour approa
h provides a better solution.HAL provides a hierar
hy of pre-de�ned type 
lasses for 
ommon 
onstraintdomains whi
h derive from the solver type 
lass: bool solver, linfloat solver,float solver, linint solver, and int solver. They provide a standard in-terfa
e to solvers, thus fa
ilitating \plug and play" experimentation by allowingseparate 
ompilation of the 
onstraint models from the solvers that they use. Asa result, we 
an rewrite the type de
laration for mortgage to:- export pred mortgage(T, T, T, T, T) <= float solver(T).thus allowing it to use any solver de�ned as an instan
e of float solver.Other important sub
lasses of the solver type 
lass are herbrand (whi
hin
ludes as instan
es all 
onstru
tor types de
lared as deriving solver) andits sub
lass the prolog type 
lass. The role of the herbrand type 
lass is todistinguish between 
onstru
tor types and other user de�ned solver types. Theprolog 
lass requires the type to support a number of non-logi
al operations
ommonly used in Prolog style programming. For instan
e, it provides var/1and nonvar/1 to test if a variable is still uninstantiated or not and standardfun
tions to a

ess the 
omponents of a term su
h as fun
tor. It also providesthe method ===/2 whi
h su

eeds only if both its arguments are variables and
onstrained to be equal.A 
onstru
tor type 
an be de
lared to support the Prolog built-ins by an-notating the type de
laration with deriving prolog rather than derivingsolver. In this 
ase, the 
ompiler automati
ally generates de�nitions for aprolog 
lass methods as well as those for the solver 
lass. Distinguishing be-tween herbrand and prolog allows the HAL 
ompiler to di�erentiate betweentypes whi
h are used logi
ally from those whi
h are not (useful for optimization).4 Dynami
 S
hedulingAn important feature of the HAL language is a form of \persistent" dynami
s
heduling designed spe
i�
ally to support 
onstraint solving. A delay 
onstru
tis of the form
ond1 ==> goal1 || � � � || 
ondn ==> goalnwhere the goal goali will be exe
uted when delay 
ondition 
ondi is satis�ed.By default, delayed goals remain a
tive and are reexe
uted whenever their delay
ondition be
omes true again. This is useful, for example, if the delay 
ondition6



is \the lower bound has 
hanged." However, delayed goals may also 
ontain 
allsto the spe
ial predi
ate kill/0 whi
h kills all delayed goals in the immediatesurrounding delay 
onstru
t; that is, these goals will no longer be a
tive.The delay 
onstru
t of HAL is designed to be extensible, so that programmers
an build 
onstraint solvers that support delay. In order to do so, one must 
reatean instan
e of the delay/2 type 
lass de�ned as follows::- 
lass delay id(I) where [pred get id(I),mode get id(out) is det,pred kill(I),mode kill(in) is det ℄.:- 
lass delay(D,I) <= delay id(I) where [pred delay(D, I, pred),mode delay(oo, in, in(pred is semidet)) is semidet ℄.where type I represents the unique identi�er (id) of ea
h delay 
onstru
t, get id/1returns an unused id, kill/1 
auses all goals delayed for the input id to no longerwake up, type D represents the supported delay 
onditions, and delay/3 takes adelay 
ondition, an id and a goal,3 and stores the information in order to exe
utethe goal whenever the delay 
ondition holds.The separation of the delay type 
lass into two parts allows di�erent solvertypes to share delay ids. Thus, we 
an build delay 
onstru
ts whi
h involve morethan one solver as long as they use a 
ommon delay id (the original design ofdelay [3℄ did not allow this).The HAL 
ompiler translates the delay 
onstru
t into the base delay methodsprovided by the 
lasses. Thus, the delay 
onstru
t shown above is translated into:get id(Id), delay(
ond1,Id,goal1), : : :, delay(
ondn,Id,goaln)where ea
h 
all to kill/0 in a goali is repla
ed by a 
all to kill(Id).Most modern logi
 programming languages allow predi
ates or goals to de-lay until a parti
ular Herbrand variable is bound or is uni�ed with anothervariable. In HAL a programmer 
an de
lare this by in
luding deriving delayin the de
laration for a 
onstru
tor type. As when deriving from solver/1 orprolog/1, the 
ompiler will automati
ally generate the appropriate methods andinstan
e de
laration for that type. All su
h types use the 
ommon delay 
ondi-tions bound(X), tou
hed(X) and the 
ommon delay id type system delay idand its system de�ned instan
e of delay id. Note that system delay id 
analso be used in programmer de�ned solvers.As an example of the use of delay in 
onstru
ting 
onstraint solvers, thefollowing program 
ontainst the 
ode for (part of) a simple Boolean 
onstraintsolver.43 To simplify analysis, ea
h goali must be semidet and may not 
hange the instanti-ation of variables. As a result, delayed 
ode 
annot invalidate the mode and deter-minism 
he
king when woken up.4 Note the tou
hed delayed goals are in
luded only for illustration, they are not usedin the experiments. 7



:- module bool delay.:- instan
e bool solver(boolv).:- export abstra
t typedef boolv -> ( f ; t ) deriving [prolog,delay℄.:- export fun
 true --> boolv.true --> t.:- export pred and(boolv,boolv,boolv).:- mode and(oo,oo,oo) is semidet.and(X,Y,Z) :-( bound(X) ==> kill, (X = f -> Z = f ; Y = Z)| bound(Y) ==> kill, (Y = f -> Z = f ; X = Z)| bound(Z) ==> kill, (Z = t -> X = t, Y = t ; notboth(X,Y))).:- export fun
 false --> boolv.false --> f.:- pred notboth(boolv,boolv).:- mode notboth(oo,oo) is semidet.notboth(X,Y) :-( bound(X) ==> kill, (X = t -> Y = f ; true)| bound(Y) ==> kill, (Y = t -> X = f ; true)| tou
hed(X) ==> (X === Y -> kill, X = f ; true)| tou
hed(Y) ==> (X === Y -> kill, X = f ; true)).The 
onstru
tor type boolv is used to represent Booleans. Noti
e how the
lass fun
tions true and false are simply de�ned to return the appropriatevalue, while the and predi
ate delays until one argument has a �xed value, andthen 
onstrains the other arguments appropriately. In the 
ase of notboth wealso test if two variables are identi
al. Hen
e, boolv must be de
lared as aninstan
e of both the prolog type 
lass and the delay type 
lass (and, hen
e,impli
itly as an instan
e of the solver type 
lass.)5 Using External Solvers from HALOne of the main design requirements on the HAL language is that it shouldreadily support integration into foreign language appli
ations and, in parti
ular,allow 
onstraint solvers written in other languages to be 
alled with relativelylittle overhead. An example of su
h a solver is CPLEX [10℄, a simplex based solversupporting linear arithmeti
 
onstraints.5 This se
tion details our experien
eintegrating CPLEX into HAL.The HAL interfa
e for CPLEX is built on top of three Mer
ury predi
ates:the fun
tion initialise 
plex whi
h returns a CPLEX solver instan
e CP ,the predi
ate add 
olumn(CP,n) whi
h adds n 
olumns to the tableau, andthe predi
ate add equality(CP, [(
1,v1),...,(
n,vn)℄, b) whi
h adds theequation 
1 � v1 + � � � + 
n � vn = b to the tableau. These predi
ates wrap the Cinterfa
e fun
tions of CPLEX. This is easy to do sin
e C 
ode 
an be dire
tlywritten as part of a Mer
ury predi
ate body. These predi
ates also handle trailingand restoration of 
hoi
e points. This is done by using the higher-order predi
ate5 CPLEX also provides routines for mixed integer programming and barrier methodsbut we have not yet integrated these. 8



trail/1 whi
h pla
es its argument (a predi
ate 
losure), on the fun
tion trailto be 
alled in the event of ba
ktra
king to trail/1.A naive way to write the interfa
e in HAL is as follows.:- module 
plex.:- instan
e linfloat solver(
float).:- import int.:- export abstra
t typedef 
float -> 
ol(int).:- reinst old 
float = ground.:- glob var CPLEX has type 
plex instan
e init value initialise 
plex.:- glob var VarNum has type int init value 0.:- export only pred init(
float).:- mode init(no) is det.init(V) :- V = 
ol($VarNum), $VarNum := $VarNum + 1, add 
olumn($CPLEX,1).:- export only pred 
float = 
float.:- mode oo = oo is semidet.V1 = V2 :- add equality($CPLEX, [(1.0,V1),(-1.0,V2)℄, 0.0).:- export fun
 
float + 
float --> 
float.V1 + V2 --> V3 :-init(V3),trust det add equality($CPLEX, [(1.0,V1),(1.0,V2),(-1.0,V3)℄, 0.0).:- export fun
 float x 
float --> 
float.C x V1 --> V2 :-init(V2),trustdet add equality($CPLEX, [(C,V1),(-1.0,V2)℄, 0.0).:- 
oer
e 
oer
e float(float) --> 
float.:- export fun
 
oer
e float(float) --> 
float.
oer
e float(C) --> V :-init(V),trust det add equality($CPLEX, [(1.0,V)℄, C).The solver type 
float is a wrapped integer giving the 
olumn number of thevariable in the CPLEX tableau. It is exported abstra
tly to provide an abstra
tdata type, and de
lared to be an instan
e of the linear arithmeti
 
onstraintsolver 
lass linfloat solver. The reinst old de
laration states that the in-stantiation old for 
floats must be interpreted as ground inside this modulere
e
ting their internal implementation. We use two global variables: CPLEX forstoring the CPLEX instan
e, and VarNum for storing the number of variables(
olumns) in the solver.The predi
ate init/1 simply in
rements the 
ounter VarNum and adds a 
ol-umn to the CPLEX tableau. The =/2 predi
ate adds an equality to the CPLEXtableau. Both are designated as export only, whi
h makes them visible out-side the module, but not inside. This avoids 
onfusion with the internal viewof 
floats as wrapped integers rather than the external view as 
oat variables.The fun
tion +/2 initialises a new variable to be the result of the addition andadds an equality 
onstraint to 
ompute the result. The trust det annotationallows the 
ompiler to pass the determinism 
he
k (the solver author knows thatthis 
all to add equality will not fail). The linear multipli
ation fun
tion x/2is de�ned similarly to +/2. 9



Sin
e 
floats are 
onstrained 
oats, it is 
onvenient to be able to use 
oatingpoint 
onstants in pla
e of 
floats. HAL allows the solver programmer to spe
ifythe automati
 
oer
ion of a base type to a solver type. In our example, the 
oer
edire
tive de
lares that 
oer
e float is a 
oer
ion fun
tion and the next threelines give its type, mode and de�nition.Unfortunately, this naive interfa
e has a high overhead. One issue is thatmany arithmeti
 
onstraints are simple assignments or tests whi
h do not requirethe power of a linear 
onstraint solver. Thus, we 
an improve the interfa
e by onlypassing \real" 
onstraints to the solver and \solving" simple assignments andtests in the interfa
e fun
tions themselves. This 
an be done easily by rede�ningthe 
float type to wrap either a true variable or a 
onstant value and rede�ningour interfa
e fun
tions to handle the di�erent 
ases appropriately.Another issue is that the interfa
e splits 
omplex linear equations into alarge number of intermediate 
onstraints and variables. A better approa
h isto have + and x build up a data stru
ture representing the linear 
onstraint.More pre
isely, we 
an rede�ne 
float to be this data stru
ture and for +/2,x/2, init/1 and 
oer
e float/1 to build the data stru
ture. As a by produ
t,this data stru
ture 
an also be used to tra
k 
onstants and perform tests andassignments in the interfa
e. The modi�ed 
ode is::- export abstra
t typedef 
float -> 
float(float,list(
term)).:- typedef 
term -> (float,int).init(V) :- V = 
float(0.0,[(1.0,$VarNum)℄),$VarNum := $VarNum + 1, add 
olumn($CPLEX,1).
float(C1, Vs1) = 
float(C2, Vs2) :-negate 
oeffs(Vs2, NewVs2),append(Vs1, NewVs2, Terms),add equality($CPLEX, Terms, C2-C1).
float(C1, Vs1) + 
float(C2, Vs2) -->
float(C1+C2,Vs) :- append(Vs1, Vs2, Vs).C x 
float(F, Vs) --> 
float(C*F,NewVs) :- multiply 
oeffs(C, Vs, NewVs).
oer
e float(C) --> 
float(C, [℄).Also, in external solvers su
h as CPLEX that are not spe
ialized for in
re-mental satis�ability 
he
king, the usual CLP approa
h of 
he
king satis�abilityafter ea
h new 
onstraint is added, may be expensive. We 
an therefore im-prove performan
e by \bat
hing" 
onstraints and requiring the programmer toexpli
itly 
all the solver to 
he
k for satis�ability.6 Using Constraint Handling Rules (CHRs)Constraint Handling Rules (CHRs) have proven to be a very 
exible formalismfor writing in
remental 
onstraint solvers and other rea
tive systems. In e�e
t,the rules de�ne transitions from one 
onstraint set to an equivalent 
onstraintset. Rules are repeatedly applied until no new rule 
an be applied. On
e applied,a rule 
annot be undone. For more details the interested reader is referred to [6℄.The simplest kind of rule is a propagation rule of the form10



lhs ==> guard | rhswhere lhs is a 
onjun
tion of CHR 
onstraints, guard is a 
onjun
tion of 
on-straints of the underlying language (in pra
ti
e this is any goal not involvingCHR 
onstraints) and rhs is a 
onjun
tion of CHR 
onstraints and 
onstraintsof the underlying language. The rule states that if there is a set S appearingin the global CHR 
onstraint store G that mat
hes lhs su
h that goal guardis entailed by the 
urrent 
onstraints, then we should add the rhs to the store.Simpli�
ation rules have a similar form (repla
ing the ==> with a <=>) and be-havior ex
ept that the mat
hing set S is deleted from G. A synta
ti
 extensionallows only part of the lhs to be eliminated by a simpli�
ation rule:lhs1 n lhs2 <=> guard | rhsindi
ates that only the set mat
hing lhs2 is eliminated.EÆ
ient implementations of CHRs are provided for SICStus Prolog, E
lipseProlog (see [5℄) and Java [11℄. Re
ently, they have also been integrated intoHAL [8℄. As in most implementations, HAL CHRs sit on top of the \host"language. More exa
tly, they may 
ontain HAL 
ode and are essentially 
ompiledinto HAL in a pre-pro
essing stage of the HAL 
ompiler. As a 
onsequen
e, CHR
onstraints de�ned in HAL require the programmer to provide type, mode anddeterminism de
larations.The following program implements part of a Boolean solver implemented inHAL using CHRs.6:- module bool 
hr.:- instan
e bool solver(boolv).:- export abstra
ttypedef boolv -> wrap(int).:- reinst old boolv = ground.:- glob var VNumhas type int init value 0.:- export onlypred init(boolv).:- mode init(no) is det.init(V) :- V = wrap($VNum),$VNum := $VNum + 1.
:- export 
onstraint true(boolv).:- mode true(oo) is semidet.:- export 
onstraint false(boolv).:- mode false(oo) is semidet.true(X), false(X) <=> fail.:- export 
onstraintand(boolv,boolv,boolv).:- mode and(oo,oo,oo) is semidet.true(X) \ and(X,Y,Z) <=> Y = Z.true(Y) \ and(X,Y,Z) <=> X = Z.false(X) \ and(X,Y,Z) <=> false(Z).false(Y) \ and(X,Y,Z) <=> false(Z).false(Z) \ and(X,Y,Z) <=> notboth(X,Y).true(Z) \ and(X,Y,Z) <=> true(X), true(Y).In this 
ase boolvs are simply variable indi
es7 and Boolean 
onstraints andvalues are implemented using CHR 
onstraints. Initialization simply builds anew term and in
rements the Boolean variable 
ounter VNum whi
h is a globalvariable. The 
onstraint de
laration is like a pred de
laration ex
ept itindi
ates that it is a CHR predi
ate. The mode and determinism for ea
h CHR
onstraint are de�ned as usual. The remaining parts are CHRs. The �rst rule6 Somewhat simpli�ed for ease of exposition.7 HAL does not yet support CHRs on Herbrand types11



states that if a variable is given both truth values, true and false, we shouldfail. The next rule (for and/3) states that if the �rst argument is true we 
anrepla
e the 
onstraint by an equality of the remaining arguments.In HAL, CHR 
onstraints must have a mode whi
h does not 
hange theinstantiation of their arguments (like oo or in) to preserve mode safety, sin
ethe 
ompiler is unlikely to stati
ally determine when rules �re. Predi
atesappearing in the guard must also be det or semidet and not alter theinstantiation of variables appearing in the left hand side of the CHR (thismeans they are implied by the store). This is a weak restri
tion sin
e, typi
ally,guards are simple tests.7 EvaluationOur �rst experiment has three aims. First, it illustrates the use of type 
lassesfor \plug and play" with solvers. Se
ond, it determines the overhead of usingtype 
lasses when implementing solvers. Third, it evaluates the eÆ
ien
y of thegeneri
 solver writing 
onstru
ts supported by HAL: dynami
 s
heduling andCHRs. For this experiment we 
reated three implementations of apropagation-based Boolean 
onstraint solver: using dynami
 s
heduling (dyn);using CHRs (
hr); and using 
onversion to integer 
onstraints (int).8 We givetwo results for ea
h HAL solver: solvt whi
h uses type 
lasses for separate
ompilation, where ea
h query module was 
ompiled separately from thesolver, and joined at link time; and solvi where the query module imported thesolver, and was 
ompiled with this knowledge, so removing the overhead oftype 
lasses. It is important to note that type 
lasses allowed us to useidenti
al 
ode for the ben
hmarks: only at linking time did we need to 
hoosewhi
h solver to use.To evaluate the eÆ
ien
y of HAL,9 we also built 
omparable solvers in SICStusProlog: using the generi
 when delay me
hanism (SICSw) 
losest to ourgeneri
 delay me
hanism, using the CHRs of SICStus (SICS
); and using the
lfd integer propagation solver (SICSz). Finally, for interest, we provide twomore SICStus solvers: (SICSb) a dynami
 s
heduling solver using the highlyrestri
ted but eÆ
ient blo
k me
hanism of SICStus, and (SICSv) where theground variable numbers in the CHR solver are repla
ed by Prolog variables,allowing the use of attribute variable indi
es.The 
omparison uses �ve simple Boolean ben
hmarks (most from [2℄): the �rstpigeonn-m pla
es n pigeons in m pigeon holes (the 24-24 query su

eeds,while 8-7 fails); s
hurn S
hurs's lemma for n (see [2℄) (the 13 query is thelargest n that su

eeds); queensn the Boolean version of this 
lassi
 problem;my
ien-m whi
h 
olors a 5-
olorable graph (taken from [16℄) with n nodes and8 More exa
tly, we use the integer propagation solver des
ribed in [7℄ whi
h is imple-mented in C and interfa
ed to HAL using the methodology des
ribed in Se
tion 5.9 It is mu
h easier to build highly 
exible but ineÆ
ient me
hanisms for de�ningsolvers. 12



Ben
hmark Var Con Sear
h Dynami
 S
hedulingdynt dyni SICSw SICSbmy
ie23 71 184 583 19717 1855 1816 34769 1920fulladder 135 413 1046 472 471 5181 147pigeon24 24 1152 13896 576 805 822 2258 56pigeon8 7 112 444 24296 931 901 16870 843queens18 972 13440 42168 8904 8818 125250 7316s
hur13 178 456 57 22 18 118 4s
hur14 203 525 450 98 112 1308 63Table 1. Comparison of Boolean solvers for dynami
 s
heduling.Ben
hmark CHRs Integer
hrt 
hri SICS
 SICSv intt inti SICSzmy
ie23 71 25073 25070 200613 76567 1279 1251 5339fulladder 4240 4270 24770 13840 178 175 313pigeon24 24 71455 70785 107366 71048 81 72 957pigeon8 7 11313 11176 61126 36251 765 726 3166queens18 504750 511620 1350636 263433 4522 4438 12363s
hur13 53 63 450 201 9 7 51s
hur14 823 830 5966 2319 55 52 278Table 2. Comparison of Boolean solvers using an existing integer solver and CHRs.m edges with 4 
olours; and fulladder whi
h sear
hes for a single faulty gatein a n bit adder (see e.g. [14℄ for the 
ase of 1 bit).Table 1 gives an indi
ation of how mu
h work the solvers are performing forea
h ben
hmark. Var is the number of variables initialised by the solver, Con isthe number of Boolean 
onstraints, and Sear
h is the number of labeling stepsperformed (using the default labeling strategy to �nd a �rst solution). Notethat ea
h solver implements exa
tly the same propagation strength on Boolean
onstraints and, thus, for ea
h ben
hmark ea
h di�erent solver performsexa
tly the same sear
h. All timings are the average over 10 runs on a dualPentium II-400MHz with 384M of RAM running under Linux RedHat 5.2 withkernel version 2.2, and are given in millise
onds. SICStus Prolog 3.8.4 is rununder 
ompa
t 
ode (no fast
ode for Linux).From Table 1 it is 
lear that the generi
 delay me
hanism implemented in HALis reasonably eÆ
ient. In 
omparison with the propagation happening in C inthe integer solver, the dynami
 s
heduled version is only 4 times slower. It also
ompares well with the generi
 dynami
 s
heduling of SICStus. However, theblo
k based dynami
 s
heduling of SICStus illustrates how delay that istightly tied to the exe
ution me
hanism 
an be very eÆ
ient.Table 2 shows that the CHR solver me
hanism for HAL (at least for thisexample) is signi�
antly faster than the SICStus equivalent, so mu
h so that inthis 
ase even the use of attributed variable indexing does not regain the13



Ben
h naive 
onstants datastru
tures ECLCon in
 Con in
 bat
h Con in
 bat
h +opt Con bat
hfib 2557 1329000 465 49010 5950 233 25280 2910 2690 232 7650lapla
e 347 9070 298 5140 1550 20 950 210 210 90 1070matmul nonlinear 684 142830 15020 216 27390 2950 2270 432 10050mortgage nonlinear 482 89940 18200 2 810 750 1520 240 6390Table 3. Exe
uting CPLEX using the various HAL interfa
es.di�eren
e ex
ept in the biggest examples.10 We are 
urrently working onadding indi
es to HAL CHRs.Examination of both tables shows that the type 
lass me
hanism does not addsubstantial overhead to the use of 
onstraint solvers: The overhead of type
lasses varies up to 3.5% (ignoring the 28% on very small times), and theaverage overhead is just 2%.Note that this experiment is not meant to be an indi
ation of the merits of thedi�erent approa
hes sin
e, for building di�erent solvers, ea
h approa
h has itspla
e.Our se
ond experiment 
ompares the speed of the HAL interfa
es de�ned inSe
tion 5: the naive interfa
e, the interfa
e 
onstant that keeps tra
k of when
floats are 
onstants and solves assignments and test in the interfa
e itself,and the interfa
e datastru
tures whi
h builds data stru
tures to handlefun
tions 
alls, and only sends 
onstraints at predi
ate 
alls. For the last two,we run the solver in
rementally (solving after every 
onstraint addition) and inbat
h mode (expli
itly 
alling a solve predi
ate). For the last interfa
e we alsoprovide a version (+opt) whi
h implements a simple type of partial evaluationby making use of Mer
ury to aggresively inline predi
ates and fun
tions evena
ross module boundaries. Finally, we 
ompare against the ECLiPSe [9℄interfa
e (ECL) to the CPLEX solver, whi
h also bat
hes 
onstraints.The ben
hmarks are standard small linear arithmeti
 examples (see e.g. [3℄).The table gives the number of 
onstraints sent to CPLEX by ea
h solver(Con), and exe
ution times in millise
onds for 100 exe
utions of the program.The last two ben
hmarks involve nonlinear 
onstraints (not handled byCPLEX) if 
onstants are not kept tra
k of.It is 
lear from Table 3 that the naive interfa
e is impra
ti
al. Tra
king
onstants and performing assignments and tests in the interfa
e itselfsigni�
antly improves speed. The move to using data stru
tures to build linearexpressions is 
learly important in pra
ti
e. Using this te
hnique, the numberof 
onstraints passed to CPLEX for mortgage is redu
ed to just 2. Finally,bat
hing is 
learly worthwhile in these examples.This experiment shows that the external solver interfa
e for CPLEX is
onsiderably faster than that provided by ECLiPSe and we believe that thereis still 
onsiderable s
ope for improvement. Inlining of predi
ates and fun
tions10 Note that using bindings to represent true and false would result in a more eÆ
ientSICStus CHR Boolean solver, but the equivalent is not possible in HAL (at present).14



a
ross module boundaries provides substantial improvement, but we believethat we 
an do even better by partially evaluating away many of the 
alls tosolver interfa
e and building the arguments to the 
alls to CPLEX at 
ompiletime if the 
onstraint is known. Similarly, we would like to automati
allyperform \bat
hing" by making HAL introdu
e satis�ability 
he
ks just before a
hoi
e point is 
reated. An important lesson from the se
ond experiment is thatit is vital for a CLP language to allow easy experimentation with the interfa
eto external solvers, sin
e the 
hoi
e of interfa
e 
an make a 
ru
ial di�eren
e toperforman
e. Our experien
e with HAL has been very positive in this regard.Referen
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