Multi-w a y v ersus One-w a y Constrain ts

in User In terfaces:

Exp erience with the DeltaBlue Algorithm

Michael Sannella, John Maloney ,

Bjorn F reeman-Benson, and Alan Borning

T echnical Rep ort 92-07-05a

Dept. of Computer Science and Engineering

University of W ashington

May 1993

Abstract

The e�cient satisfaction of constraints is essential to the p erformance of constraint-based user

interfaces. In the past, most constraint-based user interfaces have used one-way rather than multi-

way constraints b ecause of a widespread b elief that one-way constraints were more e�cient. In

this pap er we argue that many user interface construction problems are handled more naturally

and elegantly by multi-way constraints than by one-way constraints. W e present pseudo co de for an

incremental multi-way constraint satisfaction algorithm, DeltaBlue, and describ e exp erienc e in using

the algorithm in two user interface to olkits. Finally

, we provide p erformance �gures demonstrating

that multi-way constraint solvers can b e entirely comp etitive in p erformance with one-way constraint

solvers.

This is a preprint of a pap er that will app ear in the journal Softwar e|Pr actic e and Exp erienc e

in 1993. It is a slightly revised version of T echnical Rep ort 92-07-05, July 1992.

1 In tro duction

A constraint describ es a relationship that should b e maintained, for example, that the equality

A + B = C hold among three numb ers. In user interfaces, constraints can b e used to maintain

consistency b etween application data and a display of that data, to maintain consistency among

multiple views of data, to maintain layout relationships among graphical ob jects, and to comp ose

complex user interface comp onents from simpler ones [3, 31]. Giving the system resp onsibility for

maintaining the v arious relationships in a user interface frees the programmer from the tedious and

error-prone task of maintaining these relationships by hand, making it faster to develop complex

graphical user interfaces.

In this pap er, we fo cus on solving systems of constraints using lo c al pr op agation. In this technique,

some constraint is used to determine the v alue for a v ariable. Once this v ariable’s v alue is known,

the system may b e able to use another constraint to �nd a v alue for another v ariable, and so forth.

T o supp ort lo cal propagation, the ob ject representing a constraint includes one or more pieces of

co de (metho ds). Each metho d is a function whose arguments are input variables, and that calculates

a v alue for an output variable that will satisfy the constraint. F or example, the constraint A + B = C

would, in general, include three metho ds: C A + B , A C � B , and B C � A . If the v alue

of A or B were changed, the constraint solver could maintain the constraint by executing the �rst

metho d to calculate a new v alue for C . If C were also constrained by C + D = E , then one of this

other constraint’s metho ds (E C + D ) could b e execute d, and this pro cess would continue until

the change had propagated through the network of constrained v ariables.

Lo cal propagation solvers cannot solve all p ossible sets of constraints, for example, those involving

simultaneous equations. However, lo cal propagation solvers have the adv antage that they are e�cient

and very general|in particular, such solvers can handle non-numeric constraints|since the co de

de�ning a metho d can p erform an arbitrary side-e�ect-free computation. F or example, in a user

interface system one might want to maintain the relationship b etween a string naming a font,

and the ob ject represe nting the font. The metho ds represe nting this constraint could call system

functions for scanning font directories and reading in font de�nitions, in order to create a new font

ob ject that corresp onds to a given font name string.

One signi�cant di�erence among lo cal propagation solvers is whether they allow multi-way con-

straints, or merely one-way constraints. A one-way constraint has a single metho d for maintaining

that constraint, which calculates a new v alue for a single output v ariable. Satisfying one-way con-

straints is easy if there are no circularities in the constraint network: the obvious algorithm is to

up date the output v ariable of a constraint when any of its inputs changes. Most spreadshe ets supp ort

this form of one-way constraint. A multi-way constraint will in general have a metho d for calculating

a v alue for each of the v ariables it constrains, in terms of the v alues of the other v ariables.

Multi-way constraints have a numb er of adv antages over one-way ones. First, any one-way

constraint can b e repres ente d as a multi-way constraint with all but one of its v ariables annotated

as read-only (as we will show later), so multi-way constraints are more general. Second, when a

v ariable v alue is changed, a multi-way constraint satis�er often has a choice of which metho ds to use

to propagate the change. This choice can b e used to satisfy constraints in situations where one-way

constraint solvers would b e stymied. Third, and most imp ortantly

, multi-w ay constraints provide a

clearer and more uniform way to sp ecify relationships than one-way constraints. On the other hand,

it may b e more di�cult to predict and control the b ehavior of a network of multi-way constraints.

W e b elieve that, for many applications, the greater express ive p ower of multi-wa y constraints justi�es

the additional complexity .

Designers of user interface frameworks have often employed one-way constraints b ecause they

b elieve that solvers restrict ed to one-way constraint systems are adequate for user interface to olk-

its, that multi-wa y constraint systems are to o di�cult to implement, or that multi-way constraint systems are not e�cient. W e claim these b eliefs are erroneous, and in the remainder of the pap er

we argue that:

� Multi-way constraints are signi�cantly more p owerful than one-way systems. Certain practical

problems in user interface construction are handled more naturally and elegantly by multi-way

constraints than by one-way constraints.

� Lo cal propagation solvers for multi-way constraints are not di�cult to implement. W e present

pseudo co de for the DeltaBlue multi-wa y constraint satisfaction algorithm, which has b een suc-

cessfully implemented in several di�erent languages, b oth by ourselves and other researcher s,

and used in a numb er of research and commercial applications.

� Lo cal propagation solvers for multi-wa y constraints can b e implemented e�ciently

. DeltaBlue

has excellent p erformance in b oth theory and practice. W e describ e the results of several

b enchmark programs, as well as p erformance �gures from real user interfaces construct ed using

DeltaBlue. Cho osing a one-way constraint satisfaction algorithm on grounds of e�ciency is

simply not supp orted by the facts.

2 Constrain ts and Constrain t Solv ers

It is imp ortant to distinguish b etween the declarative semantics of constraints and the algorithms

for satisfying them. Declaratively

, a constraint is simply a relation over some domain. F or user

interface applications, it is useful to express constraints over the union of a numb er of sub domains,

including the real numb ers, strings, b o oleans, and bitmaps.

There is a large b o dy of work applying constraints in di�erent domains. Constraints have b een

applied to geometric layout in drawing programs including COOL [29], IDEAL [47], the IntelliDraw

program from Aldus Corp oration, Juno [36], Magritte [20], the celebrated Sketchpad system [44],

and ThingLab I [2].

Constraints have b een used in a fair numb er of user interfaces and user interface construction

systems, including Animus [10], the Cactus statistics exploration environment [33], the Constraint

Window System (CWS) [12], Coral [45], F abrik [26], the FilterBrowser user interface construction

to ol [11], Garnet [35], GITS [37], GROW [1], Peridot [34], Picasso [38], RENDEZVOUS [21, 22], the

R TL/CR

TL tiled window layout system [7], and ThingLab I I [31, 32].

Finally

, researchers have develop ed several general-purp ose languages that use constraints, in-

cluding Bertrand [30], Kaleidoscop e [14, 18], Siri [23, 24], as well as a numb er of languages integrating

constraints with logic programming including CAL [42], CHIP [9, 46], CLP(R) [27, 28], CLP(�*)

[48], HCLP(R) [6, 49], Prolog I I I [8], and the cc (concurrent constraint) languages [41, 40].

2.1 Re�nemen t v ersus P erturbation

W e can roughly classify constraint-based languages and systems as using one of two approaches:

the r e�nement mo del or the p erturb ation mo del. In b oth cases constraints restrict the v alues that

v ariables may take on. In the re�nement mo del, v ariables are initially unconstrained; constraints

are added as the computation unfolds, progressively re�ning the p ermissible v alues of the v ariables.

This approach has b een more or less universally adopted by the logic programming community in

the languages integrating constraints with logic programming cited ab ove.

In contrast, in the p erturbation mo del, at the b eginning of an execution cycle v ariables have

sp eci�c v alues asso ciated with them that satisfy the constraints. The v alue of one or more v ariables

is p erturb e d by some outside in uence, such as an edit request from the user, and the task of the constraint solver is to adjust the v alues of the v ariables so that the constraints are again satis�ed.

The p erturbation mo del has often b een used in constraint-based applications such as the interactive

graphics systems cited ab ove, and in spreadshe ets . The DeltaBlue algorithm presented in this pap er

is based on the p erturbation mo del.

Several features of the p erturbation mo del make it more attractive for developing user inter-

faces. First, it b etter matches the semantics of the domain: v ariables in a typical user interface

application do have sp eci�c v alues asso ciated with them, which are then p erturb ed by some outside

in uence. Indeed, not restricting v ariables to have a unique v alue (as is generally allow ed in the

re�nement mo del) would not b e suitable for e.g. an interactive graphics application in which a line

must b e displayed at a sp eci�c lo cation. Second, systems based on the p erturbation mo del usually

allow adding and removing constraints in any order. Constraint-based logic programming languages

typically only allow removing constraints during backtracking. Neither of these problems is insur-

mountable, however, and some work has b een done on implementing user interfaces in systems using

the re�nement mo del [49].

2.2 Constrain t Hierarc hies

F or constraint systems that are restrict ed to non-circular, one-way constraints, when a v ariable v alue

is p erturb e d, it is clear how to compute new v alues for the v ariables so that all the constraints are

again satis�ed. However, if the constraints are multi-way

, or if there are cycles in the constraint

graph, there may b e many ways to up date the current state so that the constraints are again satis�ed.

As a trivial example, supp ose we have a constraint A + B = C , and edit the v alue of A. Should we

change just B , change just C , change b oth B and C , undo the change to A, or what?

Earlier systems used a v ariety of heuristics in making this decision. In ThingLab I [2] the lo cal

propagation metho ds of a constraint were ordered to indicate which ones should b e used in preferen ce

to others. In Magritte [20], the system p erformed a breadth-�rst search to change as few v ariables

as p ossible. However, none of these metho ds was entirely satisfactory: sometimes they gave counter-

intuitive solutions. W orse, it was di�cult to sp ecify declaratively which solutions were preferre d,

and to alter these preferenc es, since the heuristics were buried in the pro cedural co de of the satis�er.

Constraint hierarchies were originally devised to solve the problem of sp ecifying declaratively

what to change when p erturbing a constraint system. In a constraint hierarchy

, the programmer

or user can state b oth required and preferential constraints. The required constraints must hold.

The system should try to satisfy the preferential constraints if p ossible, but no error condition arises

if it can’t. There may b e multiple levels of preferential constraints, each succes sive level b eing

more weakly preferred than the previous one. By using preferential stay constraints to indicate

which v ariables should not b e changed, it is p ossible to sp ecify declaratively which of many p ossible

solutions is most preferred.

Constraint hierarchies have other applications as well, for example in planning and scheduling.

If all of the sp eci�ed constraints cannot b e satis�ed, di�erent constraints can b e placed at di�erent

preferenc e levels to sp ecify trade-o�s b etween which constraints should b e enforced. W eak constraints

can b e used to sp ecify default relationships, which can b e overridden by adding stronger constraints.

A complete discussion of a theory of constraint hierarchies is given in refere nce [5], with prelim-

inary versions in referenc es [6, 4], and an alternative formulation in referenc e [18]. Brie y

, a lab ele d

c onstr aint is a constraint lab eled with a strength, written sc, where s is a strength and c is a con-

straint. These strengths are mapp ed onto the integers 0 : : : n, where n is the numb er of non-required

levels. Strength 0, with the symb olic name r e quir e d , is always reserved for required constraints.

A c onstr aint hier ar chy is a set of lab eled constraints. Given a constraint hierarchy H , H

0 denotes

the required constraints in H

, with their lab els removed. In the same way

, we de�ne the sets

H

1

; H

2

; : : : ; H

n for levels 1; 2; : : : ; n. W e also de�ne H

k

= ; for k > n.

A solution to a constraint hierarchy H is a v aluation for the free v ariables in H

, i.e., a function

that maps the free v ariables in H to elements in the domain D . W e wish to de�ne the set S

of all solutions to H

. Clearly

, each v aluation in S must b e such that, after it is applied, all the

required constraints hold. In addition, we desire each v aluation in S to b e such that it satis�es the

non-required constraints as well as p ossible, resp ect ing their relative strengths. T o formalize this

desire, we �rst de�ne the set S

0 of v aluations such that all the H

0 constraints hold. Then, using S

0

,

we de�ne the desired set S by eliminating all p otential v aluations that are worse than some other

p otential v aluation using the comparator predicate b etter. In the de�nition, c� denotes the b o olean

result of applying the v aluation � to c, and we say that \c� holds" if c� = true .

S

0

= f� j 8c 2 H

0 c� holdsg

S = f� j � 2 S

0

^ 8� 2 S

0

:b etter (�; � ; H )g

The reference s listed ab ove de�ne several useful comparators. In the work describ ed here, we use

the lo c al ly-pr e dic ate-b etter comparator. This comparator considers each constraint in H individually ,

and only concerns itself with whether or not a given constraint is satis�ed or not, rather than how

nearly satis�ed it is. Informally

, a v aluation � is lo c al ly-pr e dic ate-b etter than another v aluation � if

� do es exactly as well as � in satisfying the constraints through some level k � 1 in the hierarchy ,

and strictly b etter at level k . More formally:

lo c al ly-pr e dic ate-b etter (� ; �; H ) �

9k > 0 such that

8i 2 1 : : : k � 1 8p 2 H

i e(p� ) = e(p� )

^ 9q 2 H

k e(q � ) < e(q � )

^ 8r 2 H

k e(r � ) � e(r � )

where e(c� ) = 0 if c� holds, 1 otherwise

F or an example of solving constraints using a lo cally-predicate-b etter comparator, consider im-

plementing the A + B = C example within a constraint hierarchy with strength levels r e quir e d ,

str ong , me dium , and we ak . Supp ose we de�ned a hierarchy with a r e quir e d constraint A + B = C ,

me dium stay constraints that A and B remain unchanged, and a we ak stay constraint that C remain

the same. Given this hierarchy

, if we change A by adding a str ong constraint to set its v alue, the

system will change C (overriding a we ak stay) rather than changing B (overriding a me dium stay)

to re-satisfy the constraints.

The lo cally-predicate-b etter comparator may pro duce multiple solutions. F or example, if C was

constrained by a me dium stay constraints instead of a we ak one, then changing A would cause either

B or C to b e changed. Neither of these two solutions is b etter than the other, according to the

lo cally-predicate-b etter comparator.

2.3 Read-only Annotations

In general, a constraint can b e used to determine a v alue for any of the v ariables it constrains.

However, the constraint mo del can b e extended to allow v ariables to b e annotated as r e ad-only,

sp ecifying that the constraint should not b e used to determine a v alue for the v ariables annotated as read-only . F or example, in the constraint C = A? + B ?, A and B have b oth b een annotated as

read-only

, so that the satis�er may only change C to satisfy this constraint. The annotations are

sp eci�c to this constraint, rather than to the v ariables, so that other constraints could cause A to

b e changed. A declarative semantics for read-only annotations is given in referenc e [5].

3 Multi-w a y v ersus One-w a y Constrain ts

In this section, we will compare multi-wa y and one-way constraints, and argue that certain practical

problems in user interface construction are handled more elegantly by multi-wa y constraints than

by one-way constraints.

A one-way constraint system can easily b e simulated by a multi-wa y one. F or each one-way

constraint, we create a corresp onding multi-wa y constraint, with all but one of its v ariables annotated

as read-only

. This simulation is satisfactory b oth from the p oint of view of the declarative theory ,

and as an implementation technique.

The reverse simulation also works from the p oint of view of the declarative theory . F or each

multi-wa y constraint, we create a bundle of one-way constraints, one for each v ariable that isn’t

annotated as read-only . F or example, the multi-wa y constraint A + B = C would b e simulated by a

bundle of three one-way constraints: C A + B , A C � B , and B C � A. On the other hand,

the multi-w ay constraint A + B = C ? would b e simulated by two one-way constraints: A C � B

and B C � A. The one-way constraint C A + B would not b e included, b ecause C was

annotated as read-only in the original multi-way constraint.

Whether this simulation is also satisfactory as an implementation technique dep ends on the p ower

of the one-way constraint solver b eing used. The simulation intro duces large numb ers of cycles in

the graph of one-way constraints, even when the original multi-way constraint graph is acyclic. F or

example, there is a cycle in the networks of one-way constraints in b oth of the ab ove examples.

Some one-way solvers don’t allow cycles; in this case, the multi-wa y system is clearly strictly more

p owerful. Other one-way solvers do allow cycles, and handle them by a v ariety of techniques. Garnet

[35], F abrik [26], RENDEZVOUS [21, 22], and Hudson’s incremental attribute ev aluation algorithm

[25] all use the \once around the lo op" technique, in which up dated v alues are propagated through

a cyclic network of one-way constraints until the lo op is closed. This gives correct answers in many

cases, but can result in some constraints b eing left unsatis�ed.

It is p ossible for a network of multi-way constraints to b e underconstrained (with multiple v alid

solutions) or overconstrained (with no v alid solution). When a constraint network has multiple

solutions, it may b e di�cult to predict and control which solution is chosen. One approach to this

problem is to display the multiple solutions, and allow the user to select one [17]. Another approach

is to use preferential constraints within a constraint hierarchy to sp ecify declaratively a preferen ce

for one solution over another. Multiple solutions are not a problem with the simplest typ e of one-

way constraint system, which allow at most one constraint to output to a given v ariable, since there

will always b e exactly one p ossible solution. However, more p owerful one-way constraint systems,

which supp ort de�ning multiple constraints that output to the same v ariable, must cho ose which

constraint to enforce, leading to similar problems with predictability .

If a one-way solver can handle cycles correctly

, and allows de�ning multiple constraints that

output to the same v ariable, then the argument for multi-way constraints is a software engineering

one. It is clearer and more straightforward to represe nt what is conceptually a single relationship

by a single ob ject in the implementation, rather than by many

. When sp ecifying a multi-directional

relationship with multiple one-way constraints, one has to b e sure that the multiple constraints are

all set up together, and their metho ds are de�ned consistently

. If the one-way constraints are de�ned

in separate places, co ordinating these constraints can b e a ma jor software engineering problem. One

A A2 A3 A4 A1

B B1 B2 B3 B4

medium C weak

A+B=C

Figure 1: A Constraint Network That Requires Planning

could de�ne a macro or function that, given a single multi-w y constraint, pro duced the needed

bundle of one-way constraints. It is probably most reasonable to regard this simply as a di�erent

implementation technique for multi-wa y constraints.

The addition of constraint hierarchies complicates the problem so that a planning step is esse ntial

to �nd correct solutions; blind �ring of one-way constraints as so on as p ossible may lead to incorrect

results. or example, consider the network of constraints in Figure 1, where round-cornered b oxes

represe nt ariables and arcs represe nt constraints. This network contains a d constraint

A + B =

, and two chains of d equality constraints starting from A and B , one terminating

in a dium stay constraint and the other in a ak stay constraint. If a ong edit constraint is

added to change the alue of

, the solver should change the alue of B rather than A, since the dium stay on A4 is stronger than the ak stay on B 4. A solver that blindly changed either A

or B to satisfy the plus constraint would not b e . It is essential to p erform a planning

step, considering the strengths of constraints downstream of A and B , b efore actually changing any alues. However, once planning b ecomes neces , there is little p oint in using a one-way solver; a

multi-w y solver is equally straightforward.

3.1 A User terface Example

o illustrate the tradeo�s b etween one-way and multi-w y constraints in a user interface, consider

an interactive data analysis system that generates arious displays of data sets. Supp ose that one

wants to create a scatterplot showing a particular data set. This could b e implemented by a set of

one-way constraints b etween the numb ers in the data set, and the p ositions of graphic symb ols on a

display scree n. If the user changed the numb ers in the data set, then the constraints would up date

the p ositions of the graphic symb ols in the plot to show the changed information.

Supp ose that the user also wants the capability of editing the data, by dragging the symb ols on

the screen, and having the data set up dated to corresp ond to the changed plot. There are several

ways that this could b e handled using one-way constraints. (1) The dragging op eration could

explicitly change the data set rather than the symb ols, and then the original one-way constraints

would up date the symb ol p ositions. (2) During the dragging op eration all of the one-way constraints

from the data set to the plot symb ols could b e disabled, and another set of one-way constraints from

the symb ols to the data set could b e enabled. (3) The one-way constraint system may supp ort a

cycle of two one-way constraints (data set to plot and plot to data set), selecting the correct one to

enforce dep ending on whether the data set or the plot was b eing edited. All of these alternatives

are more complicated to sp ecify and maintain than using multi-way constraints to represe nt the

two-way ow of information b etween the data set and the plot symb ols.

o extend the example further, supp ose that the user wants to display and mo dify multiple

scatterplots of the same data set. Using multi-wa y constraints, each plot can b e implemented

6 indep endently by setting up a set of multi-way constraints b etween the data set elements and the

graphic symb ols in the plot. Using one-way constraints to maintain consistency b etween all of the

plots and the data set when any of the plots may b e changed would b e considerably more complicated.

(Reference [39] discusses one way to implement scatterplots using multi-way constraints.)

The capability of having multiple editable displays of application data was used to go o d antage

in such systems as ThingLab I [2], Animus [10], ThingLab I I [31, 32], and RENDEZVOUS [21, 22].

In b oth ThingLabs, for example, one could have multiple views of a numeric application ariable, e.g.

a textual display of the numb er and a bar chart. If the ariable were changed by some other part of

the application, b oth views would b e up dated; if either of the views were edited (by editing the text,

or dragging the top of the bar with the mouse), the other view and the application ariable would

b e changed as well. , in Animus, constraints were used to relate attributes of a simulated

op erating system with animations of those attributes. The animation was up dated automatically as

the simulation ran, but one could also grab a moving icon in ight, edit some attribute of it, and

have the change re ect ed back to the simulation. This capability was used in tuning the p erformance

of a real-time op erating system prior to its use in a ektronix pro duct.

4 The DeltaBlue Algorithm

When building interactive user interfaces, the set of constraints changes frequen. It is thus useful

to have an emental constraint satisfaction algorithm, one that can take antage of previous

computations rather than starting over each time there is a change in the set of constraints. e

have devised an e�cient incremental algorithm, DeltaBlue, for satisfying hierarchies of multi-way

constraints using lo cal propagation.

, the constraint hierarchy is empt. DeltaBlue is invoked by calling two pro cedure s,

AddConstraint to add a constraint to the current constraint hierarch, and RemoveConstraint to

remove a constraint from the hierarch. As each constraint is added or removed from the hierarch,

DeltaBlue executes constraint metho ds to set the constrained ariables to a lo cally-predicate-b etter

solution of the constraint hierarch. DeltaBlue is based on the p erturbation mo del of constraint

solvers, adjusting existing ariable alues to satisfy the constraints when the constraint hierarchy is

changed.

DeltaBlue internally stores the current solution in the form of a solution aph, which describ es

how to recompute alues for ariables in order to satisfy all the satis�able constraints. The key idea

b ehind DeltaBlue is to asso ciate extra information with the constrained ariables so that the solution

graph can b e up dated incrementally when a constraint is added or removed without examining, in

general, more than a small fraction of the entire constraint hierarch.

Figure 2 is a graphical depiction of a solution graph. The round-cornered b oxes represe nt ari-

ables. The arcs repres ent constraints, lab eled with their strengths. Arrows on the arcs show which

metho ds are used, while dashed arcs indicate constraints that are unsatis�ed. When a new con-

straint is added, the information asso ciated with each ariable can b e used to decide incrementally

which non-required constraints should b e left unsatis�ed and which metho d should b e used to satisfy

each satis�able constraint. Figure 3 is a graphical depiction of the solution graph after adding a

constraint to the solution graph in Figure 2.

DeltaBlue supp orts separate planning and execution stages. Given a constraint graph, the algo-

rithm can construct a plan for re-satisfying the constraints. The plan can b e used rep , with

di�erent input alues, until the constraint graph changes. This can yield substantial p erformance

improvements if the input alues change more frequently than do es the constraint graph. This is

the case, for example, when dragging a part of a �gure with the mouse: new alues of the mouse

lo cation arrive rep , but the constraint graph only changes when the mouse button is pressed

7

medium

required required weak

strong weakest

Figure 2: Original Solution Graph

required

Figure 3: Revised Solution Graph

or released.

The DeltaBlue algorithm has two imp ortant restrictions. First, it cannot handle cycles of con-

straints. When DeltaBlue �nds a cycle, it signals an error. or user interface construction, this

not necess arily a ma jor restrict ion. While some one-way lo cal propagation systems can handle

cycles, in most cases these cycles are used to simthe b ehaof a multi-w y constraint. Using

multi-w y constraints, we have b een to build complex user interfaces without using cycles of

constraints. Second, DeltaBlue only handles metho ds with a single output ariable. While meth-

o ds with multiple output ariables arise infrequently in user interfaces, when they are needed their

absence is annoying. A more serious problem is that DeltaBlue’s inability to handle metho ds with

multiple outputs its ability to interact with more p owerful constraint solvers. Easing these

restrictions is discussed in the section on future work.

The App endix presents pseudo co de for the DeltaBlue in enough detail to alloit to

b e implemented in a ariety of languages. The algorithm was originaldevised by Bjorn

reeman-Benson, and describ e d in referenc es [15] and [16], although in much less detail than given

here. A substantial amount of the analysis in this pap er is adapted from Maloney’s Ph.D. dissertation

[31]. This dissertation also includes a pro of that the DeltaBlue algorithm pro duces lo cally-predicate-

b etter solutions to the constraint hierarch.

4.1 DeltaBlue ts

Most DeltaBlue constraints are represente d ba set of side-e�ect free metho ds that calculate the alue of an output ariable from the rest the with one metho d for each ariable not

8

annotated as . There are three typ es of constraints that are di�erent: stay constraints,

input constraints, and edit constraints.

A stay constraint sp eci�es that a particular ariable should not b e changed. A stay constraint

can b e represe nted ba DeltaBlue constraint with a single metho d, with no inputs and one output.

The metho d for a stay constraint actually do esn’t do any computation. Unless the stay constraint

is overridden, it acts as a marker preventing another constraint from changing the ariable.

All ariables implicitly have a stay constraint with the sp ecial akest that is weaker

than of the other strengths . These constraints are virtual constraints: DeltaBlue b ehaves as if

exist, although they havno explicit repres entation consume no resources .

An input constraint is used to intro duce external data to the constraint graph. or example, a

mouse input constraint would have a single metho d that reads the current p of the mouse

p oinand sets the sp eci�ed to this alue. Such constraint metho ds b e executed at

times by building and executing a as describ e d later.

Another way to intro duce external data is through an dit constraint, de�ned ba metho d with

no inputs that sets its output ariable to a given constant alue. In order to set a ariable to a given alue, one can add an appropriate edit constraint to the constraint graph, and then remove it. If

the edit constraint is strong enough, it will b e satis�ed, and the alue will b e propagated though

constraint graph.

4.2 W ab out Strengths

When a constraint is added or removed from a constraint hierarch, DeltaBlue mo di�es the solution

graph. o achieve e�cient p erformance, DeltaBlue considers each constraint at most once during

each incremental op eration, using only information lo cal to a constraint when deciding how to enforce

it. DeltaBlue do es this by annotating every with an incrementally maintained alue called outength and cho osing a metho d for a constraint based only on the w ab strengths

of that constraint’s own ariables.

The w ab strength a indicates the strength the weakest constraint in the

current solution graph that could b e retracte d (i.e., removed from the graph) to allow some

other constraint to b e enforced bchanging that ariable. The w

may re ect the existence a constraint quite far awain the solution graph. This is precisely what

makes w ab strengths useful: they encapsulate informatiothat DeltaBlue would otherwise

have to acquire bexploring the graph.

De�nition. A is a otential output of a constraint C if it is the output of any metho d

of

. The p otenoutputs a constraint are the set of ariables that can b e cto enforce

that constraint. ariables annotated as read-only aren’t in the set p otential outputs.

De�nition. Let V b e a ariable. The outof V is de�ned as follo ws:

� If V is determined bconstraint C in the current graph, its w ab out strength the

weaker of

’s strength and the weakest w ab strength all p otential outputs C

except V itself.

If V is not determined by any constraint, then its w ab out strength is akest , b ecause it is

determined ban stay constraint of strength

.

Consider the graph shown in Figure 4. The ariables are lab eled with their w ab out

strengths. The current output of each constraint is indicated with an arrowhead and unenforced

constraints are shown as dashed lines. Each constraint has a metho d to compute each of its

The w ab out strengths of ariables W and X are determined by their stay constraints. The

w ab out strength Y is the minimof W ’s w ab strength,

’s w ab strength, and

9

required X

Y Z required

strong W

C1 C2 strong strong weak weak weakest required

Figure 4: Computing ab out Strengths

1’s strength. The w ab out strength Z ak b ecause

2 is ak . The akest stay

constrainon Z is not currently enforced, so has no e�ect on any w ab out strength. Note that

weak w ab out strengths propagate through stronger constraints (W to Y ) but strong w

strengths do not propagate through weaker ones (Y to

).

4.3 Planning and

Optimization

The constraint solution graph maintained by DeltaBlue describ es how to recompute ables to satisfy the satis�able constraints. This graph can b e top ologicallsorted to construct

a ordered list of constraint metho ds. Executing the metho ds of this plan in sequenc e re-

satis�es all constraints enforced bthe solution graph (unless a run-time error encountered while

executing metho d).

Many of the constraints a typical constraint hierarchy are stay constraints whose purp ose

is to indicate to DeltaBlue that a given ariable should not change. Since these constraints do no

actual computation, they may b e omitted from the plan. ariables determined benforced stay

constraints will not change during plan execution. Such planning-time constants are the alent

of compile-time constants in a program. urthermore, computed exclusively planning-

time constants also b e planning-timconstants. o make plan execution as fast as p ossible,

DeltaBlue precomputes the alues of all planning-time constants omits the constraints that

compute them from the plan. This is stay optimization. Stay optimization can signi�cantly

reduce a plan’s size and execution time.

maintains a stay ag for each that is true when the is a planning time

constant. The stay ag of a ariable is up dated whenever w ab out strength is recomputed. A ariable’s stay ag is de�ned as follo ws:

� If the is determined by a stay constraint in the current solution graph, the stay ag

is true.

� If the is determined by an input constraint, the stay ag is false.

� If the ariable is determined by any other typ e of constraint

, the stay ag is true if and only

if the stay ags of all inputs of the metho d used enforce C are true.

� If the is not determined bany constraint, the stay ag is true. This re ect s the fact

that a ariable that is not determined bany other constraint is considered to b e determined

by its implicit stay constraint strength akest .

When the stay ag for a ariable b ecomes true, the alue is precomputed by executing

the selected metho of the determining constraint. The alues of the metho d inputs, an, will

havalready b een precomputed, since their stay ags are true.

10

If the constraint hierarchy consisted enof stay constraints and ordinary constraints, then

every ariable would b e planning-time constant and there wb e nothing left to compute at

plan execution time. However, input constraints, such as mouse constraints, dep end on the outside

world, so their outputs are never constants. Thus, if stay optimizatiois used, then

only those metho ds downstream of input constraints need b e extracted the plan, and executed at

plan execution time. Since these metho often represe nt just a small fraction of the ovsolution

graph, the savings may b e considerable.

4.4 Time y

Given an acyclic constraint hierarch, the worst-case p erformance of a single call to DeltaBlue’s

AddConstraint or RemoveConstraint pro cedures is O (M N ), where N is the numb er of con-

straints in the hierarch, and M is the maxim numb er metho ds in a constraint. See refer-

ence [31] for more detailed analysis than given here.

AddConstraint, in the b est case the constraint cannot b e enforced and the cost is just O (M )

to consider its M p ossible metho ds. In the worst case, every constraint in the hierarchy is retracted

and reconsidere d at a cost O (M ) each, resulting a total cost of O (M N ). An intermediate case

o ccurs when no constraint is retracted, the w ab strength of every ariable in the solution

graph is up dated. The cost is still O (M N ), but the constant is smaller. An average case would

require a mixture constraint retraction and w ab out strength involving only part

of the graph.

or RemoveConstraint, the b est case o ccurs when the constrainb eing removed is not enforced,

in which case it can b e removed the hierarchy in constant time. In the worst case, the cost

of computing new w ab out strengths all ariables downstream of the removed constraint and

the cost of enforcing the strongest candidate constraint are b oth O (M N ), so the ovcost for

removing a constraint is O (M N ). Reference [31] includes a pro of that enforcing the strongest

candidate constraint will result in a correct solution graph and, furthermore, it not b e

p ossible to enforce anadditional candidates.

Although the worst case p erformance of DeltaBlue grows as O (M N ), in typical user interfaces

the numb er of metho ds p er constraint M is b ounded by a small constant k � N (k is

typically 3). Therefore, cost of a given op eration grows linearly in the numb er of constraints,

O (N ). In addition, the worst case b ehavior is exceptional in user interfaces; it is more common for

op eration to involve only a small fraction of the constraint graph. All the op erations|

incrementally adding and remoa constraint, extracting a plan, and executing that plan|have

the same O (N ) worst case complexitwhich makes the algorithm scale smo to handle large

problems.

4.5 Creation Time and Requireme

The DeltaBlue algorithm was designed to add and remove single constraints e�ciently the

constraint hierarchy the op eration of a constraint-based user interface. It also appropriate

to consider the required construct constraint network when the user interface is initially

created. DeltaBlue can b e used to construct constraint network by starting with an empty network,

and adding each constraint in turn. Since a new constraint to a network with N constraints

takes time O (N ) in the worst case, creating a network with N constraints could take O (N

2

) in the

worse case.

The time to construct constraint network can b e dep endent the order that the constraints

are added. or example, when constructing a long chain of equality constraints, it is p ossible to

add the constraints a particular order such that each AddConstraiop eration causes alues

11

and w ab strengths b e propagated to of the existing constrained giving a total

time of O (N

2

). By adding the constraints a di�erent order, each AddConstraint op eration only

needs propagate informatioto one or two ariables, leading to a time O (N ). The chain

example is a pathological worst-case one. In our exp erienc e constructing user interfaces, we have

found that the tsituation never approaches the worse-case time of O (N

2

), and that the order

of adding constraints is usually not imp ortant.

If excess ive creation time is a concern, is p ossible to create constraint network without

using the algorithm. example, given a large constraint network, it is p ossible to save

the state all of the constraints ariables, information used by DeltaBlue such as ariable w ab out strengths. Given this information, a new copy the constrainnetwork could

b created quickly by allo cating the DeltaBlue constraint and structure s, inserting the

correct alues.

In our exp erience, time for constructing large constraint networks is dominated by storage

allo cation op erations as the constraint ariable structure s are created. In the C and

Lisp versions of DeltaBlue, a single constraint takes around 100 bytes. The Smalltalversion uses

150-200 bytes p er constraint. Particularly in b enchmarks with tens thousands of constraints,

the DeltaBlue data structure s mause a signi�cant amount of . Memory management can

b ecome imp ortant issue, in a p ointer-followialgorithm like DeltaBlue that has

very little lo cality of referenc e.

These size numb ers could probably b e reduced further careful engineering. One metho d

for reducing space, implemenin the Smalltalversion DeltaBlue, is to use sp optimized

represe ntations of common constraints, such as stay (

), A = B , A = B K where K is a

constant.

4.6 Impleme ting DeltaBlue

The pro cess of implemenDeltaBlue is eased considerably by the a ailability of a detailed pseu-

do co de description of the algorithm (see the App endix). This pseudo co de has b een translated into a ariety of target languages including C, C++, SmalltalSelf, and several dialects of Lisp. C, Lisp,

and Smalltalimplementations are a ailable via anonymous ftp.

A ttime to complete and debug an implemenof DeltaBlue from the pseudo co de is

one to two p erson-weeks. In some cases, an week was required to tune the algorithm for

optimal p erformance. or example, the C storage allo on several imp osed an overhead

that grew as the square of the numb er of constraints; regain linear-time p erformance it was

necess ary to implement our own storage allo cator. DeltaBlue has also b een succes sfully implemented

by indep endent researchers DEC Paris Research Hewlett-Pac ard Labs, GMD (the German

Computer Science Research Lab), Apple Computer, Data I/O, and Chronology Corp oration, as well

as elsewhere the University of ashington.

DeltaBlue has b een used extensively as part the user interface to ThingLab I I [31, 32]. The

user interface examples discusse d b elow were all implemented in ThingLab I I. e have also used a ariant of DeltaBlue in another user interface to olkit: an extension to Garnet [35], a widely-used user

interface to based on one-way constraints. This exp erimental version Garnet, called Multi-

Garnet [39], has b een develop ed as a base for further research on the use of multi-way constraints

in user interface construct ion, as well as a platform for research constraint debugging to ols. It

also serves as a demonstration that DeltaBlue can b e integrated with a user interface system other

than ThingLab I I.

12

V V V V V

1 2 3 n-1 n weak V V V V V

1 2 3 n-1 n weak strong (b)

(a)

Figure 5: Chain Benchmark Netw5 erformance e have measured the p erformance of the algorithm on a numb er of test cases. we measured a series of b enchmarks arti�cial \worst case" constraint hierarchies|those which a single change to the hierarchy must propagate throughout the entire graph. b encdemonstrate that DeltaBlue is extremely even when the constraint hierarchy b een designed to eliminate any antage gained by stay optimization. Second, wmeasured numb er of real user interfaces that we have constructe d the ThingLab I I system. we measured simple user-interface built in b oth Garnet and Multi-Garnet, to provide a comparison b etween two systems are as similar as p ossible, except one uses one-waconstraints and the other uses multi-way constraints. These b enchmarks demonstrate that multi-way

constraints the DeltaBlue are e�cient enough to b e used user interface construct The test cases were measured using C, Smalltalk-80, and Lisp implementations of DeltaBlue algorithm; the realistic applications were written in ThingLab I I, which is implemenin Smalltalk-80. Garnet is implemented in Lisp, and Multi-Garnet is build on top of Garnet. measurements were on a lighloaded Sun Microsystems ARCstation 2, using Gnu (version 1.94.ParcPlace Smalltalk (version 2.5), Allegro Common Lisp (version 4.0.1), (version 1.4), and Multi-Garnet (version When measuring the DeltaBlue b enchmarks, and the ThingLab I I user interfaces built DeltaBlue, is convenient to divide the times into two parts, the and the cycle timeThe latency is the time required to add a constraint and extract plan, which corresp onds to minimumb etween a user action such as pressing a mouse button and the �rst visible resp onse The cycle time is the time required to execute the once, which corresp onds to the minimum

time to up date graphical feedback during a continuous action such as moving a slider. In the latency and cycle time for a given user inare often dominated by other factors, sucas event pro cessing, hit detection, and screen up 5.1 The Chain

The chain b enchmark involvadding a constraint on one end of a long chain of d equality constraints: v

= v

, v

= v

, : : , v

n�= v

. There a ak stay constraint on v

that the constraint metho ds initiallypropagate from v

to v

(Figure 5(a)). Adding a input constraint to set v

reverse s ow completely (Figure 5(b)). Thus, every constraint the cmust b e examined when the new constraint added. Simil, a metho d from evconstraint must b e invokto execute the plan, to propagate the new alue from v

to v

Figure 6 compares the p erformance of the chain b enchmark for three di�erent implemenof DeltaBlue, in C, Lisp, and Smalltalk. The C implementatiois signi�canfaster than 13

DeltaBlue

DeltaBlue

DeltaBlue (Smal

latency cycle latency cycle latency cycle

p er constrain

0.021

0.164

0.240

104

845

1409

210

1599

2418

307

2472

3648

417

3277

4800

Figure 6: Chain Benchmark DeltaBlue

Garnet

Multi-Garnet

latency cycle latency cycle

p er constrain

0.170

0.172

697

838

1600

1728

2555

2579

n/a

3438

Figure 7: Chain Benchmark Garnet and Multi-Garnet Smalltalk and Lisp versions, which are approximately the same sp eed. Note that the algorithm can handle many thousands of constraints, that its p erformance degrades with the numb er of constraints the cFigure 7 compares the p erformance of the chain b enchmark in Garnet and Multi-Garnet. do es not supp ort a hierarchy of constraint strengths, or create plans, so the b enchad to b e mo di�ed . Sp , the chain is constructed as a chain of ob jects, eaccontaining previous and next slots p ointo its neighb ors in the cand a value slot set bformula (one-way constraint) accessing the alue of the previous ob ject’s value slot. The �gures are derived by measuring the time to reverse all of the one-way constraints the cby switching the alues of the next and previous slots in each ob ject. The cycle time �gures derived by measuring the time to set the value slot of the ob ject one end of the chain (in alidating

formulas all the wathrough the chain), and then access the value slot of the ob ject at the other aluating all of the formulas). or very long chains, the Garnet b enchmark causes stacover ofor this reason �gures are not given for chains with 20,000 elemenThe version of the chain b enchmark is similar to the Garnet version. The elemenin the chain are represe nted bGarnet ob jects previous, next, and value slots. However, eacchain element has a single multi-way constraint, setting its value slot to the previous ob ject’s or vice versa. Comparing the �gures for the Lisp implementation of DeltaBlue in Figure 6 with Multi-Garnet �gures in Figure 7, the latency is ab out the same. This is to b e exp ected, since of the latency time is sp ent DeltaBlue op erations, cho osing new metho ds and a plan. However, the cycle time �gures are considerably higher than the Lisp is due to the high cost of accessing alues stored Garnet ob ject slots, compared accessing them as �elds in the DeltaBlue ariable Comparing the Garnet and Multi-Garnet �gures, the latency for Multi-Garnet is slighthan for Garnet, and the cycle time �gures for Multi-Garnet are lower than for Garnet. The 14

d weak

m d weak

m

weak

1 1 d weak

m d weak

m

3 3

4 4 n n

s

d weak

m 2 2

Figure 8: Star Benchmark Netw

DeltaBlue

DeltaBlue

DeltaBlue (Smal

latency cycle latency cycle latency cycle

p er constrain

0.025

0.123

0.303

119

549

1586

247

1105

3038

402

1694

4543

500

2466

6066

Figure 9: Star Benchmark DeltaBlue (milli�gures are not to o imp ortant here. The signi�cance of these numb ers is that Multi-Garnet, built DeltaBlue, has comparable p erformance Garnet with one-way form5.2 The Star

The star b enchmark adds an input constraint to a ariable that is referenc ed bevery constraint a star-shap ed network. Sp , it adds an input constraint to s (the scale factor) in a large numb er of d constraints: m

= d

� s where the d

are data p oints and the m

their images on the displa. This network mighb e used a viewer for statistical data in which single scaling factor controls how each p oint in a data set mapp ed to the displa. 8 shothe initialconstraint network. Initiall,the scale and the data p oints have ak stays to ensure the alues are computed from them. When a ong input constraint is added to change scale s, this overrides the ak stay on this ariable, but otherwise the constraint graph do esn’t cFigure 9 compares the p erformance the star b enchmark for the C, Lisp, and Smalltalk plementations of DeltaBlue. The �gures are comparable to those for the chain b enchmark. b enchmark shows that one can use high-fanout ariables, accesse d bmany constraints, p enalt15

weak weak weak

Figure 10: Benchmark Netw

DeltaBlue

latency cycle

17

17

16,384 18

65,536 19

Figure 11: ree Benchmark DeltaBlue 5.3 The T ree

The tree b enchmark adds an input constraint to the ro ot of a complete binary tree of constraints, shown in Figure 10. Each constraint mainthe of a no de as the of of its children. The no des of the tree have ak stays, so initially the constraint graph ows the leavtowards the ro ot no de. or the b enchmark, ong edit constrainadded to the ro ot no de, which causes the path to one of the leaves to b e reverse overriding that

’s stay constrainUnlike the previous b enchmarks, the tree b enchmark is not a worst case b enchmark; only l og

N constraints along the path from the ro ot to one of the leavneed b e changed. b oth latency and cycle time for this b enchmark are small, even for very large trees, by the numb ers Figure 5.4 ts of User

The followithree subsections describ e several real user interfaces implemented using ThingLab I I user interface construction system. ThingLab I I is written in Smalltalk-80; Figure can b e used to predict how the constraint op eration timings would change if ThingLab I I wimplemented in C or or each of these examples, Figure 12 displays the latency and cycle time measured when manipulatinguser interface elements such as buttons and sliders. These times are broken down intwo comp onents, constraint pro cessing time and other time. The constraint pro cessing time 16

Cycle

aints

(a) adio

3

1

Instrumen

3

1

(b)

ale

60

15

o

X-O�set

32

8

(c) MacDra

Dash

79

3

Figure 12: Interface Latency and Cycle Times (mill

Figure 13: Musical Instrument ConDeltaBlue op erations such as adding a constraint to the network and constructing executing plan. The other category measures additionalpro cessing necess ary to implement the user inor the this �gure includes time to lo cate the ob ject b eing manipulated, and and cache parts of the graphical image, and for the cycle time this �gure includes the to up the scre 5.5 A Musical tConstraints were used in the construct ion of a real-time controller for African marimbamusic ure 13). The system allocontrols to b e manipulated while the mis b eing played. The 17

Figure 14: Statistics o generated ba synthesizer is controlled by the program through a MIDI connection. and cycle times for manipulatisliders and radio buttons are given in Figure 12(a). In b oth the contributions of constraints to the latency cycle are 5.6 A Visualization T o Constraints were used to construct prototyp e data visualization to ol (Figure 14). to ol allows two dimensions of a data set to b e displayed as a p oint cloud. The user may use to control the x and y o�set and the scale factor. Latency and cycle times manipulating sliders are givin Figure 12(b), for a data set 100 elements. These measurements re ect fact that the scale factor in uences b the x and y co of every p oinwhereas the xin uences their co 5.7 A Dashed Lines Dialog

As an example of an existing user interface, we reimplemented the MacDraw I I Dashed Lines dialog

b ousing ThingLab I I. This b ox (Figure 15) is used sp ecify the pattern black and dashes that make up a dashed line. Dashes are created bdragging the spare dragger to the from its resting p osition on the far right. Dashes are deleted by dragging the corresp onding to the far right In our reimplementation of the dialog b ox (Figure 16), these b ehaare implemented constraints. There an array of six dashes, each which has a separately constrained attribute. A dash can only b e when displayand is only displayed when isVisible 18

Figure 15: MacDraw I I Bo

Figure 16: ThingLab I I DialogBoThe dialog b ox was implemented in approximately 360 lines of Ob ject Pand to two to three p erson-weeks to write. More than half the implemene�ort was sp ent with unusual cases and manual enforcement of internal constraints [43]. Our reimplemenfewer of co de, and required one day to implement and test. However, we note that the tricky \dashes" p ortion of the b ox was implemented; the arious buttons and other were not. The latency and cycle times for manipulathe dashes are givin Figure 12(c). p erformance adequate a user interface, even when implemented in Smalltal5.8 A Garnet Demo-manyob js is a Garnet demo program that creates chain of b oxes connected by lines. orm(one-way constraints) are used set the endp oints of the to the centers of the two b ob eing connected. The b oxes can b e dragged around by the mouse, and the lines redraw themselv. Several versions of this program were constructed to compare the p erformance 19

Figure 17: Demo-Manyob js WindoGarnet to that of Multi-Garnet for a typical interactive graphics activito measure p erformance, chain of �ve b oxes was p ositioned in a standard con�guration simple vertical chain) and the left side of the second b ox was moved 500 times (Figure 17). Eactime the b ox was moved, the windowas up dated, the two lines connecting this b ox to neighb ors had to b e redraw, the formor constraint metho ds to determine endp oinor the Multi-Garnet version of demo-manyob js, the formused set the endp oinof lines were replaced multi-way constraints. Two versions of demo-manyob js were created Multi-Garnet. The �rst version moved the b ox by setting a slot within the b ox ob ject. Evtime the slot was changed, temp orarily added and removed a constraint set propagate the c alue. The second version constructed a plan ,which was rep eatedly to propagate the new alue without requiring adding or removing any constrainFigure presents the for these three versions. The di�erence b etween the 20

Multi-Garnet (no

Multi-Garnet

Figure 18: Multi-Garnet Timings for Demo-Manyob the Garnet and Multi-Garnet (no plan) versions can b e explained as the di�erence b etween and eager aluation. The Garnet version eagerly in alidates formulas,and aluates the formwhen the displaalgorithm accesse s the slot alues, whereas Multi-Garnet version uses aluation to propagate changed alues whenever they are changed. In this b enchmark, of the formulas or constraints are aluated each time the b ox is moved, so Garnet’s lazy do esn’t prevent any aluations. Indeed, it sp ends additional time in alidating formulaThe di�erence b etween the for the twMulti-Garnet versions is due to DeltaBlue straint manipulatiwhich is done every the b ox is moved in the no-plan version, but is done once the version using plans, taking negligible time. This demonstrates that most of the for the (no plan) version is devoted to propagating alues and up dating the ics. This is a common case with interactive user interfaces built using constraints: the constrainmanipulation time is dominated by other elements the pro This b enchmark do es not use manconstraints, the constraints are all one-wa, and all of constraints are required. Therefore, it is not a go o d example of the p ower of multi-way hierarcconstraints. However, b enchmark indicates that Multi-Garnet has comparable p with Garnet for simple interactive tasks. In addition, if plans are reused, there is a p otential some sp eedu p. However, of the techniques resp onsible the time di�erence b etween Garnet and Multi-Garnet versions, such as eager aluation and reusing could just as b e implemented in a system one-way constrain5.9 Other Hudson describ es an algorithmfor incremental attribute

[25], which can b e viewed one-way constraint propagation. or a system of aluation rules hand-translated into C, on a DECstation 3100, a long linear chain of rules could b e at more than p er second. Hudson’s b enchmark very similar to our chain of equalities b encConsider the it takes propagate a ariable change through a chain of 40,000equalitconstraints. Using Hudson’s �gure, and the timings in Figure 6 and Figure 7, we can roughly that Hudson’s system C) would require ab out a second, whereas DeltaBlue (in C) would approximately 0.83 second planning time plus seconds time. Garnet (in Lisp) wrequire appro6.8 seconds, whereas DeltaBlue (in Lisp) would require approseconds time plus 0.77 seconds execution time. Comparisons based the �gures Hudson’s system must b e made with caution, since the hardware and compilers are di�erent. In ancase, however, it should b e clear that multi-way constraint satisfaction using DeltaBlue is encomp etitivwith one-way constraint 21

6 F uture W

As describ ed DeltaBlue has two imp ortant restrictions: all metho ds must have exactly output ariable, and the constraint graph must b e acyclic. These restrict ions allow all of op erations|incrementally adding and remoa constraint, extracting a plan, and executing plan|to have O (N M ) worst case complexit, so that the algorithm scales smo othly to handle problems. References [31, 19] prove that removing either of these restrictions turns the constrainproblem into an NP-complete one, making the worst case time exp onential the numb er constrainthe restriction on metho ds with multiple outputs is not usually an obstacle, the o user interface problem do es arise that could b e expresse d elegantly using such metho ds. example, supp ose one has a p oint ob ject maintains its p osition as b oth hx; y i cartesian co dinates, in addition to h�; � i p olar co ordinates. It would b e convenient to sp ecify a constraint kthe two representations consistent, using two metho ds each with multiple outputs: one x and y , the other setting � and � More signi�canthe single-output metho d restrict ion limits DeltaBlue’s ability to interface a aint[13]. Supp ose DeltaBlue could treat a subgraph of the constraint graph one consimultaneous equations) as a black b ox. Then a more p owerful constraint solvone capable of solving simultaneous equations, could b e called to �nd a solution for this The solution would, in general, treat some of the at the b oundary of the subgraph indep enden using their alues to compute alues for the b oundary

A constraint compiler could b e used compile a numb er of metho ds to solve the subgraph arious combinations of indep endent ariables, and DeltaBlue could simply cho ose the compiled metho d. However, this technique pro duces metho ds with multiple outputs, whicDeltaBlue cannot e are currently working on a succes sor DeltaBlue, named SkyBlue, that supp orts constrainwith multiple outputs. Our preliminary results with SkyBlue seem to indicate that the new rithm is exp onential only in the numb er of constraints multiple outputs, not the numb of constraints. e therefore hyp othesize that this generalization can b e added to a practical mental constraint satisfaction algorithm,and that the NP-completeness result cited ab ove is not ma jor stumbling blo ck in practice. However, a substantial amount of further wincluding b and exp erimental p erformance analysis, is needed b efore this hyp othesis can b e or Cycles in the constraint graph can arise in two ways: from programmer error (adding the constraint twice, or otherwise creating redundant constraints); and from problems that cycles (e.g. simultaneous equations and inequalities). Cycles from programmer error probably b est handled by improved debugging facilities, rather than by augmenting the algorithm.

However, cycles due to simequations or inequalities|primarily linear ones|can arise realistic user interface applications. Lo cal propagation, when applicable, is the clear technique choice for solving constraints, due to its sp eed go o d supp ort for separate planning and stages. Completely replacing lo cal propagation with a numeric constraint solvthat could simultaneous equations or inequalities would b e , since non-numeric constraints imp ortant in user interfaces. e have therefore b egun investigating a hybrid constraint solvaugmenting SkyBlue with the capability to detect a \snarl" of simultaneous constraints. When sucsnarl is encountere d, it wuse simple rule base to select appropriate sp ecialized solver, the snarl o� to that solver for pro cessing, then make use of the results in further lo 22

7 e have describ ed problems in user interface construction that are more easily solved multi-w y constraints than with one-way constraints, such as the of presenting multipleditable views of a data set. e argue that such problems are enough to make multi-way

constraints preferable one-way constraints for user interface construction. Our description of DeltaBlue algorithm,and our exp erience s implemenit in several languages and integrating it inGarnet, provide evidence that multi-waconstraint systems are not di�cult to implement. ,

we have shown that the DeltaBlue has excellent incremental p erformance b oth and practice, so e�ciency is not a reason cho ose one-way constraint solver over a multi-way

one. Given this, is there any reason to use a one-way constraint solver? There two why the answer might b e yThe �rst|and less comp is that the application at hand might include only strainthat are naturally one-wa. Even in such however, multi-waconstraints mighadd functionality or allow future enhancements that would b e to implement one-way constraints. A go o d example of this is the current generation of spreadshe ets . Spreadshee historically have used a one-way constraint mechanism. However, the latest versions of Microsoft cel ersion and Lotus 1-2-3 b oth incorp orate solvfor simultaneous equations (i.e., multi-w

,

cyclic constraints). Given the e�ciency DeltaBlue, and its abilitto simulate one-way constrainwith read-only annotations, one mighas well supp ort multi-w y capability even if few uses are apparent initialThe second|and more comp elling|reason is that, in general, the b ehaof one-way constrainsystems more predictable than that of multi-way constraint systems. Some early m astraint systems sometimes pro duced unexp ecte d \blachole" solutions. or example, a editor mighsatisfy the constraints that one line b e horizontal and that another line b e connected it and vertical by returning solution in which b oth lines were zero-length [20]. This solution �es the constraints, but probably not in the way the user exp ecte d! In our recen t wconstrainhierarchies have let us express stability constraints to prevent this particular pitfall. Nevertheles we o ccasionally �nd ourselves surprised by a correct that the system pro duces. A rent research pro ject|the of Michael Sannella’s forthcoming Ph.D. dissertation|is to improvthe debugging, explanation, and control capabilities provided to the user of a multi-way constrainIn , multi-wayconstraints are more general than one-waconstraints, comparable sp eed, and easy to implement: all strong arguments for basing future user interface work on mway rather than one-way constraine are optimistic that ongoing research eliminate DeltaBlue’s restrict ions that metho with moutputs cyclic constraint graphs, that make the b ehavior multi-w y constraint systems easier to understand. This additionalexpressivenes s and will make multi-wayconstraint systems even more attractive for the construction constrainuser in7.1

Thanks to Ralph Hill, Scott Hudson, Brad Myers, and Brad ander Zanden for advice ab out their work, and ab out how it relates that descr ib ed here. This work was supp in part by the Science oundation under Grant Nos. IRI-9102938 and CCR-9107395, bthe Canadian National Science and Engineering Research under Grant OGP0121431, bequipment donations from Sun Microsystems, by a from Apple Computer, by fellowships from the National Science Apple Computer, and 23

A App endix: DeltaBlue Pseudo co This App endix describ es the algorithm in enough detail to alloit to b e easily mented in a ariety of languages. The pseudo co de pro cedure s presented here havb een co ded tested in Smalltalk-80,Common Lisp, C, and A.1 Data

�eld the

alue of this

constrain

Set Constrain all constraints that referenc e this

determine

Constrain the constraint that determines this or

walkStren the w ab out strength this

In this ariable’s

Bo true this ariable is computed planning

Figure 19: ariable Record ariable records 19) are the of constraint graphs. In addition to its alue, a has a set of all the constraints that refer it (constraints) and a p ointer to the constraint determines its alue in the current graph (determinedBy). If no constraint determines alue, the determinedBy�eld is set to none. �elds walkStrength and mark are in metho d selection plan extraction. The stay �eld is used for constant propagation. This is true if the alue was precomputed at time and need not b e recomputed at execution ariables are initialized at creation time as if they were determined by a virtual stay constrainwith a strength akest InitializeVariable(v: Variable, initialValue: v.value := initialValuv.constraints := v.determined:= v.walkStreng:= weakest.

v.mark := v.stay := DeltaBlue uses the ariable mark �eld in several ways. During the pro cess adding a constrainto the hierarch, when a metho d is selecte d its output ariable is marked. This prevents p lo ops in which a pair of constraints are alternately added and retracte d. Marks are also used detect cycles in the constraint graph, which case DeltaBlue will remove the constraint. ,marking is used during plan extraction to indicate which have b computed by metho ds already in the allowing DeltaBlue to ensure that the inputs of a metho will b e computed b efore that metho d is ariables are marked with monotonically increasing numb ers rather than single bits, to save cost of clearing the mark �elds at the start of each op eration. The price for this time savings is slight increase in space; mark �eld must contain enough bits to ensure mark alues nevb e reused (current implemenof DeltaBlue use bit 24

�eld

Set the

constrained by this constrain

this constraint’s level in the constraint hierarch

Bo true input constraints (e.g., mouse constrain

Set Metho the p ossible metho ds for enforcing this constrain

selectedMet

Metho the metho d used to enforce this constraint, or

Figure 20: Constraint Record A constraint record 20) represe nts a constraint on a set ariables. The �eld contains the set of alternative metho ds for enforcing it. The selectedMeth�eld is used bto record whicof these metho ds is used to enforce the constraint in the current graph. If the constraint is not enforced, the selectedMetho�eld is set to noneThe inputFlag �eld is true for constraints that dep end the outside wsuch as a constraint that sets a ariable to the current p of the

�eld

Pro cedure a pro cedure that calculates the metho d output the output ariable of this metho

Figure 21: Metho Record A metho d record (Figure 21) repres ents one of the p ossible ways to enforce a constraint. metho d has an enforcement pro cedure (code) and a referenc e to the constrained ariable that changes (output). The code pro cedure conp ointers to the input ariables access ed bmetho constraint’s metho ds determine its b ehavior. A new typ e of constraint is de�ned by a pro cedure allo cates storage for the constraint, �lls in its variables,strength,inputFlag,

and �elds, and �lls in the and �elds each metho A.2 tryInitially, b oth the constraint hierarchy and the current solution graph are empt. The rent solution graph is incrementally up dated the constraint hierarchy is mo di�ed by pro cedures AddConstraint and RemoveConstraint. There are several pro for construct ing and executing for constraint resatisfaction: ExtractPlanFromVariables,

ExtractPlanFromConstraints, and ExecutePlan.

A.3 Adding

AddConstraint is the pro cedure adding a new constraint to the constraint hierarch. It initializes the selectedMeth�eld of the constraint to none, registers the constraint with ariables, and calls IncrementalAddto attempt to enforce 25

AddConstraint(c: c.selectedMethod := For each variablev in c.variabAdd c to v.constraiIncrementalAdd(c)

IncrementalAdd up dates the solution graph when a constraint is added. First, it creates a mark for marking ariables that have b een used metho d outputs during this op eration. it calls Enforce to select a metho d enforce constraint. Enforcing the added constraint maretract some other constraint. In such cases, it mab e p ossible to enforce the retracte d constrainusing a di�erent metho d. This main turn retract another constraint, which must itself b e for enforcement. This pro cess when it reaches a constraint that cannot b e enforced when Enforce do es not retract constraint. In either case, Enforce returns none, and the lo op IncrementalAdd(c: Constraint)

mark := NewMark()

:= Enforce(cWhile retracted <> none retracted:= Enforce(retracted, Enforce attempts �nd a metho d to enforce the constraint c, retracting a weaker constrainif neces . If it succe eds , calls AddPropagto up date the w ab strengths of ariables downstream of the given constraint, and returns the retracte d constraint (i.e., the that previously determined the output of the newly enforced constraint), if an. If AddPropagate

returns false, this indicates that cycle has b een detect ed, and the constraint c has b een removsimply returns none. If no metho d can b e found and the constraint is required, is raised. If no metho d can b e found and the constraint is not required, the constraint is simply o guarantee eventual termination in the face inadvertent cycles, output of the lected metho d is marked, and SelectMethod only selects metho ds whose outputs are not marked. The inputs of the selecte d metho d are marked in order to allow detection cycles AddPropagate26

Enforce(c:Constraint, mark: Integer) : (Constrai| SelectMethodIf Enforced(For all variables i in Inputs(c) i.mark := retracted:= c.selectedMethod.output.determinedBIf retracted <> none then retracted.selectedMethod := c.selectedMethod.output.determine:= If not(AddPropagate(c, mark)) Error: "Cycle encounteredReturn c.selectedMethod.output.mark:= Return If c.strength = required Error: "Failed to enforce a required Return SelectMethod attempts to set the selectedMethod�eld of the given constraint to a metho suc1. the metho d’s output is not mark2. the w ab out strength the metho d’s output is weaker than the given constraint, 3. the metho d’s output has the weakest p ossible w ab If a metho d meeting these criteria cannot b e found, then the selectedMe�eld of the givconstraint is set noneSelectMethod(c:Constraint, mark: c.selectedMethod := bestOutStrength := For all methods m in c.methods If m.output.mark <> mark Weaker(m.output.walkStrength, bestOutStrength) c.selectedMethod := bestOutStrength := m.output.walkStrenAddPropagate recomputes the w ab out strengths, the stay ags, and p ossibly the alues of ariables downstream of the given constraint. It also checks for inadvertent cycles blo oking downstream ariables that have b een marked. Enforce marks the inputs of the constraint b enforced b efore AddPropagate.Thus, if a marked ariable is encountered then there path from the output the constraint back to one of its inputs, constituting a cycle. If a is detected , then the constraint b eing added is removed and false is returne d. Otherwise, true 27

AddPropagate(c:Constraint, mark: Integer) : todo := While todo <> {} a constraintd from If d.selectedMethod.output.mark = mark IncrementalRemove(c)

Return Recalculate(d)

Add all ConsumingConstraints(d.selectedMethod.output) to Return A.4 vingRemoveConstraint is the pro cedure for remoa constraint the constrainhierarchIf the constraint to b e removed enforced, then RemoveConstraintretracts by IncrementalRemove. Otherwise, the constraint is simply unregistered with its

RemoveConstraint(c: ConstrainIf Enforced(IncrementalRemove(cFor each variable v in c.variables Remove c from v.constrainIncrementalRemove removes the enforced constraint, by setting its selectedMetho�eld none and unregistering it from its ariables. Then, it calls RemovePropagateFrom to set the and walkStrength �elds of the constraint’s output ariable as it were determined by a staconstraint of strength

, and propagate this change to downstream ariables, collecting the unenforced downstream constraints the pro cess. Removing the givconstraint may p of these previously unenforced constrainto b ecome enforced, an attempt is made to each of them in turn. The unenforced constraints are pro cesse d in order of decreasing as a heuristic. If they are pro cesse d in a di�erent the is still correc t, but maunnecess ary wNote: after this pseudo co de was written, of the authors proved that when a constrainis removed, it is only necess ary (and p ossible) to enforce one the strongest eligible constraints [31]. Thus, IncrementalRemove and RemovePropagacould b e revised to record only a single constraint, rather than a list of constraints. The decreas ed b o okkwprobably result in some improvement in the p erformance of RemoveConstraint.However, b this pseudo co de has b een well-tested|it has b een the of at least seven implemenDeltaBlue, including all the ones in this pap er|we have resisted temptation to change it noThe reader who undertakes this should b e careful to record only the strongest the constraints that have actually b een made for enforcement constraints that, w ab out strength have a strength greater than that of one of their p otential 28

IncrementalRemove(c:Constraiout := c.selectedMethod.outpc.selectedMethod := For each variablev in c.variabRemove c from v.constraunenforced := RemovePropagateFrom(ouFor all constraints d in unenforced in order of decreasing strength IncrementalAddRemovePropagateFrom sets the determinedBystay, and walkStren�elds of the removconstraint’s output ariable (out) as if it were determined ba stay constraint of strength

Then, this change is propagated to all downstream ariables. During this pro cess, doconstraints are saved, and returned as the alue of RemovePropagateFromRemovePropagateFrom(out: Variable): Set of Constraint:= out.determinedBy := out.walkStrength := out.stay := todo := While todo <> {} a v from For all constraintsc in v.constraintsIf not(Enforced(then add c to For all constraintsc in ConsumingConstraints(v)RecalculateAdd c.selectedMethod.output to Return unenforced

A.5 Extracting ExtractPlanFromVariables and ExtractPlanFromConstraintsare pro cedures that plans to resatisfy the constraints. ExtractPlanFromVariables starts from a set seed provided by the client. ExtractPlanFromConstraints starts from a set of seed constraints, ably input constraints, provided by the client. Both techniques use an auxiliary function MakePlan

to do the wExtractPlanFromVariables(variables: Set of Variables) : sources := For all variablesv in variables For all constraintsc in v.constraintsIf c.inputFand Enforced(c)then add c to Return MakePlan(source29

ExtractPlanFromConstraints(constraints:Set of Constraints) : sources := For all constraints c in constraintsIf c.inputFlagand Enforced(c) then add c to Return MakePlan(sourceMakePlan extracts a plan by traversing the constraint graph starting from a set enforced constraints. Because stay optimization, only ariables downstream these constraints will cat plan execution time; all other ariables will have their stay �elds set to true, and have b computed incrementally as constraints were added and removed. The mark �eld is used ktrack of which ariables have b een computed bthe plan so far. When a constraint is added to plan, its output ariable is marked and constraints use that as an input are on a list of hot constraints. A hot constraint may only b e added to the if all its inputs known and if it is not already in the (i.e., its output is not marked). If a hot constraint yet b e added to the plan, it is safe to remove it from the hot list; it is guaranteed b e encounagain MakePlan(sources: Set of Constrain: plan := mark := NewMark()

hot := While hot <> {} Remove a constraintc from If c.selectedMethod.output.mark <> mark and InputsKnown(c, mark) Append c to c.selectedMethod.output.m:= Add all ConsumingConstraints(c.selectedMethod.output) to Return ExecutePlanis a pro cedure execute s the sp eci�ed plan, an ordered list of constraints. plan is execute d btaking each constraint in order, executing the pro cedure asso ciated with constraint’s selected metho d, and setting the of the metho d’s output ariable to the A plan generated bExtractPlanFromVariables or ExtractPlanFromConstraints will with an input constraint, such as a constraint that sets ariable to the current p of mouse, followed by other constraints to propagate the changed alues through the netwAs as the constraint solution graph is not changed by adding or remoa constraint, plan can b e execute d rep eatedly to propagate new input alues. Once the solution graph is chowever, the plan mab e in alid, and should not b e ExecutePlan(constraints: For each constraint c in constraints c.selectedMethod.output.value := Execute(c.selectedMethod.code30

A.6 y F Inputs returns the set of ariables that are inputs the given constraint in the current graph. This assumes all of the constrained ariables are inputs except the output the selected metho Inputs(c: Constraint) : Set of VariableReturn all variables v in c.variables such v <> c.selectedMethod.output

InputsKnownreturns true all inputs of the metho d selected for the given constraint are knoA is known if either is marked, indicating that it has b een computed by a constrainapp earlier in the plan, or its ag is true, indicating that it b e a constant at execution InputsKnown(c: Constraint, mark: Integer) : For all variablesv in Inputs(c) If not(v.mark = mark or then return Return Recalculateis called by b oth AddPropagand RemovePropagateFrom. It up dates the wab out strength and stay ag of the given constraint’s output ariable. If the sta ag is true, alue of the output ariable is precomputed. This ariable will b e considered a constant at Recalculate(c: Constraintc.selectedMethod.output.walkStrength:= OutputWalkStrength(cc.selectedMethod.output.stay := ConstantOutputIf c.selectedMethod.output.stayc.selectedMethod.output.value := Execute(c.selectedMethod.codeOutputWalkStrength computes the w ab strength to b e assigned to the output of the given constraint. The w ab strength is the weakest of the constraint’s strength the w ab strengths of all the curren t inputs that could b ecome outputs by cho osing metho OutputWalkStrength(c: Constraint) : Strength

:= For all methods m in c.methods If m.output <> c.selectedMethod.outputWeaker(m.output.walkStrenminStrength) minStrength := m.output.walkStreReturn minStrengt31

ConstantOutput returns true if the output of the given constraint b e a constant at execution time. This is the case (1) the constraint is not an input constraint such as a constraint, and (2) all the constraint’s inputs are marked stay or the constraint has no inputs. stay constraint has no inputs, so its output ariable will b e considered a constanConstantOutput(c: Constraint): If c.inputFlthen return For all variablesv in Inputs(c) If not(v.stay)then return Return ConsumingConstraints returns the set of all enforced constraints on the given ariable the one that currently determines its

ConsumingConstraints(v: Variable) : Set of Constraints

consumers := For all constraints c in v.constraints If Enforced(c)and c <> v.determinedByAdd c to Return Enforced returns true the given constraint is enforced. A constraint is enforced has selected a metho d to enforce Enforced(c: Constraint) : Return c.selectedMethod <> Execute is a primitive function that aluates a pro cedure , and returns the result the cedure. This function is used to execute the pro cedure asso ciated with a metho d, which conp ointo the ariables accessed by the metho Precise ly how metho ds are repres ente d, b ound to the of their constraint, and are details that dep end heaon the facilities of the implementation Execute(code: Procedure) : NewMark is a primitive function that returns a previously unused

NewMark() : Weaker is a primitive function that returns true s1 is a weaker strength than s1Weaker(s1,s2: Strength) : 32

weak weak weak weak weak

weak weak weak

weak weak

weak weak weak weak

weak weak weak

weak weak weak weak weak weak

weak

strong

strong

strong strong

strong

weakest

weakest weakest weakest weakest weakest weakest weakest weakest weakest weakest weakest strong strong strong strong strong strong strong strong strong strong

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 22: AddConstraint and RemoveConstraA.7 An An example of the op eration of AddConstrand RemoveConstris shown Figure 22. Roshows the state of the constraint graph. Five ariables are linked in a chain by equality constraints, and a ak stay constraint has b een to the righ ariable. Initiall,

�ve ariables have w ab out strengths ak due to the weak stay constraint. Supp ose a ong edit constraint then added to the ariable. When this edit constraint is SelectMethod �nds an acceptable metho d for the edit constraint, the constraint currently that ariable is revoked, and AddPropagup dates the w ab out strengths the do ariables (b). Next, an attempt is made to enforce the retracted constraint, which causes yanother constraint in the chain to b e retracte d (c). After another call to Enforce, the algorithm

terminates, leaving the ak stay constraint unenforced Now, supp ose that this edit constraint is removed by a call to RemoveConstraint.After constraint is removed the graph, RemovePropagateFrsets w ab out strength of former output ariable to akest , and propagates this to of the downstream ariables RemovePropagateFrom also discovers the unenforced ak stay constraint, and IncrementalAdcalled to enforce it. This call enforces ak stay constraint and up dates the w ab out of its output

), retracting the constraint currently setting that ariable. After two to Enforcethe algorithmterminates 33

Reference[1] Paul Barth. An Ob ject-Or iented Approach to Graphical Interfaces. ACM ansactions aphics, 5(2):142{172,April [2] Alan Borning. The Programming Language Asp ects of ThingLab, A Constraint-Oriented Simlation Lab oratory. A ansactions on amming anguages and Systems, 3(4):353{387,

Octob er [3] Alan Borning and Rob ert Duisb erg. Constraint-Based o ols for User Interfaces. A aphics, 5(4):345{374,Octob er [4] Alan Borning, Rob ert Duisb erg, reeman-Benson, Axel Kramer, Michael o olf.

Constraint Hierarchies. In dings of the 1987 A e on amming Systems, anguages, and ationspages 48{60.AOctob er [5] Alan Borning, Bjorn reeman-Benson, Molly Wilson. Constraint Hierarchies. Lisp olic Computation, 5(3):223{27Septemb er [6] Alan Borning, Michael Maher, AmMartindale, and Molly Wilson. ConstrainHierarchies Logic Programming.In dings of the Sixth International gicming, pages 149{164,Lisb on, June [7] Ellis S. Cohen, Edward T. Smith, and Lee Iverson. Constraint-Based Tiled Windows. Computer aphics and ations, pages May [8] Alain Colmerauer. An Intro duction to Prolog I I I.

ations of the ACM, pages 69{90,

July [9] M. Dincbas, an Hentenryck, Simonis, A. Aggoun, Graf, and F. Bertheir. Constraint Logic Programming Language CHIP. In dings Fifth ation Systems-88, pages [10] Rob ert Duisb erg. Animation Using emp oral Constraints: An Overview of the Animus Human-Computer action, 3(3):275{308,[11] Raimund Ege, David Maier, and Alan Borning. Filter Browser|De�ning Interfaces ically.

dings of the ane on amming, pages 165, Paris, June 1987. Asso ciation ran� caise p our Cyb ern�

Economique et ec[12] Danny Epstein Wilf LaLonde. A Smalltalk Window System Based on Constraints.

dings of the 1988 A andations, pages 83{94, San Diego, Septemb er A[13] Bjorn reeman-Benson. A Mo dule Compiler for ThingLab I I. In dings of the 1989 A damming Systems, anguages and ationspages 396, New Orleans, Octob er 1989. A[14] Bjorn reeman-Benson and Alan Borning. The Design and Implemenof Kaleidoscop A Constraint Imp erative Programming Language.

dings of the IEEE Computer

International anguages, pages 174{180,April [15] reeman-Benson and John . The DeltaBlue Algorithm:An Incremental straint Hierarchy Solver. In dings of the Eighth Annual IEEE enixe Computers and ations, pages 561{568, Scottsdale, Arizona, March 34

[16] Bjorn reeman-Benson, John , and Alan Borning. An Incremental Constraint Solv ations the ACM33(1):54{63,January [17] Bjorn N. reeman-Benson. Multiple Solutions from Constraint Hierarchies. echnical Rep 88-04-02, Department of Computer Science and Engineering, University of ashington, W

A, April [18] Bjorn N. reeman-Benson.

aintative amming. PhD thesis, University ashington, Department of Computer Science Engineering, July 1991. Published as partmenof Computer Science and Engineering echnical Rep ort 91-07-02[19] Michel Gangnet and Burton Rosenb erg. Constraint Programming and Graph Algorithms.

ond International osium on Arti�cial Intel e and Mathematics, January [20] James Gosling. A aicaints. PhD thesis, Carnegie-Mellon Universit, May Published as CMU Computer Science Department echnical Rep ort CMU-CS-83-132.

[21] Ralph D. Hill. Languages for the Construction Multi-User Sync(MUMMS) Applications. In Brad Myers, editor, anguages for Developing User espages 125{143. Jones and Bartlett, Boston, [22] Ralph D. Hill. The Abstraction-Link-View Paradigm: Using Constraints to Connect Interfaces to Applications. In dings of the 1992 A e on Human actors Computing Systems, pages New ork, May ACM, [23] Bruce Horn. Constraint Patterns as a Basis for Ob ject-Oriente d ConstrainProgramming.

dings of the 1992 ACM andations, pages ancouver, British ColumbiaOctob er [24] Bruce Horn. Prop erties User Interface Systems the Programming Language. Myers, editor, anguages Developing User es, pages 211{236.Jones and Boston, [25] E. Hudson. Incremental Attribute aluation: A Flexible Algorithm for Lazy Up A anguages and Systems, 13(3):315{341, July [26] Dan Ingalls, Scott u-Ying Chow, rank and Ken Doyle. abrik: A Programming Environment. In dings of the 1988 ACM anguages ations, pages 176{190, San Diego, Novemb er A[27] Joxan Ja�ar and Spiro Michaylov. Metho dology and Implementation of a CLP System.

dings of the ourth International gicamming, pages 196{218b ourne, May [28] JoJa�ar, Spiro Michaylov,Peter Stuck, Roland ap. The CLP(R) System. A anguages and Systems, 14(3):339{39July [29] omihisa Kamada and Satoru Kawai. A General ramework for Visualizing Abstract Ob Relations. A aphics, 10(1):1{39,January [30] William Leler.

aintamming anguages. , 35

[31] John . Using aints for User e Construction. PhD thesis, DepartmenComputer Science Engineering, University of ashington, August 1991. Published DepartmenComputer Science and Engineering echnical Rep ort 91-08-12[32] John , Alan Borning, and Bjorn reeman-Benson. Constraint echnology for Interface Construction ThingLab I I. In ations, pages 381{388,New Octob er 1989. A[33] John Alan McDonald, erner Stuetzle, Andreas Buja. Painting Multiple Views of plex Ob jects. In dings of the 1990 A dSystems, ations and the amming, pages 245{257, Ottawa, Canada, Octob er [34] Brad Myers. Creating Dynamic Interaction echniques by Demonstration. CHI+GI edingspages 271{278, April [35] Brad A. Myers, Dario Guise, B. Dannenb erg, Brad ander Zanden, David Philipp e Marchal, and Ed Pervin. Comprehensive Supp ort for Graphical, Highly-InteractivUser Interfaces: The Garnet User Interface Development Environment. IEEE Computer23(11):71{85, Novemb er [36] Greg Nelson. Juno, Constraint-Based System. In SIGGRAPH ’85 dings, pages 235{243,San rancisco, July 1985. A[37] R. Olsen, Jr. Creating Interactive echniques by Symb olically Solving Geometric straints. In dings of the ACM SIGGRAPH osium on egy, pages Snowbird, Utah, Octob er 1990. ACM SIGGRAPH and [38] Lawrence Rowe, Joseph Konstan, Brian C. Smith, Steve Seitz, Chung Liu. PICASSO ramework. In osium User e and gy, pages 95{105,Head, South Carolina,Novemb [39] MicSannella and Alan Borning. Multi-Garnet: Integrating ay Constraints Garnet. echnical Rep ort 92-07-01,Department of Computer Science Engineering, versity of ashington,Septemb er [40] Vijay A. Saraswat.

entaintamming anguages. PhD thesis, Mellon UniversitComputer Science Department, January [41] Vijay A. Saraswat, Martin Rinard, and ash Panangaden. Semantic oundations of current Constraint Programming.In enth Annual Principles of osiumpages ACM, [42] Ken and Akira Aiba. CAL: A Theoretical Background of Constraint Logic ming and its Applications (Revised). echnical Rep ort TR-537,Institute New ecokyo, ebruary [43] Jo el Spiegel, July 1989. Personal Communication.

[44] an Sutherland. Sketchpad: A Man-Machine Graphical Communication System. In of the Spring Joint Computer e, pages 329{346.IFIPS, 36

[45] Pedro Szekely and Brad Myers. A User-Inter face o olkit Based Graphical Ob jects Constraints. In ations, pages San Diego, Septemb er 1988. A[46] Pascal Hentenryc k.

aint Satisfaction in gicamming. Press, CamMA, [47] J.

an Wyk. A High-level Language for Sp ecifying Pictures. ACM onaphics, 1(2):163{182, April [48] Cli�ord ali. CLP(�*): Constraint Logic with Regular Sets. In of the Sixth International gicammingpages Lisb on, June [49] Molly Wilson.

alaintgicamming. PhD thesis, Department of puter Science and Engineering, University of ashington,1993. 37