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Example: RSISE Room Allocation

Problem

Assign an of�ce to each person so that:

ANU employees don't have to share of�ces

No researcher Level C or above has to share

Nobody has to share a small of�ce

All of KRR program on one �oor

. . . etc
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Example: RSISE Room Allocation

Problem

Assign an of�ce to each person so that:

ANU employees don't have to share of�ces

No researcher Level C or above has to share

Nobody has to share a small of�ce

All of KRR program on one �oor

. . . etc

Observations

Domain is discrete

Constraints are qualititative

Specify problem, not algorithm
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Example: Meet-Pass Planning

T1 T2 T3 T4 T5

A B C

S1

Initial state

Final state
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Features

Qualitative conditions

Little helpful mathematical structure
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Qualitative conditions

Little helpful mathematical structure

Approach

Declarative: “Let logic sort it out!”

First order representation more compact

Can be iterative/interactive
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Summary

Features

Qualitative conditions

Little helpful mathematical structure

Approach

Declarative: “Let logic sort it out!”

First order representation more compact

Can be iterative/interactive

Application areas

Scheduling (job-shop, transport, timetables, duty rosters,
tournaments, stockpiles, projects, . . . )

Design (layout, con�guration, planning, . . . )
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What is a CSP?

Components

Finite set of variables and domains of possible values

�nite: e.g. rooms, colours, trains, . . .

in�nite: e.g. integers, reals

Constraints: relations among the variables

often, but not always, binary relations

may be “hard” (required) or “soft” (desired)
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What is a CSP?

Components

Finite set of variables and domains of possible values

�nite: e.g. rooms, colours, trains, . . .

in�nite: e.g. integers, reals

Constraints: relations among the variables

often, but not always, binary relations

may be “hard” (required) or “soft” (desired)

States and solutions

State: assignment of values to variables

Solution if satis�es (hard) constraints

Soft constraints order solutions
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How it's done

Backtracking

Choose a variable (choice heuristic?)

Choose a value (choice heuristic?) and assign it

Propagate: enforce “consistency” be reducing domains
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How it's done

Backtracking

Choose a variable (choice heuristic?)

Choose a value (choice heuristic?) and assign it

Propagate: enforce “consistency” be reducing domains

Stochastic local search

Many variants (hill-climbing, random walk, GA, SA)

Step from one state (or set of states) to another

Fitness measure to bias walk towards solutions
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How it's done

Backtracking

Choose a variable (choice heuristic?)

Choose a value (choice heuristic?) and assign it

Propagate: enforce “consistency” be reducing domains

Stochastic local search

Many variants (hill-climbing, random walk, GA, SA)

Step from one state (or set of states) to another

Fitness measure to bias walk towards solutions

Others

MIP, numerical solvers, hybrids
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Consistency

Too hard!

Logical consistency not tractable (unless P=NP)

So enforce a relaxation of it at each search node

Propagation implicitly de�nes such “local” consistency
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Consistency

Too hard!

Logical consistency not tractable (unless P=NP)

So enforce a relaxation of it at each search node

Propagation implicitly de�nes such “local” consistency

Example: arc consistency

Where R(v1; v2), for every x 2 D1 exists y 2 D2 s.t. R(x; y)

So remove “unsupported” values from D1

Problem arc consistent if every hD i ; D j i good in this sense

Computable in polynomial time
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Constraint Programming

Limitations of black boxes

One size doesn't really �t all

Exploitation of problem structure is weak

Some reasoning unsupported—e.g. numbers in FINDER
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One size doesn't really �t all

Exploitation of problem structure is weak

Some reasoning unsupported—e.g. numbers in FINDER

CP paradigm

Problem-speci�c programs using library of CSP solvers

Can call as black boxes, or control more �nely
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Constraint Programming

Limitations of black boxes

One size doesn't really �t all

Exploitation of problem structure is weak

Some reasoning unsupported—e.g. numbers in FINDER

CP paradigm

Problem-speci�c programs using library of CSP solvers

Can call as black boxes, or control more �nely

The Holy Grail

Logical purity, like FINDER input

Power and versatility of full CP
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The G12 Solution
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The G12 Solution

Language layers

Zinc: problem modelling language

Cadmium: mapping language

Mercury: constraint logic programming
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The G12 Solution

Language layers

Zinc: problem modelling language

Cadmium: mapping language

Mercury: constraint logic programming

Satz
��

. . . CPLEX . . . FD
BB

. . . ANOV

P P PP

M E R C U R Y

C A D M I U M

Z I N C

Solver level

CLP level

?

Modelling level
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Zinc

First order logic with useful data types

int, �oat, bool, string, records, user-de�ned types

Sets, lists, arrays

Primitive constraints: comparators, arithmetical, set, etc

Type checking
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Zinc

First order logic with useful data types

int, �oat, bool, string, records, user-de�ned types

Sets, lists, arrays

Primitive constraints: comparators, arithmetical, set, etc

Type checking

Problem speci�cation language

Natural mathematical syntax

Clean semantics

Solver-independent

Separate domain model from data

G12 supports reasoning on the Zinc level
Constraint Programming – p.11/14



Cadmium
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Cadmium

Extension of Zinc

Map Zinc models to solvers

Performs range of transformations on constraints

re�nement

specialisation

merging

Adds search strategy

Will provide default mappings and customisable ones

Much less developed than Zinc and Mercury at this stage
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Mercury
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Mercury

Logic programming language with types

Developed since 1993 at University of Melbourne

Strong module system

Fast!—sophisticated compile-time optimisations
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Mercury

Logic programming language with types

Developed since 1993 at University of Melbourne

Strong module system

Fast!—sophisticated compile-time optimisations

Incorporating solvers

Herbrand, BDD-sets, SAT (MiniSat, Satz), LP (CPLEX,

CLPR), FD. More to come

Hybridisation

essentially attach arbitrary code to solver events

solvers pass messages (variable �xed, nogood found)
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The CPP (G12) Project

Five-year project started April 2005

All NICTA labs involved. Truly world-class team

At least 12 fte researchers, plus students

Canberra team working on:

solvers

Zinc-level inference

environment (visualisation, debugging tools, interfaces)

Actual or likely clients include RTA (STaR), Qantas, Bovis

Lend Lease, Coles-Meyer, Berri, Patrick Corp, Cisco
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The CPP (G12) Project

Five-year project started April 2005

All NICTA labs involved. Truly world-class team

At least 12 fte researchers, plus students

Canberra team working on:

solvers

Zinc-level inference

environment (visualisation, debugging tools, interfaces)

Actual or likely clients include RTA (STaR), Qantas, Bovis

Lend Lease, Coles-Meyer, Berri, Patrick Corp, Cisco

Aim: the next generation of problem solving technology

Goal: hundreds of applications by 2010
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