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Main challenge

Instance
specific
Constraints
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CA methods learn ground constraints for specific instances/parameters!
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Constraint programming (CP) « Model + Solve paradigm

Learned constraints cannot generalize to instances with new parameters.

But the

parameters of my
problem change!
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Parameterized Constraint Problems

Parameterized Constraint model

An (instance-specific)

CSPis atuple (V,D,C):

e Parameters P (e.g. number of nurses,

e V. Variables days etc)
e D: Their domains e Set of Constraint specifications
e C: Set of constraints * That can generate the constraints for

any instance

Constraint specification (CS):
Atriple (r, G, S):

* The relationr
e Partitioning function: G: V; —» P(V/;)
e Sequence conditions S

=

Foreach Y € P(V.T):
Foreach scope € combinations (Y, arity(r),

S) :

r, var(c) = scope)

c < (rel (c)

[Feature Representation of Constraints J

Features to capture elements of CSs

Contributions

Exploiting the power of statistical ML to generalize

a ground CSP to different problem instances
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Use of Statistical ML to capture the problem structure implicitly.
Extract interpretable Constraint specifications from learned decision rules
Extracting Constraint Decision Tree learned Decision Rules Extracted Constraint Specifications
Specificatigns - Examp[e (Relation) rl: Relation == "different_day"
: : \ & Dim0_same == "false" Foreach row € all rows:
Exam Timetabling: | / R olation — 71— then o . Foreach scope € all pairs(row):
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