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Example: Viral Marketing Problem

free ?

free ?

da db

dc

de

P (txy = 1) = pxy

P (txy = 0) = (1− pxy)
di ∈ {0, 1}

David Kempe, Jon Kleinberg, and Éva Tardos
Maximizing the spread of influence through a social network
KDD, 2003
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• Probabilistic influence;
• limited budget of free samples

;
• maximize expected # people
buying your ice cream.

Exact solving is NP-hard
• Exponential # of strategies;
• Probabilistic inference is
#P-complete.

Dan Roth
The hardness of approximate reasoning

Artif. Intell., 1996

David Kempe, Jon Kleinberg, and Éva Tardos
Maximizing the spread of influence through a social network
KDD, 2003
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Existing (generic) method

pab

pac pbc

pce

da db

dc

de

φe =de ∨ (dc ∧ tce)∨
(da ∧ tac ∧ tce)∨
(db ∧ tbc ∧ tce)∨
(da ∧ tab ∧ tbc ∧ tce)∨
(db ∧ tab ∧ tac ∧ tce)

P (φ | σ)
OBDD

CP
or
MIP

A.L.D. Latour, B. Babaki, A. Dries, A. Kimmig, G. Van den Broeck, S. Nijssen.
Combining Stochastic Constraint Optimization and Probabilistic Programming: From Knowledge

Compilation to Constraint Solving. CP, 2017
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Observation 1: existing method does not guarantee Generalized
Arc Consistency (GAC)→ inefficient;

Observation 2: probability distribution is monotonic;

Recall: optimization is repeated constraint solving:

solve
∑
φ∈Φ

P (φ | σ) > θ for increasing θ;

GOAL: create constraint propagation algorithm for Stochastic
Constraints on Monotonic Distributions (SCMDs), which
guarantees GAC.
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Problems (SCOPs) are NP-hard

• exponential search space;
• probabilistic inference #P-complete;
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Recall:

• Stochastic Constraint Optimization
Problems (SCOPs) are NP-hard
• exponential search space;
• probabilistic inference #P-complete;

• Existing method not GAC.

leverage
CP technology
(propagation)

leverage
PP technology

(knowledge compilation)
leverage
structure

(global propagator)

OscaR: Scala in OR, 2012
oscarlib.org

oscarlib.org
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Ordered Binary Decision
Diagram (OBDD) encodes
probability distribution
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P (φ | σ) ≥ θ
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Adnan Darwiche.
On the tractable counting of theory models and its application
to belief revision and truth maintenance. JANCL, 2001
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SCMD propagator vs existing methods
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Scalability of SCMD propagator vs MIP
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Main contribution
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A new global constraint propagator for
Stochastic Constraints on Monotonic
Distributions (SCMDs) which:

• guarantees GAC;
• has linear complexity;
• outperforms existing CP-based methods
and complements MIP-based methods;

• scales better with OBDD size than existing
MIP-based methods.

contact: a.l.d.latour@liacs.leidenuniv.nl

code & more results: github.com/latower/SCMD

new work: D. Fokkinga, A.L.D. Latour, M. Anastacio, S. Nijssen, H. Hoos.
Programming a Stochastic Constraint Optimisation Algorithm, by Optimisation.
IJCAI Data Science meets Optimization workshop, 2019.

a.l.d.latour@liacs.leidenuniv.nl
github.com/latower/SCMD
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SCMD propagator vs existing CP methods
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SCMD propagator vs existing MIP methods
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