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PROBABILISTIC RELATIONAL MODELS & REASONING

¡ Combine objects and relations among them with a 
notion of uncertainty

¡ Starting with uncertainty, adding objects and relations: 
Parfactor graphs

¡ Starting with objects and relations, adding uncertainty: 
MLNs

¡ Grounding semantics: Symmetries in factors / weights

¡ Reasoning algorithm for parfactor graphs, e.g., LVE 

¡ Sum out representative and reuse result for 
indistinguishable instances

¡ Allows for tractable probabilistic inference
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COMPRESSION

¡ Advanced Colour Passing for (exact) lifted model 
construction

¡ Efficient detection and compression of commutative 
factors

¡ Efficient detection and grouping of exchangeable factors

¡ Similar idea for learning an MLN by lifting a hypergraph 
representation 
[Kok and Domingos 2009]

¡ 𝜀-ACP as a generalisation of ACP for approximate 
lifted model construction

¡ Bound on the change in query results
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Problem Setup
I Input: A factor graph G

I Output: A parametric factor graph with approximately equivalent semantics as G
I With a minimal approximation error
I With theoretical guarantees for the change in query results
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ACCURACY

¡ Goal: Relax strict equality between potentials while 
retaining interpretability and theoretical guarantees

¡ Distance measure 𝑑6 determines degree of 
approximation

¡ HACP: hyperparameter-free hierarchy for 
interpretable model comparisons

¡ Geometric interpretation: Close neighbourhood on the 
unit sphere ➝ Representatives from their convex hull

¡ Both HACP and 𝜀-ACP admit asymptotic bounds for 
every 𝜀 level / level of compression
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The Hierarchical Advanced Colour Passing Algorithm (HACP)

↭ Pick a level i (i.e., ω4) – cut the
hierarchy

↭ Three phases:
1. Load the groups at level i

2. One colour per group, run
standard ACP

3. Set potentials to the group mean
↭ All levels follow from a single ordering –

no ω to tune
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SOME THINGS WE DID NOT TALK ABOUT TODAY:
MODELLING & REASONING

Probabilistic inference

¡ Assignment queries: 

¡ Lifted inference for MPE 
[de Salvo Braz et al. 2006, Apsel & Brafman 2012, Sarkhel et al. 
[2014], B & Möller 2019] 

¡ Lifted inference for MAP queries 
[Sharma et al. 2018, B 2020]

¡ Continuous inference 
[Choi et al. 2010, Hartwig et al. 2023]

¡ Lifted variational inference in hybrid models 
[Choi & Amir 2012]

Decision-theoretic modelling and inference

¡ Decision-theoretic ProbLog 
[Van den Broeck et al. 2010]

¡ Lifting in Markov decision process based formalisms
[Boutelier et al. 2001, Sanner & Kersting 2010, B et al. 2022, 
Marwitz et al. 2026]

¡ Markov logic decision networks 
[Nath & Domingos 2009]

¡ (Temporal) decision parfactor models 
[Gehrke et al. 2019a, b]
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¡ Learning MLNs

¡ Log-linear model ➝ allows for component-wise optimisation during weight learning

𝑃 𝜔 =
1
Z
exp *

789

:

𝑤7𝑛7 𝜔 =
1
𝑍
𝑤𝑒𝑖𝑔ℎ𝑡 𝜔 → 𝑙𝑤𝑒𝑖𝑔ℎ𝑡 𝜔 = ln exp *

789

:
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789

:
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¡ Focus on

¡ Parameters (weights) 𝑤7
[Singla and Domingos 2005, Lowd and Dominogs 2007, Van Haaren et al. 2015]

¡ Structure

¡ Could consider learning logical statements, e.g., First-order Inductive Learning (FOIL) [Quinlan 1990], and then learn weights

¡ Learn structure and weight at the same time, e.g., using ILP [Kok and Domingos 2005, Mihalkova and Mooney 2007], structural motifs 
[Kok and Domingos 2010], boosting [Khot et al. 2011]

SOME THINGS WE DID NOT TALK ABOUT TODAY: 
LEARNING PROBABILISTIC RELATIONAL MODELS DIRECTLY
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[selection of works, not complete; apologies to all we have missed]

Learning relational dependency 
graphs using boosting
[Natarajan et al. 2012]



THE LARGER SCOPE

Statistical Relational Learning & AI

¡ Study and design 

¡ intelligent agents 

¡ that reason about and 

¡ act in noisy worlds 

¡ composed of objects and relations among the objects
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Kristian Kersting. Statistical Relational AI. Tutorial at KI 2018.
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¡ Further enhance lifting applicability

¡ Develop more robust direct learning algorithms

¡ Incorporate additional requirements such as

¡ Privacy

¡ Ethics

¡ Explainability

¡ Human-awareness

¡ And so much more…

¡ For slides, please go to (QR code goes to this address): 
https://www.uni-muenster.de/Informatik.AGBraun/en/research/tutorials/ijcai-26.html 

WHAT ELSE IS THERE TO DO?
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Thank you!
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