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Mission for today

Providing an overview and a synthesis of StaRAl
to identify links between StaRAl and DBs and prospects for
collaboration for implementing scalable systems
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What have we seen?

* Probabilistic relational models
* Treat objects identically if they are indistinguishable
 Different flavours available
* Compactly represent objects, relations, uncertainties

* Semantics
* Grounding semantics
* Goal: avoid grounding!

* Lifted Algorithms
* Exact: LVE, LJT
* Approximate: Belief propagation, sampling
* Lifted model from ground model: colour passing



Goal: scalable,
easy-to-use
systems

Needs probabilities, graphs, logic, and ... data bases




Statistical Relational Learning/Al

* Study and design intelligent agents that reason about and
act in noisy worlds composed of objects and relations
among the objects

Optimization

Mining
And
Learning

[Getoor, Taskar MIT Press '07; De Raedt, Frasconi, Kersting, Muggleton, LNCS’08; Domingos, Lowd Morgan Claypool '09;

& Natarajan, Kersting, Khot, Shavlik Springer Brief’15; Russell CACM 58(7): 88-97 ’15, Gogate, Domingos CACM 59(7):107-115 "16]
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It works
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Weiss et al (2012,2013). Natarajan et al (2013,2012, 2014, 2015), Shivram et al (2014), Picado et al (2014)
Soni et al (2016), Viswanathan et al (2016), Odom et al (2014,2015a, 2015b), Yang et al (20173, 2017b)
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Natarajan, Khot, Kersting, Shavlik. Boosted Statistical Relational Learners. Springer Brief 2015

A

This “Deep Al” can understand EHRs

Relational

Learners
IromBen:hmaLli_ - . . .
. ; Atherosclerosis is the cause of the majority of Acute Myocardial Infarctions (heart attacks)
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[Kersting, Driessens ICML'08; Karwath, Kersting, Landwehr ICDM’08; Natarajan, Joshi, Tadepelli, Kersting, Shavlik. IJICAI"11; Natarajan, Kersting,

Ip, Jacobs, Carr IAAI "13; Yang, Kersting, Terry, Carr, Natarajan  AIME “15; Khot, Natarajan, Kersting, Shavlik ICDM 13, MLJ"12, MLJ"15]
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Today!

Al: intelligent systems

The world has in the real world The world is
things in it! uncertain!

Probabilistic
graphical models

First-order logic

The world is

tain] The world has
uncertain!

things in it!

First-order probabilistic
languages
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Al: intelligent systems

The world has in the real world The world is

things in it! uncertain!

Probabilistic
graphical models

First-order logic

The world is

ncertain! The world has
u In!

N,
First-order probabilistic things in it!

languages

Even more research, e.g.,

e First-order Open-universe POMDPs
[Srivastava et al. 16]

* Open-world PDBs
[Ceylan et al. 16]

The world has

things in it!

First-order open-universe
probabilistic languages
Siddharth Srivastava, R X

o universe POMDPs. In: Proc. UAI-14, 2014.

UNIVERSITAT 20 LOBECK Ismail llkan Ceylan, Adnan Darwiche, and Guy Van den Broeck. Open-world
Probabilistic Databases. In: IJCAI—16| 2016. J

eng. First-order Open-




Open Problems

* In any field, say Electronic Health Records or Robotics,
there are many open problems
* Open world learning — new diseases, drugs, indicators
e Multi-modal learning
e Large-scale lifted inference
* Large-scale learning
e Evolving dynamics
* Heterogeneous data and hybrid models
* Expert knowledge elicitation
* Planning & actions
* Interactive learning

RSI
<<<<<
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And there
are popular science books about
ut it
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Thanks to Ralf Mdller, Kristian Kersting, and many others
for making their slides publicly available
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