Universitat Stuttgart

Kl — Institute for Artificial Intelligence

Bridging

Knowledge Representation and
Machine Learning

For Intelligent Systems

Steffen Staab

@ststaab
https://www.ki.uni-stuttgart.de


mailto:ai-news@ki.uni-stuttgart.de

Intelligent Systems

- <
- e : e - 3 t L& t
A - = s
& i
L

|
L LLE T LA

: -

- =
|
il

Autonomous driving



Intelligent Systems srs @

Genaues Klicken durch Zoom-Ansicht

K (x, é)/\ _—

EXIST Research Transfer Semanux - Semanux GmbH

c 4 — lfj SimTecH- Autonomous driving




Intelligent Agent

Sensing

I

Knowing

Intelligent I Environment

Agent Predicting

I

Actuating
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Bridging Knowledge Representation and Machine Learning

Knowledge Repr.
helpingf

Machine Learning

Knowing

I

Predicting
Knowledge Repr.

1he|ping
Machine Learning
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Machine Learning for Knowledge Representation

1. Knowledge
Engineering by Large
Language Models

Khowing (Poster!)
I 2. Ontology Learning
Predicti |
redicting Ko R e R 3. Ontology Matching
1he|ping (by LLMs [SIGIR23])

Machine Learning

Not elaborated
further today 6



Knowledge for Machine Learning

Knowing

I

Predicting

Knowledge Repr.
helpingf

Machine Learning

Knowledge-informed

1.

2
3.
4

Losses
Inductive Bias
Optimization

Data Augmentation
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Informed machine learning — a taxonomy and survey of
integrating prior knowledge into learning systems

(von Rueden et al 2021)

Algebraic Logic Simulation Differential
Equations Rules Results Equations
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Knowledge Probabilistic Invariances Human
Graphs Relations Feedback
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Von Rueden, L., Mayer, S., Beckh, K., Georgiev, B., Giesselbach, S., Heese, R., Kirsch, B., Pfrommer, J., Pick, A., Ramamurthy, R.
and Walczak, M., 2021. Informed machine learning—a taxonomy and survey of integrating prior knowledge into learning
systems. IEEE Transactions on Knowledge and Data Engineering, 35(1), pp.614-633.

Pre-trained non-
symbolic
models are
missing in the
survey

24.02.24



Influencing ML by Empirical Risk Minimization

Given training data D = {(x,,, y,)}Y_1, x, € R, y, € R

N N
1 1
ming; ), LossCfoCe. ) ming ) Loss(foCen. i)
n= n=1

N N
1 1
min E Loss(fg(x:,), V) min - ElLOSS(fe(xn);)’n)
n=1 n=

Specific algorithms often modify several elements at once
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1 Knowledge-informed
Loss Definition

N
1
meln N z Loss(fo(x1), ¥n)
n=1




EL++ Knowledge Bases
« EL++ is a lightweight description logic that

* balances expressive power and reasoning complexity (polynomial)

GO

Gene Ontology

* is applied for large-scale ontologies, e.g. Gene Ontology

/ \ ﬁ' Box statements can be normalized into: \
ABox contains: 1. concept subsumption: C E D,
1. concept assertion: C(a) 2. concept intersection: C; N C, E D,
2. role assertion: r(a,b) 3. right existential: 3r.C; E D,

4. left existential: C; E 3r.C,
(data)

K / K (schema) /

Baader, F., Brandt, S., & Lutz, C. Pushing the EL envelope. In IJCAI 2005.



Box EL++ Embedding

Idea: mapping logical constraints to geometric (soft) constraints

 designing one loss term for each logical statement
 such that the KB is satisfiable when the loss is 0 (a.k.a. soundness)

« satisfiability implies that there is a geometric interpretation satisfying all
logical statements

Solution: finding a geometric interpretation for each statement

B. Xiong, N. Potyka, T.-K. Tran, M. Nayyeri, S. Staab. Faithful Embeddings for
EL++ Knowledge Bases. In: 215t Int. Semantic Web Conference (ISWC2022).
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Geometric Interpretations of Abox (data)
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Geometric Interpretations of Tbox (Schema)
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Toy Family Example

Male C Person
Father C Male
Father C Parent
Female m Male C L
Male M Parent T Father
Parent = Person
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Extensions of box embeddings towards

higher-arity relations
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B. Xiong, M. Nayyeri, S. Pan, S. Staab. Shrinking
Embeddings for Hyper-Relational Knowledge
Graphs. In: ACL-2023.
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B. Xiong, M. Nayyeri, L Luo, Z. Wang, S. Pan,
S. Staab. Beyond Atomic Facts: Modeling
Relationships between Facts

for Knowledge Graph Reasoning. Subm.



Example Application:

Ontological Case-based Reasoning using

Knowledge Graph Embeddings

Problem

|

New
measurement task

Retrieve
l Stored
measurement tasks

Ontology
measurement system |
measurement task

Similar
measurement tasks

Learned
measurement task

Confirmed
Manufacturing
measurement

Tested
measurement
technology

Proposed
measurement tasks

Proposed
measurement
technology

Fabian Sasse, Gisela Lanza, Steffen Staab. Ontology-based decision support for the selection
of measurement systems in immature production processes. In preparation for submission.
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2 Knowledge-informed
Inductive Biases

N
1
mem N Z Loss(fo(x1), ¥n)
n=1
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Structured Multilabel Prediction

« Structured multilabel prediction
* assigns every instance multiple labels

» Labels are constrained by some background knowledge

____________________
Ve N

N
d

( \: exclusion

i Dog ! Cat
isubsumpnT/ :

. Husky ‘Puppy

/
_______________________

* Question: can we produce predictions that are logically consistent with
structured background knowledge?

oN



Structured background knowledge

» Labels are organized in taxonomies/hierarchies/ontologies

2 kinds of logical constraints

- implication: rdfs:subclassOf

- exclusion: owl:disjointFrom
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Try support vector machines

Plant e
Person o
Mother =
Father

Issues

* Mother classifier misclassifies
people (solvable with kernel trick)

* Boundaries are unrelated

22



Inductive bias in Poincaré hyperbolic space

« Each label is associated with a region contained by Poincaré hyperplane
 Instances are points inside the region

- Logical constraints of labels are transformed into
geometric soft constraints of the corresponding label regions

B. Xiong, M. Cochez, M. Nayyeri, S. Staab.
Hyperbolic Embedding Inference for Structured Multi-Label Prediction. In: NeuRIPS 2022



Geometric Interpretation

Implication / rdfs:subclassOf is geometrically interpreted as
the subject region being inside the object region

Linside(Buan) = max{O, ||0u — Ow” + Ty — Tw}-

Poincaré Ball
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~
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B. Xiong, M. Cochez, M. Nayyeri, S. Staab.
Hyperbolic Embedding Inference for Structured Multi-Label Prediction. In: NeuRIPS 2022



Classification

« Classification is interpreted as membership & non-membership
‘Cmembership (pa ]Bc (007 'rc)) — max{O, ||0c — p“ — rc}-

Enon—membership (p7 IBc (007 'rc)) — max{O, Te — ||0c _ p”}

« Final classifier
flx)={l]|h(x,l) >0.5}.
h(a:, l) =0 (ﬁnon-membership (EO (x), C(l)) — Emembership (E9 (3’)), C(l))),

[e20\N]



Learning with geometric soft constraints

* Problem formulation: constraint optimization
N
mn 3 lossfo:), )
s.t.fg2(a;) > fgl(a:) Vx € X, (vy,,vy,) € Ep
fgl(:z:) =0 or fgz(x) =0 Vxed&,(vy,,vy,) € E,
* Learning under geometric soft constraints

rngn Z Emembership (f 7] (33 ) )a Byj ) + Z Enon-membership (f 7] (m z) y ]Byj )
(zi,y;)€ED (zi,y;)¢€D

+ A Z Linside (Byz ) Byj ) + Z Ldisjoz’nt (]Byl ? Byj )

(vi,y;)EE (¥i,¥;)EE.
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3 Knowledge-informed
Optimization

N
1
meln N z Loss(fg(xn), )
n=1
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Use Case: Environmental Science
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concentration ¢ sorption /
(mg/L)
sorbate
background s = sy zn: f, f < qij ¢V )W concentration s
knowledge L\ e’ (mg/Kg)
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Knowledge-informed Machine Learning to
Extend Scientific Knowledge

Input Output
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How to represent and exploit the knowledge?
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Evaluation
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4 Knowledge-informed
Data Augmentation

N
1
meln N z Loss(fg(x1), V)
n=1
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(Hotho, Staab, Stumme 2003a;2003b)
Text Clustering

Documents }
— % Documa?nt Representation
i

Granted Term Crude
Obj1 1 1
Obj2 1 1
| Obj3 2 1
Obj4 2 1
Similarity
Background Measure

Knowledge

|
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L J =!
A
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(Hotho, Staab, Stumme 2003a;2003b)

WordNet as ontology
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(Hotho, Staab, Stumme 2003a;2003b)
Ontology-based representation
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Mission Statement

Dominating thought in Al/ML
* Given data

* Learn everything
« from scratch

* end-to-end

Work spend in Al now:

Data engineering 90%
ML modeling 10%

Learning with knowledge
* Given factories, car, science, ...

* There is so
much knowledge to leverage
in addition to data

Work spend in Al in the future:
Data engineering 30%
Knowledge & Ontology Engineering 20%
ML modeling 5%




More Interactions with Knowledge Representation

Sensing

|

Knowing

Intelligent I

Environment
Agent Predicting

!

Actuating
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2% Universitat Stuttgart
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Thank you!

Steffen Staab

\ _ ‘\ E-Mail Steffen.staab@ki.uni-stuttgart.de
£ - .
\W,’ www. ki.uni-stuttgart.de

Universitat Stuttgart
Analytic Computing, Ki

Universitatsstra’e 32, 70569 Stuttga

Many thanks go to my

PhD students, PostDocs and
collaborators who made the work
possible portrayed in this talk

check out references!

| hire
PostDoc & PhD student
for circular factory project!
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More Types of Knowledge

* More types of knowledge

* Foundation models as implicit knowledge about the way
something looks like
* texts

* pictures
 PDEs

* From knowledge to understanding
* by the system
* by the human

Steffen Staab, Universitat Stuttgart, @ststaab, https://www.ipvs.uni-stuttgart.de/departments/ac/ 02.11.2020 41
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