MANCHESTER

1324

The University of Manchester

Embedding Complex Knowledge:
From Geometric to Language Models

Jiaoyan Chen
Department of Computer Science
The University of Manchester

ERBANNSEXHEERFANS
LI PR R
20255118105




MANCHESTER
1824

Embedding Symbolic Knowledge

* Vector or parameter-based representation of symbolic
knowledge

* Why?
* Knowledge inference with uncertainty (e.g., incompleteness,
approximation & prediction, induction of schema & rule)

Similarity-based matching across modalities (e.g., retrieval, alignment
and resolution)

Inject knowledge into parameter-based models (e.g., tuning LLM)

Kinds of downstream applications with machine learning and statistical
models
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Knowledge Graph Embedding

* Originate from word embeddings; mostly aim at sets of facts of
RDF triples e.g., <London, CapitalOf, The UK>

A h A
* TransE, TransR, .. Queee My | h,
T
* RDF2Vec, Node2Veg, ... T T _/
1 CapitalOf The UK t M, t,
London > >
o R_GCN, Entity Space Space of Relation r

TransR: map entities into the same space

n
»

A perfect TranskE embedding model
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Ontology (Description Logic) Embedding

* How to represent more complex ontologies of Description Logic

(DL) in Euclidean space?

T = {Father C Parent N Male, Mother C Parent N Female,
Child C 3hasParent.Father, Child C 3hasParent.Mother,
hasParent C relatedTo}

A = {Father(Alex), Child(Bob), hasParent(Bob, Alex) }

* Region-based
* Individual - Point
 Concept - Ball, Box, ...
 Relation — Translation, Boxes, ...
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A toy famil ontology in DL E£** which
allows complex concept construction:

L|TIA|CAD|3r.C|{a}

ABox can be transformed into TBox:
C(a) » {a}CC
r(a,b) ~» {a} C 3r.{b}



Ontology (Description Logic) Embedding

* Example: Box?EL Parent

Female

* Individual: n-point Mother

* Concept: one n-box |
e Conjunction, subsumption, SR e | / Male
membership 7 : "

. "éu'—”-‘-F;(F—ather) < ------ Bum (Child)---»}:'{:
* Relation: two n-boxes S A
(head & tail) >

| 4
« Composition, subsumption relatedTo" hasParent!

* Concept interaction:
bumping vector Representation of the family ontology in Box2EL

Father

<

relatedTot

* Existential quantification
Chlld = ElhaSParent. Father Jackermeier, Mathias, Jiaoyan Chen, and lan Horrocks. "Dual box embeddings for the
description logic EL++." Proceedings of the ACM Web Conference 2024. 2024.
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Ontology (Description Logic) Embedding

* Box?EL training:
* Element-wise distance of two boxes:
d(4,B) = |c(4) — c(B)| — 0(4) — o(B)
* Score/loss of concept subsumption (inclusion of two boxes):

|lmax{0, d(A,B) + 20(A) —y}|| ifB#0
max{0,0(A); + 1} otherwise,

Lc(AB) = {:

d(A,B) + 20(4) = |c(4A) — c¢(B)| + 0(4) — o(B)
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Ontology (Description Logic) Embedding
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* Box?EL training: loess/scores for axioms of each normal form (NF)

e NF1:CE D

NF2: C[1D E E

NF3:C E dr.D

NF4:3dr.C E D

NF5:C D EL

10/11/2025

L1(C,D) = Lc(Box(C),Box(D))
£5(C,D, E) = Lc (Box(C) N Box(D), Box(E)

£3(C.r.D) = % (£c (Box(C) + Bump(D), Head(r))

+ L (Box(D) + Bump(C), Tail(r)) ).
L4(r,C,D) = Lc(Head(r) — Bump(C), Box(D))

L5(C, D) = |[|max{0, —(d(Box(C), Box(D)) + )}l
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Ontology (Description Logic) Embedding

* Box?EL training: Loess for axioms of each normal form (NF)
* NF6:r E s Leg(r,s) = %(Lg(Head(r),Head(s)) + Lc (Tail(r),Tail(s)))

1
° NF7 7,.1 o 7"2 C s .57(?‘1, ra, S) = E(ﬂg (Head(rl),Head(s))+ .Eg (Tail(rz),Tail(s)))
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Text-aware Ontology Embedding

MANCHESTER
1824

The University of Manchester

* OWL ontology includes more than formal semantics (e.g., labels,

text definitions)

rdfs:subClassOf

obo:FOODON_00
002809
(rdfs:label
“edamame”)

0bo:IAO_0000115
(rdfs:label “definition”)

“Edamame is a preparation of immature soybean in their pods,
or with the pod removed ...”

-

.

ObjectSomeValuesFrom
(obo:RO_0001000 (rdfs:label
“derives from”),

obo:FOODON_03411347 (rdfs:label

“plant”))

~

J

Annotations from the real-world food

ontology FoodOn

* How to jointly embed the informal textual knowledge and the

formally defined knowledge?

10/11/2025

FhEINISECTREERNYS (WAXER)



Text-aware Ontology Embedding

e OWL2Vec*: Train a
Word2Vec model from an
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IRl Vector + Word Vector

A

Embedding

Language Model

OW L O nto lo gy Pre-training and Corpus

* Corpus extraction that keep
the original semantics in

Structure Document:
Sentences of Entity URIs

sentences L

Training

Combined Document:
Sentences of Entity URIs and Words

Lexical Document:
Sentences of Words

Random Walks (with
& Ax

WL Subtree Kernels)
ioms

Lexical Information
(e.g., by rdfs:label and rdfs:comment)

]
From OWL Ontolo

gy to RDF Graph

A

G

OWL Ontology & Reasoning

The framework of OWL2Vec*

Chen, Jiaoyan, et al. "OWL2Vec*: embedding of OWL ontologies." Machine Learning 110.7 (2021): 1813-1845.
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Text-aware Ontology Embedding

* Transformer-based encoder language models

* Contextual, pre-train then fine-tune
* E.g., BERT, all-MiniLM

* Task-specific embedding
* Fine-tune LM with additional task layer
e.g.,
BERTMap: fine-tune with synonyms & mappings for ontology matching
BERTSubs: fine-tune with concept subsumptions

He, Yuan, et al. "Deeponto: A python package for ontology engineering with deep learning." Semantic Web 15.5(2024): 1991-2004.
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Text-aware Ontology Embedding

* How to preserve the logical relationships of an ontology in the LM-
based text encoding?
* None task specific
* Support logical reasoning directly with the embeddings
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Text-aware Ontology Embedding

* LM as hierarchy encoder (HiT)

« Re-train a BERT alike LM by an T O
ontology 7 ey
* Force the LM’s concept encodings S
to a hierarchy in a hyperbolic phone  iogrol”
space (Poincare ball)
* Motived by its .efficien.cyfor Concept’s Text Comcent’s Toxt Embedding in
representing hierarchies Embedding in Euclidean Poincarpe Ball Space by angLM
Space by an LM re-trained on an ontology

He, Yuan, et al. "Language models as hierarchy encoders." Advances in Neural Information Processing Systems 37 (2024): 14690-14711.
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Text-aware Ontology Embedding

* Training of HIT
* Contrastive: distinguish positive and negative samples
* Centripetal: make parent closer to origin

____________________________________________________________________________

== pull towards origin\‘x‘
&2 push away / /'
e-device * Inference with HiT embeddings
phone = @ |
b %, * Consider both contrastive and centripetal
%.’.‘cnmputer losses
laptop 23 & pe s(e1 E e2) = —(dc(er, €2) + A([lez|c — [lexlle))

...........................................................................

Example phone, computer, e-device
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Text-aware Ontology Embedding

* LM as ELTT ontology encoder (OnT)

* Extend HiT to complex concepts E.g., disParentOf.Person

e Solution #1: verbalization

* JisParentOf.Person =2 “something that is parent of some person”

 Ar.D 2 X3, p

* Solution #2: Relation by rotation O,
+ 3r.D > fo(xp)

* Learning: X3rp =< ﬁ”(xD), fr(xD) < X3rp
\ Poincaré Ball B2 /

Yang, Hui, et al. "Language Models as Ontology Encoders." The 24th International Semantic Web Conference (ISWC). 2025.
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Summary

* Geometric models
* TransE, TransR, Box2EL, ...
* Region-based representations (box, ball, ...)

* Language models

* Non-contextual (RDF2Vec, OWL2Vec*, ...)

* Transformer-based
* Encoder-based LM (HiT, OnT, BERTMap, ...)

 Decoder-based LLM (MKGL, Pre-quantization, ...)
* Tune LLMs using instructions of “KG language”

Chen, Jiaoyan, et al. "Ontology embedding: a survey of methods, applications and
resources.' IEEE Transactions on Knowledge and Data Engineering (2025).
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Ontology in the Age of LLMs

* LLM for ontology construction

* LLM as ontology (a new paradigm of future embeddings)
* Memorization of formal and informal knowledge
* End-to-end, generative, complex reasoning (deductive, inductive, proving)
* Multiple ontologies

* Ontology for LLM
* Evaluation and mechanic interpretation (reasoning, explanation)
* As knowledge source of RAG

* As method for RAG (e.g., data management) and Agentic Al (e.g., resource
description)
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