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Background: OWL Ontology and Examples
 Atomic concepts (classes) —~— some intermediate
« Atomic roles (object properties) “‘Cl‘i‘??ﬁsfre not shown
* Complex classes and properties (by logical Qﬁllc?;}oli;?_ev;ragD @IkAndY@ | 4 ObjectsomeValuesFrom N
constructors) (rdfs:label “"Alcoholic Beverages”) (r(;:;)c";g?sg%:;?fj&?agii”) (obo:RO 0001000 (rdfs:label “derives from”),
o ConstraintS’ su bsumption relationship’ rdftymtype \ rdf:type 9 0bo:FOODON_03411347 (rdfs:label “plant”)) )
etc. vc:Beer vc:Wine vc:Yogurt | \
@abe/ ”BE @abe/ ”WD @be/ “yogurt”) rafs:subClassOf rdfs:subClassOf
ABox:

rdf:type T

vc:FOOD-4001
(rdfs:label “Blonde Beer”)

* Individuals (instances)
* Membership assertions, role assertions

(facts) vc:amountCaINﬁment
* OWL/RDF/RDFS Built-in and bespoke
: “34.0""xsd:double vc:VitaminC_1000 W
properties
Fig. 1. The healthy lifestyle ontology named HelLis
Others:

 Meta data by annotation properties: label, synonym, class definition, comment, etc.

* Entity, URI (prefix + name/id), Literal

obo:lIAO

obo:FOODON_00002809
(rdfs:label “edamame”)

0000115

(rdfs:label “definition”

/\Wﬁnt

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

“Commercially immature soybeans with or without pod
are often marketed as Edamame in a frozen format.”

Fig. 2. The healthy lifestyle ontology named HelLis

Methodology: Corpus Generation and Word2Vec Embedding

URI Vector + Word Vector

T Embedding
Language Model

Training

Pre-training and Corpus

Combined Document:
Sentences of Entity URIs and Words

Structure Document:
Sentences of Entity URIs

Lexical Document:
A Sentences of Words

Random Walks (with WL Subtree Kernels) Lexical Information

& Axioms (e.g., by rdfs:label and rdfs:comment)
From OWL Ontology to RDF Graph ( T
OWL Ontology & Reasoning J

Step 2: Structure Document -- Sequences of entities (IRIs)
 Random walk, Random walk + Weisfeiler-Lehman (WL) subtree kernel
 Axioms (OWL Manchester Syntax)

Step 3: Lexical Document -- Sequences of words
* Text from annotation properties (e.g., labels, comment and definition)
* From structure document (replacing the entities by their labels)

(Potential) Applications and Discussion

* Ontology completion (membership and subsumption prediction)
* |nput: the OWL2Vec* embeddings of two entities (as learned features)
* C(lassifiers e.g., Random Forest and Logistic Regression
* Learn from the known axioms, predict the missing axioms (partitioning
the axioms into train/valid/test sets in evaluation)
 Qutput: ascorein |0, 1]
* Ontology Clustering [1]
* Ontology Alignment
e [2]: OWL2Vec* embeddings as features; confident mappings from
LogMap and disjointness rules for training (distant supervision)
* Neural-symbolic Al
 Ontology-guided Zero-shot Learning [3][4][5]: ontology can act as
external knowledge for describing the relationship between “seen”
classes and “unseen” classes; the key technique is ontology (with logical
expressions, taxonomy, meta data) embedding where OWL2Vec* can be
applied (TODO)
* Ontology for machine learning sample shortage
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Step 1: OWL Ontology to RDF Graph
* Pre-reasoning by HermiT is
considered and evaluated

—=

~ Solution #1: W3C OWL to RDF Graph Mapping e.g.,

<0bo:FOODON _ 00002809, rdfs:subClassOf, :x>

< X, rdf:type, owl:Restriction>

< _:X, owl:OnProperty, obo:RO _0001000>

< _:X, owl:SomeValueFrom, obo:FOODON 03411347>

— Solution #2: Projection Rules e.g.,

<0bo:FOODON 00002809, rdfs:subClassOf,
obo:FOODON 03411347

Axiom of Condition 1 Axiom or Triple(s) of Condition 2 Projected Triple(s)
AC0Or.D
or D= BBy s lE By | B3 e Tl:By
Or.DC A (A, r, B) or
dr. T C A (domain) T C Vr.B (range) (A v Byfort1 € 1,..., 1
A C 3r.{b} B(b)
rCr' (A, r", B) has been projected
r'=r” (B, r’, A) has been projected
81 0 ... 08p (A, s1,C1)...(Cn, sn, B) have been projected
BLC A - (B, rdf s:subClassO f, A)
- (A, rdf s:subClassOf ™, B)
Aa) - (a, 'rdf:typelA)
(A, rdf:type™ , a)
r(a,b) - (a,r,b)

Step 4: Combined Document -- Sequences of words and IRIs
* Replace partial entities in every entity sequence by their words
e Strategies: random selection of an entity for replacing or traversal of entities for replacing

Step 5: Word Embedding Model -- CBOW architecture of Word2Vec
* Using the pre-trained Word2Vec model
* Using URI vector vs average word vector in applying the embeddings

Results — Membership Prediction on Helis and
Subsumption Prediction on FoodOn and GO

Overall Results: Quantum Embedding, EL Embedding, Onto2Vec, TransE <
RDF2Vec, TransR, DistMult, OWL2Vec, OPA2Vec < Transformer < Pre-trained

Word2vec < OWL2Vec*
TP Ablation Study:

Method MRR | Hits@1 | Hits@5 | Hits@10 e Helis: All three documents =
Transformer (label) 0.657 0.515 0.824 0.897 Structural + Iiteral documents; URI
Transformer (all text) 0.599 0.390 0.870 0.912

vector + word vector > word vector

RDF2Vec 0.345 0.219 0.460 0.655

TransE 0.181 0.09 | 0.232 | 0.355 alone >> URI vector alone

TransR 0.298 0.184 | 0.391 | 0.559 e FoodOn and GO: Structural

DistMult 0.253 0.166 0.304 0.437 .

Ve document + literal document +
Quantum Embedin 0.159 0.132 0.163 0.190 .

£ word vector is the best
Onto2Vec 0.211 0.108 0.268 0.397 . . .
OPA2Vec 0.237 0.146 | 0.286 | 0.408 * Walking depths, walking strategies,
OWL2Vec 0.335 | 0.215 | 0.397 | 0.601 pre-training and reasoning have all
Pre-trained Word2Vec 0.899 0.877 0.923 0.933 ben evaluatEd
OWL2Vec™ 0.953 0.932 0.978 0.987
FoodOn GO

Method MRR Hits@1 | Hits@5 | Hits@10 MRR Hits@1 | Hits@5 | Hits@10
Transformer (label) 0.016 0.005 0.027 0.046 0.009 0.001 0.009 0.018
Transformer (all text) 0.022 0.011 0.032 0.050 0.014 0.008 0.017 0.019

RDF2Vec 0.078 0.053 0.097 0.119 0.043 0.017 0.057 0.087
TransE 0.029 0.011 0.044 0.065 0.015 0.005 0.018 0.030
TransR 0.072 0.044 0.093 0.130 0.048 0.016 0.076 0.113
DistMult 0.076 0.045 0.099 0.134 0.046 0.018 0.68 0.097

EL Embeding 0.040 0.014 0.067 0.099 0.018 0.005 0.021 0.036
Onto2Vec 0.034 0.014 0.047 0.064 0.024 0.008 0.031 0.053
OPA2Vec 0.093 0.058 0.117 0.156 0.075 0.032 0.106 0.157
OWL2Vec 0.091 0.052 0:121 0.152 0.031 0.012 0.040 0.067
Pre-trained Word2Vec 0.136 0.089 0.175 0.227 0.123 0.055 1§ B 0.260
OWL2Vec* 0.213 0.143 0.287 0.357 0.170 0.076 0.258 0.376




