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[Abstract]

Due to advanced complex strategies, the complexity of information that a commander must analyze is
increasing. An intelligent service that can analyze battlefield is needed for the commander’s timely judgment.
This service consists of extracting knowledge from battlefield information, building a knowledge base, and
analyzing the battlefield information from the knowledge base. This paper extract information similar to an
input query by embedding the knowledge base built in the 2" step. The transformation model is needed to
generate the embedded knowledge base and uses the random-walk algorithm. The transformed information
is embedding using Word2Vec, and Similar information is extracted through cosine similarity. In this paper,
980 sentences are generated from the open knowledge base and embedded as a 100-dimensional vector and

it was confirmed that similar entities were extracted through cosine similarity.

» Key words: Knowledge Base, Embedding, Battlefield Awareness, Natural Language Processing,
Artificial Intelligence
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I. Introduction
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II. Background

1. Knowledge Base Construction
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1.1 Ontology
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https-//tac. nist, gov/tracks/SH-KBP/20T3/ontologTes/Tnterchangetntalogy> rdf-type
wl:Ontology

rdfe:label "AIDA Interchange Format Ontology” :

rdfs:comment "This ontolosy is designed to represent information ewxchanged between
A1, TA2 and TA3 in the AIDA progran” ;

owl:versioninfo "Version 1.0.2" .

¥ Classes

pHdRHEAA% Data Representation Classes #H###WRERH

‘Entity a owl:Class ;
rdfs:label "Entity” ;
rdfs:comment "An entity in an AIDA KB, such as a person, organization, etc.” .

‘Event a owl:Class :
rdfs:label "Event” ;
rdfs:comment "An event in an AIDA KB

‘Relation a owl:Class :
rdfs:label "Relation”
rdfs:comment "An relation in an AID4 KB" .

-SameAsCluster a owl:Class ;

rdfs:label "Same-As Cluster”:

rdfs:comment "Represents a collection of events or entities which may in fact be the
ame” .

‘Subgraph a owl:Class :

rdfs:label "Sub-graph”

rdfs:comment " collection of entities, events, relations, sentiment assertions, and
ROF statements about these”.

‘Hypothesis a owl:Class :
rdfs:label "Hypothesis™ ;
skos:definition "Represents a hypothesis, which consists of a collection of
pntities, events, relations, sentiment assertions, and RDF statements ahout these.” :
skos:note "All elements linked to a hypothesis are assumed to be conioined” .

Fig. 1. AIDA Interchange Format Ontology

1.2 Knowledge Extraction
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* Conflict. Attack.FirearmAttatck_Attacker

Fig. 2. Example of Knowledge Extraction

| <object> |

protesters

| <subject> |

' sniper /

<predicate>

shot

Fig. 3. Example of Knowledge graph using RDF
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2. Embedding Method
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Fig. 4. Skip—gram architecture
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Fig. 5. CBOW architecture
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III. The Proposed Scheme
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Fig. 6. Architecture of the Proposed System
Table 1. Description of the Proposed System
Item Contents
Battlefiel . .
attlefield A report that summarizes the battlefield
Reports
Natural language processing technolo
Knowledge 9 .g P . g 9
. that extracts information (knowledge) of
Extraction

interest from battlefield reports
Knowledge base built on the basis of the
extracted information

Technology to convert knowledge graphs

Knowledge Base

Transformation

Model into sentences
Embedding Technology to vectorize the transformed
Model knowledge graph
th h
Embedded Knowledge base embedded throug

Transformation Model and Embedding
Model

Technology to find query-like
information in knowledge base
Natural language processing technology
to analyze the battlefield using the
extracted similar information

Knowledge Base

Query Model

Analysis Model

3.1 Transformation Model
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Fig. 7. Example of Knowledge Base
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Fig. 8. Representaion of graph to walk using DeepWalk
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Fig. 9. Representaion of graph to walk using Node2Vec
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Fig. 10. Example of Knowledge Base in RDF

birthPlace

Hamburg -> country -> Germany -> leader -> Angela_Merkel
Germany -> leader -> Angela_Merkel -> birthplace -> Hamburg

Hamburg -> leader -> Peter_Tschentscher -> residence -> Hamburg

Fig. 11. Representaion of graph to walk using RDF2Vec

3.2 Embedding Model
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Fig. 12. Architecture of the Query Model

Knowledge Base

IV. Implementation

2 oM Aljteles A2 7] FAIE BTk
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[16]oA Al5dh= AAFEF 7|§HO 2 python3.9 H
oA FA= T
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ox

™= o

Data:
KG = RDF Knowledge Graph
Embedder = word2vec
Walker = strategy of walks
Entities = Interested entities in KG
Flow:

1 RDF2VecTransformer(Embedder, Walkers)

2 RDF2VecTransformer.get_walks(KG, Entities)
3 RDF2VecTransformer.fit(Walks, Entities)

4 RDF2VecTransformer.transform(KG, Entities)

Fig. 13. Description of the RDF2Vec Function
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Data:
KG = dbpedia/org
Walker = depth 10, length 4
Entities = Germany ...
Walks:

(‘http://dbpedia.org/resource/Germany’,
'http://dbpedia.org/ontology/wikiPage WikiLink', "b']\\xa0\\x00\xeb*\\xf4\\xact"",

1 'http://dbpedia.org/ontology/wikiPage WikiLink', "b"\\xfbQ\\xd1_\\xd2\\x9b$z"",
'http://purl.org/dc/terms/subject’, "b"\\xfbA\\xc6\\xe2\\xc4v\\xbe%",
‘http://www.w3.0rg/2004/02/skos/corefbroader’,
"b\\xel\\xa3\\xee\\xe3\\xa8\\x0bK\\x8d"),
(‘'http://dbpedia.org/resource/Germany’,
‘http://dbpedia.org/ontology/wikiPage WikiLink', "b']\\xa0\\x00\xeb*\\xf4\\xact"',

) 'http://dbpedia.org/ontology/wikiPage WikiLink', "b"\\xfbQ\\xd1_\\xd2\\x9b$z"",
"http://xmlns.com/foaf/0.1/isPrimaryTopicOf', "b\\xd3\\xe2\\x88 Yz \\x95F",
‘http://purl.org/dc/elements/1.1/language’,
"b"\\x9c\\xfe\\xfe\\xd8\\x fb\\x94\\x97\\xba"),
(‘http://dbpedia.org/resource/Germany’,

3 ‘http://dbpedia.org/ontology/wikiPage WikiLink', "b'\\xa0\\x00\xeb*\\xf4\\xact",
‘http://dbpedia.org/ontology/wikiPageWikiLink', "b"\xfbQ\\xd1_\\xd2\\x9b$z",
http://xmins.com/foaf/0. 1/isPrimaryTopicOf, "b"\\xd3\\xe2\\x88 Yz"\\x95F"),

Fig. 14. Example of the extracted walks
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Fig. 15. Representation of the graph
based on extracted walks
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