
Building Knowledge 
Graphs For 20 Years: 
Should We Keep Doing This?
Prof. Raphael Troncy



02/06/2025 - Building Knowledge Graphs For 20 Years: Should We Keep Doing This? - ESWC Keynote - 2

https://blog.google/products/search/introducing-knowledge-graph-things-not/

htpp://www.eurecom.fr/
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Google’s Knowledge Graph Gains “Carousel”
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https://searchengineland.com/googles-knowledge-

graph-now-worldwide-129948
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https://searchengineland.com/googles-knowledge-graph-now-worldwide-129948


Don’t just search for one thing!
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https://vimeo.com/1513562

https://code.google.com/archive/p/freebase-parallax/
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Standing on the shoulders of giants

 Who are the previous keynote speakers of ESWC? 
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Standing on the shoulders of giants

 Who are the previous keynote speakers of ESWC? 
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Standing on the shoulders of giants

 Who are the previous keynote speakers of ESWC? 
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https://w.wiki/EMbz
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https://w.wiki/EMbz


Standing on the shoulders of giants

 Who are the previous keynote speakers of ESWC?
 https://github.com/scholarly-wikidata/

 https://zenodo.org/records/10989709

 http://www.scholarlydata.org/

 The conference

ontology is offering

a limited number of roles

 The SWC ontology is 404

 The SEO ontology is great … but the EVENTS KG is 404
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https://arxiv.org/abs/2411.08696
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https://arxiv.org/abs/2411.08696


Standing on the shoulders of giants

 Who are the previous keynote speakers of ESWC? 
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Standing on the shoulders of giants

 Who are the previous keynote speakers of ESWC? 
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https://chat.mistral.ai/chat/6574c72c-5c34-4e7b-ac02-7af9ea557967


Standing on the shoulders of giants

 Who are the previous keynote speakers of ESWC? 
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What did we learn?

 Multiple sources of truth

 Data representation and data quality 

issues

 Maintaining ontologies and knowledge 

graphs is under-valued

 Knowledge preservation is essential

 Factuality in Large Language Models is a 

persistent challenge
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https://arxiv.org/abs/2505.21409

htpp://www.eurecom.fr/
https://arxiv.org/abs/2505.21409


Data Integration and 
Knowledge Graphs

Entertainment (EventMedia)

Tourism (3cixty)

Media Industry (LinkedTV, MeMAD)

Energy (EDF)

ICT (Orange, Huawei)

13



http://www.flickr.com/photos/crsan/3697785107

http://www.flickr.com/photos/crsan/3697785107


What is an event?

 [Allan J.,  KAP 2002]:“Event is something that has a specific time, 

location, and people associated with it ”

 [Fialho A., EVENTS 2010]: 

“Events are observable occurrences grouping”

 “Experiences documented by media”
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Searching for 

events
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Searching for media illustrating an event
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Exploring and discovering experiences

02/06/2025 - - 18Building Knowledge Graphs For 20 Years: Should We Keep Doing This? - ESWC Keynote

Event Directories Media Platforms Social Networks

6/3/2025 Semantic Web Challenge - ISWC 2012,  Boston 18

A lot of information…

http://www.flickr.com/photos/mwparenteau/432039783

htpp://www.eurecom.fr/
http://www.flickr.com/photos/mwparenteau/432039783


Representing Events with
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Deduplicating noisy data
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350591

E0-001-005971169-9
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Deduplication noisy data

02/06/2025 - Building Knowledge Graphs For 20 Years: Should We Keep Doing This? - ESWC Keynote - 21

Event 1

The Monolators
title

Mr. T's Bowl
place

2008-06-06T23:00:00
date

agents

The Monolators

Avi Buffalo

Billygoat

masterslashslave

Seasons

space
34.1096, -118.1936

Event 2

title

place

date

The Monolators, 

Seasons, Avi Buffalo, 

Master Slash Slave, 

Billygoat

Mr. T's Bowl

2008-06-06T21:00:00

Dissimilar 

properties, but 

connotative 

relationship

Missing property in 

Event 2

space

Tolerated hours 

θ = 2 H

htpp://www.eurecom.fr/


Similarity Metrics

Data Type Existing Metrics Our Extensions

Date

Temporal distance between two 

instants

Temporal Overlap between two intervals

String

• Token-based (Jaccard, Euclidian)

• Character-based (Jaro, Levenshtein)

• Hybrid Functions

TokenWise = Extension of Jaccard Hybrid

• More importance to similar tokens

• Penalize unmatched tokens based on 

the size of the token sets

Numeric Normalized Difference -

Geographic Haversine Formula -

d1 d2

d1 d2

d’1 d’2

d1 d2

d’1 d’2
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Matching Events: results

Blocking keys
AVG (place + time)

1st step

2nd step

Fair correlation
• LC: Linear Combination
• OR: at least one sim > threshold

Missing properties decrease the performance of LC based function
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Media explicitly associated with the event 
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2+ million images over 
110.000+ events 

Machine tags
“lastfm:events”

APIs

4790 photos, 263 
videos over 110 events

htpp://www.eurecom.fr/


Representing Media with the W3C Media Ontology
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Live your event
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https://www.youtube.com/watch?v=8dVD0SqCB6s

htpp://www.eurecom.fr/
https://www.youtube.com/watch?v=8dVD0SqCB6s


Building Knowledge Graphs for Tourism
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Knowledge Base for Cities
French Riviera Canary Islands

Amsterdam Saint Barthelemy

Time for KB creation divided by 3 between Jan and Nov 2017

338 K places

29 K Events

1 K places

1 K Events

682 K places

38 K Events

207 K places

7 K Events

Hyper-local 

sources (OT)

Entschede

30 K places

28 K Events
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City Moove Platform R&D

 Schema.org at the heart of the data model

 ETL collectors for places and for events

 JSON APIs, XML, RSS, CSV

 Semantic enrichment:

 normalization of city names, of address, of geo position

 prediction of event categories

 Editorial framework (WordPress based)

 Reconciliation engine … based on STEM (paper, code)
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https://github.com/enricopal/STEM


Semantically interconnected data about 

POIs, Events, Activities, Transportation, 

Rizzo G., Troncy R., et al. (2015) 3cixty@Expo Milano 2015: Enabling Visitors to Explore a Smart City. 

In: 14th International Semantic Web Conference (ISWC'15), Winner of the Semantic Web Challenge



Twitter Search API

search by 

”swarmapp.com”

Julien Tate 

Gallery

Gallery 2017-05-10 

16:00

Julien O'Neill's Irish Pub 2017-05-10 

19:00

Data 

Collection

Data 

Enrichment

Julien M French 40 Design 

Museum

Gallery 2017-05-10 

16:00

Rain

Julien M French 40 O'Neill's Irish Pub 2017-05-10 

19:00

Light rain

Julien Gallery, Irish Pub ... by 8h time interval

Amelie ….

U1 Julien, Jerome, ….

U2 Amelie, ...

Path 

Extraction 

and user 

clustering

generate clusters by demographics of 

collected users

group per-user PoI categories 

according to a given time interval

expand

save

Collecting user trajectory patterns

02/06/2025 - Building Knowledge Graphs For 20 Years: Should We Keep Doing This? - ESWC Keynote
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Per-

cluster 

path 

learning 

[cluster, seed category venue] category of venue often visited after 

the seed in the cluster

[U1, Gallery] Irish Pub

[U1, Irish Pub] Italian Restaurant

[U1, Art_Museum] Park

...

generate paths for each category 

of venue within a cluster

Frédéric, French man

... is going to visit Tate 

Modern ...

U1

matches

Recommen

dation

recommendations 

after Tate Modern
Irish Pub, Italian 

Restaurant

Path Recommendation
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RNN: predicting the next POI category

Art_Museum Park Sushi_Restaurant EOP

Cafeteria Art_Museum Park Sushi_Restaurant

GRU

o0 o1 o2
o3

x1 x2 x3

Dropout Dropout Dropout Dropout

Target

encoding encodingencodingencoding

GRU GRU GRU

Input layer

Hidden layer(s)

Output layer
Softmax Softmax SoftmaxSoftmax

h0 h1 h2 h3

x0
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Learning how to bundle tourism activities

Frédéric, French

man in his 40’s, is 

going to visit Tate 

Modern in London

this afternoon

After, he can be 

interested in 
Taking a 

beer in an 

Irish Pub, 

first

Then, having 

a dinner in an 

Italian 

Restaurant

And, lately, 

attending an 

event in a 

Jazz Club 

path, ie sequence, of categories of 

Points of Interest that Frédéric can 

be interested to go after having 

seen the Tate Modern gallery
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Recommender System
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KG on electrical consumption

▪ The largest KG about the electrical consumption in France:
⮚ Dumps: https://data.edf.eurecom.fr/dumps and https://data.edf.eurecom.fr/sparql

⮚ 5-star data / spatio-temporal observations
☞ http://data.edf.eurecom.fr/graph/housing = housing characteristics from ENEDIS (IRIS, 2023)

☞ http://data.edf.eurecom.fr/graph/enedis = daily electrical consumption from ENEDIS (IRIS, 2023)

☞ http://data.edf.eurecom.fr/graph/mte-mct = daily electrical consumption from Environment Ministry (2022)

☞ http://data.edf.eurecom.fr/graph/rte = electrical consumption (every 15 min) from RTE éCO2mix 

(PACA region, 2012-2022)

☞ http://data.edf.eurecom.fr/graph/cog = geo-shapes of IRIS (2023)

☞ http://data.edf.eurecom.fr/graph/meteofrance = weather observations (2023-2024)

☞ http://data.edf.eurecom.fr/graph/bpe = public equipment in France (BPE) from Insee (2016)

☞ http://data.edf.eurecom.fr/graph/sirene = all corporates in France (SIRENE) from (2022)

⮚ Ontology, vocabularies and customizable data conversion tools: 

https://gitlab.pam-retd.fr/colab_eurecom_edf/kg_conso

about:blank
https://data.edf.eurecom.fr/dumps
https://data.edf.eurecom.fr/sparql
http://data.edf.eurecom.fr/graph/housing
http://data.edf.eurecom.fr/graph/enedis
http://data.edf.eurecom.fr/graph/mte-mct
http://data.edf.eurecom.fr/graph/rte
http://data.edf.eurecom.fr/graph/cog
http://data.edf.eurecom.fr/graph/meteofrance
http://data.edf.eurecom.fr/graph/bpe
http://data.edf.eurecom.fr/graph/sirene
https://gitlab.pam-retd.fr/colab_eurecom_edf/kg_conso


https://data.edf.eurecom.fr/ontology/

htpp://www.eurecom.fr/
https://data.edf.eurecom.fr/ontology/


IRIS as a central geo unit! Description and Temporal Series

39
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Data conversion

▪ ENEDIS converter

(area = France, year = 2023: 47 GB (301,386,937 triples)

conversion time ~7h

⮚ yearly: 0.4 GB (2,628,101 triples)

⮚ monthly: 1.5 GB (9,454,536 triples)

⮚ daily: 45 GB (287,575,470 triples)

⮚ NOTE: considering the period 2011-2023, converting the daily electrical consumption would 

generate 614 GB (~4 billion triples)

▪ SIRENE converter: performance optimization in indexing geospatial data 

with rtree, conversion time is reduced to ~4h

about:blank
https://pypi.org/project/Rtree/


htpp://www.eurecom.fr/


https://conso-explorer.tools.eurecom.fr/
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https://conso-explorer.tools.eurecom.fr/


https://conso-explorer.tools.eurecom.fr/
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https://conso-explorer.tools.eurecom.fr/
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What did we learn?

 Ontologies are mostly flat schemas (schema.org)

 Controlled vocabularies carry most of the semantics

 KG construction from API and structured data

 Reconcile entities / de-duplicate records

 The value of the KG depends on the freshness of the data 

(daily updates require engineering effort)

 Triple stores do scale

 The KG is hidden and it powers specialized user interfaces and 

recommender systems
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Building Knowledge Graphs for 
Cultural Heritage

Music: DOREMUS

Textile: SILKNOW

Smell experiences: ODEUROPA

47
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pic: https://pxhere.com/it/photo/1523259

Building the 

DOREMUS graph

https://pxhere.com/it/photo/1523259
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The DOREMUS Model

- Music specific extension of FRBRoo

- Dynamic: it is made up of autonomous 

combined modules

- Relies on Linked Data principles 

(everything is an URI, RDF model)

FRBR

museum informationbibliographic records

P. Choffé and F. Leresche (2016). DOREMUS: connecting sources, enriching catalogues 

and user experience. In 24th IFLA World Library and Information Congress.

http://www.cidoc-crm.org/frbroo/ModelVersion/version-2.4
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The building blocks
Work-Expression-Event

F14

Work

F22

Expression

F28

Expression

Creation
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F14

Work

F22

Expression

M2

Opus 

Statement

F28

Expressio

n

Creation

R3 is 

realized in

E7

Activity

5

1

“Sonate pour violoncelle et piano no 

1”@fr

“Sonates" , "Sonata in F"

Ludwig van 

Beethoven
Ludwig von 

Beethoven

composer
compositeur

@fr 

compositore

@it

U17 has opus 

statement

U12 has 

genre

P102 has title

U31 had 

function of 

type

P14 carried 

out by

P9 

consists of

P4 has time 

span1796

Sonata
sonata@it , sonate@fr , 

klaviersonate@de

M42 

Performed

Expression

Creation

M43

Performed

Expression
Berlin

P4 has time 

span

1796

P7 took

place at

F24 

Publication 

Expression

F30 

Publication 

Event

P4 has 

time span

1797

P7 took 

place at

Vienna

U4 had princeps 

publication

U54 is performed 

expression of

P165 

incorporates

1770

1827

P98

born

P100

died

F Major
F Dur@de , Fa majeur@fr, 

Fa maggiore@it , Fa 

mayor@es

M6

Casting

M23

Casting 

Detail
1

U30

quantity

U2 

foresees 

mop

Piano
Pianoforte@it  

Fortepian@pl 

M23

Casting 

Detail

1

U30

quantity

U2 

foresees 

mop

Cello
Violoncello@it  

Violoncelle@fr

F15

Complex

Work

F19 

Publication 

Work
M44

Performed

Work

U5 had 

premiere

U38 has 

descriptive 

expression

R10 has member
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“Sax”@en

“Saxophone”@en

“Saxofone”@pt

“Sassofono”@it

“Saxophone”@fr

Alternate 

labels
Alternate

languages

“English term is preferred globally”

Notes

“Woodwinds”@en

“Legni”@it
Hierarchy

“Baritone Saxophone”@en

Example: http://data.doremus.org/vocabulary/iaml/mop/wsa

Controlled Vocabularies What?

http://data.doremus.org/vocabulary/iaml/mop/wsa
http://data.doremus.org/vocabulary/iaml/mop/wsa


GENRES
Diabolo

IAML

Itema3

Redomi

RAMEAU 

Medium of performance
MIMO

Itema3

IAML

Diabolo

RAMEAU

Redomi

Musical keys

Modes

Catalogues

Derivation types

Functions

more available at
http://data.doremus.org/vocabularies 

23 families of vocabularies · 11,000+ concepts · 610 links between terms

P. Lisena et al. (2018). Controlled Vocabularies for Music Metadata.

In 19th International Conference on Music Information Retrieval (ISMIR). Paris, France.

Controlled Vocabularies Which ones?



Demo

http://overture.doremus.org/

Repository

https://github.com/DOREMUS-

ANR/overture

55

http://overture.doremus.org/
https://github.com/DOREMUS-ANR/overture


Exploratory Search Engine
http://overture.doremus.org

56
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The European silk heritage is in danger -

How can we help to preserve it?



Method: Historians and museum logbook 

● Manually searching for candidate museums based on their silk collections

● Only select museums with relevant silk items and image illustrations



Competency questions 
[Bezerra et al., 2003; Wisniewski et al., 2019]

- Experts formulated 63 questions in English and 15 in Spanish (mostly translations)

- Aim to scope the domain and the future data model

Examples from SILKNOW: 

1. Which items were produced in [Spain], during the [16th century]?

2. Which items were produced with [silk] and [silver]?

3. Give me all the information you have on [Philippe de la Salle]

4. Give me all the items depicting [flowers]

5. Who is the [Revel style] name after?

Bezerra, C., Freitas, F. and Santana, F.: Evaluating ontologies with competency questions. In IEEE/WIC/ACM International Joint Conferences on Web Intelligence (WI) 

and Intelligent Agent Technologies (IAT) , p. 284-285, 2003.

Wiśniewski, D., Potoniec, J., Ławrynowicz, A. and Keet, C.M.: Analysis of Ontology Competency Questions and their formalizations in SPARQL-OWL. Journal of Web 

Semantics, 2019.
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Knowledge Graph

Easy Data 

Extraction for 

Training Data

Text 

Image

Multimodal

KG fuels all kinds of machine learning 
experiments

Integration of 

predictions

Integration of 

predictions

63

Only property values that are 

linked with the Thesaurus



Training:

Examples of objects’ text descriptions with the 

property it needs to learn to infer

Evaluation:

We feed it text but hold out the property value and 

see if the model guesses it correctly

Based on a shared fine-tuned XLM-R encoder, due 

to preliminary architecture comparisons and because 

it provides cross-linguality

Supervised Text Classification - Methodology

64



● Multi-task CNN (ResNet 

152[He et al., 2016 ]), due to its 

proven success with image 

classification, pre-trained on 

ImageNet

● 4 output branches, each for 

one semantic property

● Training on examples with 

both an image and the 

semantic property it needs to 

learn

Supervised Image Classification - Methodology

65
K. He, X. Zhang, S. Ren, and J. Sun. 2016. Identity mappings in deep residualnetworks. InEuropean 

Conference on Computer Vision (ECCV). 630–645.



Multimodal and tabular classification

66

● Gradient Boosted Decision Trees in both cases

● XGBoost implementation

Tabular classification input with one example per 

row task



Results

67

Harmonized F1 scores in % for evaluation on the test set

Variable
Nr. of 

Classes

Train Set

60%

Valid. Set

20%

Test Set

20%
Image Text Tabular Multimodal

place 9 10,435 3,456 3,470 38.0 65.0 46.2 77.6

timespan 5 8,819 2,975 2,949 49.2 55.6 58.6 74.2

technique 4 4,813 1,663 1,675 73.5 41.0 68.3 83.6

material 3 12,865 4,263 4,351 46.5 37.4 49.4 61.3



ProZe: Explainable and Prompt-guided Zero-

Shot Text classification 

Context

“Silk Textile”

Prompt

“[Velvet] is related to 

[candidate word]”

Language 

Model

velveteen

velour

satin

silk

sateen

plush

upholstery

fabric

crimson

leather

I. Harrando*, A. Reboud*, T. Schleider*, T. Ehrhart, R. Troncy

IEEE Computing special issue on Knowledge-Infused Learning for Computational Social Systems, 2022

68

fabric

silk

velour

velveteen

plush

sateen

satin

upholstery

leather

crimson

ZeSTE ProZe+ + =



Classification

Silk

Material

(6 classes)

Silk 

Technique

(7 classes)

ZeSTE
34.3% 46.9%

Entail (BART)
29.0% 64.0%

ProZe

(ZeSTE + BART)
39.0% 50.8%

Performance comparison (accuracy) on 

domain-specific silk datasets

Results

69

ConceptNet 

Top 10 label neighborhood for 

“Embroidery”

Embroidery, overstitch, running stitch, picot, 

stumpwork, arresene, couture, fancywork, 

embroider, berlin work

BART

Top 10 label neighborhood for 

“Embroidery” + prompt “silk textile”:

Craft artifact sewn, fabric, embroidery stitch, 

embroidery, detail, embroider, mending, 

embellishment, elaboration, filoselle
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What did we learn?

 Many applications require more complex schemas 

(CIDOC-CRM, FRBR-based)

 KG construction from multimodal data

 Controlled vocabularies help partitioning the data for training 

classifiers and predicting missing values

 KGs enable explainable recommendations (entity2vec)

 The KG is hidden but powers explorative search interface
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Unlocking Narratives
The role of Knowledge Graphs and AI in Story Understanding
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Example

74

“As US claimed, the intent of the military operation was to disarm Iraq of weapons of mass distruction, to end support for terrorism
and free iraqi people”

operation Disarm   

Free Iraqi 

people   

Terrorism    

alternative 

to

Disclaimer: this is the representation of the statement from the text, without judgement whether it is true or false.  



FARO: Representing Events

75

Relata

Condition Event

subclass of

property

Status

happened

not happened

potential

planned

is related to

status

rdf:Statement
results in

➢ Event relations can involve other elements 

than events (Conditions).

○ Example: being tall is a condition that

enables scoring for a basketball player. 

Y. Rebboud, P. Lisena, R. Troncy. Beyond Causality: Representing Event Relations in Knowledge Graphs. 

In Knowledge Engineering and Knowledge Management (EKAW), Bolzano, Italy, 2022, 



FARO: Relations 
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Related to

Comparatively 

related to 
Contingently 

related to 
Mereologically 

related to 

Temporally 

related to 

➢ FARO : developed to be as 

much complete as possible. 

➢ Enable reasoning

○ Hierarchical structure of 

properties

○ Logic constraints (owl 

properties)
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➢ Harmonizes other data 

models 

Y. Rebboud, P. Lisena, R. Troncy. Beyond Causality: Representing Event Relations in Knowledge Graphs. 

In Knowledge Engineering and Knowledge Management (EKAW), Bolzano, Italy, 2022, 



Problem

● Not existing dataset

with precise event relations

● Our first attempt resulted in 

small and unbalanced 

dataset.

● Two data augmentation 

strategies

a. With GenAI

b. With Common Sense

Target relations:

● Enabling

● Intention

● Prevention

● Direct causality
77



Prompt Based Data Augmentation with LLMs

Initial Dataset

Examples

Augmented 

Dataset

Few-shot

Prompt

New dataset size: 2,000+ sentences

Performance increment (F1):

Relation Classification +27%

Event Extraction: +11%

Prompt(ERx) = definition(Event) 

+ definition(ERx) + request(ER) + 

examples(ERx) 

GPT-3

Y. Rebboud, P. Lisena, R. Troncy. Prompt-based Data Augmentation for Semantically-precise Event Relation Classification. 

In Semantic Methods for Events and Stories Workshop (SEMMES), ESWC 2023, Heraklion, Greece, May 2023 78



Common Sense Data Augmentation

Filtering

ATOMIC

Prevent EnableCause Intend

Generation

LLM

Common 
Sense

Example of Common Sense Data
exercising regularly prevents cardiovascular 

diseases
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Three subtasks

Subtask Best performing 

model

F1 Score LLM

(GPT4o)

Relation Detection

Is this sentence including a 

relation?

RoBERTa-based end-

to-end classifier

0.98 0.59

Relation Classification

Which relation type is in this 

sentence?

RoBERTa-based end-

to-end classifier

0.78 0.54

Event Extraction

What are the text token involved?

REBEL end-to-end 0.70 0.45
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81

Misinformation has serious impact on 

societal topics

● Nature: Climate change denial, 

Australian bushfires, etc.

● Health: COVID “infodemic”, 

Vaccines, etc.

● Politics: US presidential elections, 

Brexit, Ukraine war, etc.



● Persuasion techniques

○ Push agendas and narratives

○ Leveraging emotions

○ Using fallacies

● Conspiracy theories

○ Malevolent schemes

○ Disproved or unproven accusations

82



SemEval-2024: Detection of persuasion techniques in memes

Text: "I HATE 

TRUMP\ n\ nMOST 

TERRORIST DO"

Techniques: ["Loaded 

Language", "Name 

calling/Labeling"]

83



● Train: 5000 memes

● Test: 1000 memes

20 different classes 

using a hierarchical

structure

84



● Models: BERT, BERT-HarMe, RoBERTa, AlBERT, DeBERTa, 

DistilBERT

● Losses: CE, BCE, Focal Loss, Hierarchical Loss (HL)

● Data: 2024, 2021, GPT-augmented

● Output Classes: 20, 28
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Team F1H

1 914isthebest 0.752

2 BCAmirs 0.699

3 OtterlyObsessedWithSemantics 0.697

4 TUMnlp 0.674

5 GreyBox 0.670

6 NLPNCHU 0.663

7 Puer 0.660

8 EURECOM 0.655

9 SuteAlbastre 0.652

10 / 33 UMUTeam 0.648

Our approach:

Ensembling of BERT-based 

models

Code shared on github: https://github.com/D2KLab/semeval-2024-task-4
86

“EURECOM at SemEval-2024 Task 4: Hierarchical 

Loss and Model Ensembling in Detecting Persuasion 

Techniques”, Peskine Y., Troncy R., Papotti P., 

Proceedings of the 18th International Workshop on 

Semantic Evaluation

https://github.com/D2KLab/semeval-2024-task-4


MediaEval: Detection of 9 COVID-related conspiracy theories in tweets

Suppressed Cures, Antivax, Fake virus, etc.
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You see this #CoronaVirus outbreak, I 

believe it was an intentional Bio-

weapon released by these sick/mad 

scientists and doomsday ambassadors 

to test their population control 

theory…



Our winning approach:

Ensembling of Covid-Twitter-BERT 

models

88
Code shared on github: https://github.com/D2KLab/mediaeval-fakenews

Team MCC

1 D2KLab 0.733

2 SELAB_HCMUS 0.648

3 Deltamap 0.632

4 SELAB-HMUS-Junior 0.599

5 Upsilon Labs 0.454

6 MG-UCB 0.450

7 FakeINA 0.446

8 OTS-UEC 0.413

9/17 Delta_IITKGP 0.347

“Detecting COVID-19-Related Conspiracy Theories in Tweets”, 

Peskine Y., Alfarano G., Harrando I., Papotti P., Troncy R., 

Multimedia Benchmark Workshop (MediaEval 2021)

https://github.com/D2KLab/mediaeval-fakenews


Can LLMs detect conspiracy theories?

● Experiment with GPT-3.5

● Zero-shot settings

● Explore impact of different definitions of classes

89

“Definitions matter: Guiding GPT for multi-label classification”, Peskine Y., Korenčić D., 

Grubisic I., Papotti P., Troncy R., Rosso P., Conference on Empirical Methods in 

Natural Language Processing (EMNLP 2023)
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● Definitions improve 

classification performance

● Human-Written (HW) perform 

best on average

● Best Example Generated (EG) 

definitions outperform their HW 

counterparts

Suppressed Cures (SUP), Behaviour Control (BHC), Anti-

Vaccination (AVX), Fake Virus (FAK), Intentional Pandemic

(INT), Harmful Radiation (HAR), Depopulation (DEP), New

World Order (NWO), Satanism (SAT)

91
Code shared on github: https://github.com/dkorenci/gpt-def-zeroshot

https://github.com/dkorenci/gpt-def-zeroshot


What did we learn?

 LLMs can extract information from text but under-perform for 

Sequence Labeling task 

(regardless of your prompt engineering effort)

 Fine-Tuning SLMs for specialized tasks is effective (ensemble!)

 LLMs are good at generating synthetic data to fill-in the blanks 

(class imbalance, data distribution)

 Common Sense Knowledge Graphs are great seeds for LLMs to 

generate useful data
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What’s next?
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LLM for Knowledge Engineering

21/05/2025 - A Lightweight Introduction to the Semantic Web - IETF NMOP - 94

https://doi.org/10.1007/978-3-031-78952-6_7

https://ceur-ws.org/Vol-3953/365.pdf https://ceur-ws.org/Vol-3953/362.pdf

htpp://www.eurecom.fr/
https://doi.org/10.1007/978-3-031-78952-6_7
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LLMs are starving for KGs

 List of crawlers visiting our KGs (1 month):

 OpenAI (OpenAI-Searc, ChatGPT-User, GPTBot)

 Bytedance (Bytespider)

 Apple (Applebot)

 Meta AI (MetaExternal)

 Anthropic (ClaudeBot)

 Microsoft (BingBot, LinkedInBot)

 DuckDuckGo (DuckAssist)

 CommonCrawl (CCBot)

 Amazon (Amazonbot)

 Perplexity (Perplexity-User, Perplexitybot)

 Visiting mostly: /describe/, /fct/, /sparql

/resource

data.doremus.org: 3,430,585 requests

memad.eurecom.fr: 1,831,538 requests

data.cimple.eu: 1,280,429 requests

explorer.cimple.eu: 676,140 requests

vocab.odeuropa.eu: 303,161 requests

asrael.eurecom.fr: 241,378 requests

data.silknow.org: 103,334 requests

skosmos.silknow.org: 68,660 requests

ada.silknow.org: 12,402 requests

data.odeuropa.eu: 9,688 requests

std.eurecom.fr: 217 requests

data.edf.eurecom.fr: 117 requests

yang.eurecom.fr: 48 requests

sirene.eurecom.fr: 17 requests

21/05/2025 - A Lightweight Introduction to the Semantic Web - IETF NMOP - 95
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Graph RAG and Path RAG
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https://www.lettria.com/features/graphrag
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Interactive storytelling

LLM

KG

Retrieval-Augmented 

Generation

Generated Story

Goal of the narrative

● Education

● Memorisation

Personalisation on the 

storyteller

● Style

● Metaphors

Personalisation on the 

Listener

● Cultural gap

● Generational gap

● Preferences
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Enriched storytelling

LLM

KG

Retrieval-Augmented 

Generation

Generated Story

Back-links to KG

Online content

Media

Real world
(museums, libraries, …)

Challenges

● How to automatically generate?

● How to guide and control this 

generation?
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Let’s discuss!
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