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Knowledge Graphs

Knowledge Graphs (KGs) are a
widely used notion in many
applications domains, sometimes
with different terminology

In this tutorial
KG - directed labelled graph
nodes -2 entities
labels - relations (names)

edge e - fact, triple, link
e=<h,r, t>
h -2 head
r = relation

-t -2 tail

Michelle
Obama




Popularity

- The Google search engine underwent a huge
transformation that turned a google search from looking
ike this In 2012

GO Ugle ‘ how old is harrison ford Search

About 38,300,000 results (0.43 seconds) Go to Google.com Advanced search
s, f i i .
*§ Everything Harrison Ford - Wikipedia
8 Images Actor @Demaocratic
. Harrison Ford ; Born, (1942-07-13) July 13, 1942 (age 80). Chicago, lllinois, U.5. ;
- Videos Occupation, Actor ; Years active, 1966—present ; Works, Full list ; Political ...
=2 News https:/ien wikipedia.org/wiki/Harrison_Ford
Shopping Happy birthday, Harrison Ford! A superb grumpy old man for 80
Jul 13, 2022 ... Harrison Ford in 2021. ... Wednesday iz Harrison Ford's 80th birthday. It's a
¥| Mare strange occasion for a couple of reasons. The first is that Ford is ...

https:/iwww theguardian.com/.../happy-birthday-harrison-ford-a-superb- grumpy-old-man-for-80-years-and-counting

Show search tools How old is Harrison Ford and what's his net worth? | The Sun
Dec 11, 2020 ... Harrison Ford was born in Chicago, Hinois on July 13. 1942, making him 78
years old. Advertisement. The actor and producer is a self-described ...
hitps:/iwww.thesun.co.uk/.../harrison-ford-age-net-worth-movies-wife-calista- flockhart/

Harrison Ford - IMDb

Harrison Ford, Actor: Raiders of the Lost Ark. Harrison Ford was born on July ... they hit the
big-time, and revisit some of their earliest onscreen roles.
hitps:/iwww.imdb.com/name/nm0000148/

'He's the Bionic Man': How 79-year-old Harrison Ford completed

May 27, 2022 ... 'He's the Bionic Man": How 79-year-old Harrison Ford completed 'Indiana

Jones 5' ... The Ark of the Covenant. The Temple of Doom. The Holy Grail.
hitps:/iwww.yahoo.com/.../indiana-jones-5-harrison-ford-age-the-bionic-man -kathleen-kennedy-interview-190024135_html

Harrison Ford Trends on His 79th Birthday Following_Indiana Jones ...

Jul 13, 2021 ... Aveteran actor whose acclaimed performances date back decades, Harrison
Ford turned 79 years old on Tuesday. His name has been trending on ...
https:/imovieweb.com/harrison-ford-79th-birthday-indiana-jones-5/

Harrison Ford - Movies Wife & Age - Biography

Dec 17, 2017 ... Name. Harrison Ford ; Birth Date. July 13, 1942 {age 80} ; Did You Know?
Ford landed his first big acting gig after working as a carpenter and ...
hitps:/fwww.biography.com/actor/harrison-ford




Popularity

- To this in 2023:

) .
G: “‘;’J'G how old is harrison ford x _!., Q,
o Al Images [B) News [ Books 2 Shopping i More Tools

About 48,900,000 results (0.7% seconds)

Harrison Ford / Age

80 years

July 13,1942

People also search for

r Clint Eastwood = Calista Mark Hamill
92 years v:’ Flockhart Sl 70 years

57 years
Feedback

People also ask .

Harrison Ford <
What is Harrison Ford's real name? v American actor
What is Harrison Ford's net worth as of 20207 v ) )

Harrison Ford is an American actor. His films have
Where does Harrison Ford live naw? o grossed more than $5.4 billion in North America and

' more than $9.3 billion worldwide, making him the

How Old Is Harrison Ford movie actor? - seventh-highest-grossing actor in North America

Wikipedia
Feedback

Born: July 13, 1942 (age 80 years), Chicago, IL

Height: 61"
https:/fen.wikipedia.org » wiki » Harrison_Ford

X . . Spouse: Calista Flockhart (m. 2010), Melissa

Harrison Ford - WIkIPEdIa Mathison (m. 1983-2004), Mary Marquardt (m
Harrison Ford ; (1942-07-13) July 13, 1942 (age 80). Chicago, lllinois, U.S. - Actor - 1966-present 1964-1979)
- Full list.

Children: Ben Ford, Georgia Ford, Willard Ford,
Years active: 1966—present Occupation: Actor Malcolm Ford, Liam Flockhart

Image Source: https://blogs.cornell.edu/info2040/2022/09/20/the-impact-of-knowledge-graphs-on-search-engines/



-xcliting novel developments

. Screenshot from 2026:

how old is harrison ford

Tutti

Birthday Wife In Shrinking In 1923 In Star Wars In The Fugitive

4 Al Overview

Harrison Ford is 83 years old. He was born on July 13, 1942. @ Wikipedia +1

@ 1sito

Harrison Ford - Wikipedia

Table_content: | Harrison Ford | | | --- | --- | | Ford in
2025 | | | Born | July 13, 1942 Chicago, lllinois, U.S. | |...

For more information on his extensive filmography and biographical details, you can
visit his profiles on Wikipedia or Britannica. @

@ Wikipedia

Actor Harrison Ford at 82 years old -

Mostra altro v

Image Source: https://blogs.cornell.edu/info2040/2022/09/20/the-impact-of-knowledge-graphs-on-search-engines/



What changed in 2012

- What changed was the
implementation of a KG

- In this way a google search
doesn’t directly match words to
other words, but matches the
search to “things”, i.e. entities

What Google's Knowledge Graph Looks Like

/The \

Walt Disney

Company
S~—
subOrganization
O\ . /T30 \
Lucasfilm ';?olfg November
N 1937
Prgil;::;;y genre genre director nationality
Blade United | .
d 7 birthDat
character actor subjectOf nationality
Harrison @
character Ford Simpson
mame gender gender \_/
sameAS hasOccupation

https://en.wikipedia.org /wiki/Harrison_Ford Professional

v Cyclist
N\
Key: Edges e Nod
o/
© My ahrefs

Image Source: https://ahrefs.com/blog/google-knowledge-graph/



KGs and Service-Oriented Computing

- KGs can be used as data backbone for computing platform

- Domain data
- Application data

throughput{intent} bandwidth{intent}
® H a rd Wa re d ata uplinkThroughput: float - minBandwidth: float
downlinkThroughput: float maxBandwidth: float

unit: "ms" J unit: "bps"
T has throughputext requires bandwidth
- Network properties — .
availability{intent} latency{intent}
minAvailability: float | resourcefsosa) | | application{prov) uplinkLatency: float
BUIdILB R ~<—has availability—— ——nhas latency—" P BB
maxAvailability: float ’ status downlinkLatency: float
unit: "%" ( J unit: "ms"
. . Lexecutes on has acceptable packetLossRate
has connectionDensity
connectionDensity{intent} packetLossRate{intent}
minConnectionDensity: float | J minPacketLossRate: float

maxPacketLossRate: float

maxConnectionDensity: float
unit: " %"

. Service-oriented data

- Service dependencies

- High-level computation intents



-xample from a real-world scenario

- A manufacturing company providing a platform to collect
and analyze sensor data for monitoring of machine health

description

ProdData

has_type

has_service
has_type

machine

service C21Gen2

s “3quires_container

has_type analyse_trackchanges

) has_type
o has_container
description -

has_component
container

TrackChanges has_container

as_type

componen analyse_trackchanges_side2



-xample from a real-world scenario

- INTEND project: Intent-based interface for data operation

| want to know the \
status of machine /

C21Gen2 Docker CLI commands for

Deploy container
analyse_trackchanges

Deploy container

Maintenance Engineer chatbot analyse_trackchanges_si
(speaks English) . parser de2

\on C21Gen2 j

Transform user's Natural Language (NL) intent
into machine readable format

Docker in this case




Reasoning about services

| want to know the
status of machine
C21Gen2

g

Maintenance Engineer
(speaks English)

description
ProdData

has_type

C21Gen? machine

requires_container

analyse_trackchanges

description

container

has_container

component analyse_trackchanges_side2



Promising results with the complete KG

- 10 intents from experts corresponding to a container set

- Max precision and recall in all cases, including empty

Intent Set Containers |Containers| Prec. Rec.

Intent | Ground Truth C1,C2,C3,C4,C5,C23,C25,C26 8 - -
Workflow Output C1,C2,C3,C4,C5,C23,C25,C26 8 1.0 1.0

Intent 2. Ground Truth C1,C2,C5,C6,C7,C£10,C23,C24,C25,C26,C27,C28 12 - -
Workflow Output C1,C2,C5,C6,C7,C10,C23,C24,C25,C26,C27,C28 12 1.0 1.0

Intent 3 Ground Truth C1,C2,C5,C6,C7,C10,C11,C12,C15,C16,C17,C18,C30 13 - -
Workflow Output  C1,C2,C5,C6,C7,C10,C11,C12,C15,C16,C17,C18,C30 13 1.0 1.0

Intent 4 Ground Truth C11,C12,C15,C16,C17,C18,C21,C22 8 - -
Workflow Output C11,C12,C15,C16,C17,C18,C21,C22 8 1.0 1.0

Intent 5 Ground Truth C11,C12,C17,C21 4 - -
Workflow Output C11,C12,C17,C21 4 1.0 1.0

Intent 6 Ground Truth C31,C32,C33,C34,C39 5 - -
Workflow Output C31,C32,C33,C34,C39 5 1.0 1.0

Ground Truth 0 0 - -
Intent 7 Workflow Output 0 0 1.0 1.0

Ground Truth C23,C24 2 - -

Intent 8

Workflow Output C23,C24 2 1.0 1.0

Ground Truth 0 0 - -
Intent & Workflow Output 0 0 1.0 1.0

Ground Truth C29 1 - -
Intent 10 Workflow Output C29 1 1.0 1.0



Bad news: KG Incompleteness

KGs are often incomplete

the absence of a fact does not mean that the fact Is
false

E.g. the absence of a service availability on a certain
machine could be due to data processing errors, to
observation incompleteness and so on.

Examples about service availability might be difficult so
let’s go back to Barack Obama sometimes ©




Link Prediction

- Many types of incompleteness, such as
.+ missing entities
.+ missing relations

.- missing facts

- Link Prediction (LP): inferring new facts from known ones

born_in located_in

Barack Obama Honolulu

.h -
i B e
e e o o Em o e E—

nationality



Outline of this Tutorial

Introduction to methods for LP
Two families of approaches
rule-based methods - Interpretable but sub-opt
embedding-based methods = Accurate but opaque
We focus on embedding-based

Known challenges and research directions

Explainable Al for Link Prediction

Concluding remarks with open directions



Rationale for LP methods

.- Given a query <Barack Obama, Nationality, ?>
. Use available facts for computing plausibility of answers
. Predict USA > Indonesia

Barack
Obama

spouse

Mielle
Obama




Rationale for LP methods

Same example for machine data

—m - #
has service?

z



The power of Embedding

oo i

R
N i

. =g /=

Knowledge Graph Latent Space

Analogously to word embeddings, entities and
relations are mapped to points (vectors) or
matrices in the latent space



KG Embedding

Vectors or matrices for entities
and relations are used to
compute a scoring function ¢

¢ estimates the plausibility of a
triple <h,r,t> by combining the
embeddings of h, rand t

Example: In plausible facts the "POEe
head plus the relation should
be equal to the vector o
representation of the tail entity. nationality
A
; located

>

Image Source: Wikipedia page on Knowledge graph embedding
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Training

- Split KG in train & test facts
- Loss: scoring function error for triples in the training set

- E.g., Negative Log-Likelihood



Measuring accuracy

De facto benchmark datasets, such
as WN18 or FB15k (from Freebase,
the backbone of the Google KG)

HITS@k
the ratio of predictions for which Hits@K= {q€Q : ta<k}|
the correct entity is in the top K Q]

MRR (Mean Reciprocal Rank)

inverse of the rank of the correct
entity, average

Both metrics are in [0,1], the higher
the better

Ali, M., Berrendorf, M., Hoyt, C. T., Vermue, L., Galkin, M., Sharifzadeh, S., ... & Lehmann, J. Bringing light into the dark: A large-scale evaluation of
knowledge graph embedding models under a unified framework. IEEE TPAMI, 2021.



Taxonomy of methods pre Large Language Models

- Different methods use different scoring and loss functions
- Many novel methods are proposed every year

MATRIX FACTORIZATION GEOMETRIC DEEP LEARNING
2013 TransF
2015 S DistMult ________ B
2016 Gomplé;. ‘ HolEH“‘n,‘ STransE
2017 “‘\\‘;ilAl;.DG\; - 1
2018 SimplE Toruse ci‘:::(EB
2019 T TuckE‘Ii' CrossE Ro':atE ConvR CapsE RSN
Time
Bilinear Purely Translational Convolutional Network
Non-Bilinear Translational with Additional Embeddings Capsule Network
Roto-translational Recurrent Network

Rossi, A., Barbosa, D., Firmani, D., Matinata, A., & Merialdo, P.. Knowledge graph embedding for link prediction: A comparative analysis. ACM TKDD 2021.



Large Language Models

. In-context learning > NL description of the KG

- It reduces training overhead with SOTA performances ©

. It works mostly for common-sense KGs
- Does not apply to service data ®

. Outside the scope of this tutorial

rReordered top m candidate entities Ryrar = [€].,, ..., €l LLM
OUTPUT: Rk1cGPT = [€15t:- - - s €mths €mlths - - - 5 €E th)] top m entities [61‘“ """ e’"“‘] / T Kdemonstration text
. : I
structions query text
{ | Knowledge Prompt

Rretriever = [elsta <+ vy €mthy Emilthy - -+ €|E th.] Pl'Ompt Engineeriﬂg
Unified Prompt Template: Convert Triplet to Text
(optional: text self-alignment)
GC Retriever
Knowledge Graph
T Diversity-based ordered L, BM25 ordering L
| I

INPUT: Query Triplet (Milan, month to travel, ?) { analogy pool D, ] [ supplement pool D, J

Image Source: Wei, Yanbin, et al. "KICGPTv2: Large Language Model with Knowledge in Context for Knowledge Graph Completion.»
|IEEE Transactions on Knowledge and Data Engineering (2026).



Outline of this Tutorial

Introduction to methods for LP
Two families of approaches
rule-based methods - Interpretable but sub-opt
embedding-based methods = Accurate but opaque
We focus on embedding-based

Known challenges and research directions

Explainable Al for Link Prediction

Concluding remarks with open directions



Reproducibility

- Difficult to reproduce papers’ results
. Different technologies and platforms
. Strong dependence on hyper-parameters setting
. Expensive training process (hundreds of GPU hours)

- Extremely difficult to apply ®
models to your own data and ﬁél"a
workflow o uv-o

- There are efforts to put
. . License MIT Optuna integrated Lightning g'}' Ruff ' Contributor Covenan!
everything in the same
PyKEEN (Python KnowlEdge EmbeddiNgs) is a Python package designed to train and evaluate knowledge graph
p a C ka g e ( E g Py K E E N ) embedding models (incorporating multi-modal information).
. "y

¢ | nte rna |S Of th e mOd e | S Installation ethon 34071541 15:12) pypi Vid11
are still dIfficult 1O aCCEess | ——

pip install pykeen

PyKEEN

210

Ali, M., Berrendorf, M., Hoyt, C. T., Vermue, L., Sharifzadeh, S., Tresp, V., & Lehmann, J.
PyKEEN 1.0: a python library for training and evaluating knowledge graph embeddings. JMLR, 2021.



Training Data Leakage

- Some datasets (e.g. FB15k and WN18) are affected by
data redudancy, a form of training data leakage

. reverse relations

.- e.g., <europe, has_part, republic_of_estonia>
and <republic_of_estonia, part_of, europe>

¢ dupllcate relatlons 0100, 1100 Other cases

3% \ 2% -~ 1%
- e.9., football_player/current_team and w0
sports_team_roster/position

. cartesian product relations

. every triple in the cart. prod. of subjects and
objects is true

-  More robust and less common-sense benchmarks are
needed

.- Service data would provide an excellent domain!

Akrami, F., Saeef, M. S., Zhang, Q., Hu, W., & Li, C. Realistic re-evaluation of knowledge graph completion methods: An experimental study. SIGMOD 2020.



Intrinsic evaluation metric 1Issues

- Rank based methods do not consider score

. Need for a score-aware evaluation framework

- direction: probability theory of proper scores

Model A Model B Model C
Entity  Score Entity  Score Entity  Score
Canada 8.5 Canada 1.5 USA 1.5
USA 1.0 USA 1.3 Toronto 1.5
Toronto 0.8 Toronto 1.3 Tom 1.4
Rome 08 Rome 12 Canada 13
Tom 0.6 Tom 1.2 Rome 1.2

Figure 1: Predictions of models A, B and C for the query
(Tom, Nationality,?). The true tail is Canada. Rows of each
table represent the entities in the KG. The line delimits the
positions for Hits@3 where the true entity can appear.

Resin, Johannes. "From classification accuracy to proper scoring rules: Elicitability of probabilistic top list predictions."
Journal of Machine Learning Research 24.173 (2023): 1-21.



31as

Given (h, r, t), we can identify different sources of bias

Type 1 (source/target peers)
e.g., in the case of <Barack Obama, nationality, USA> there more persons that have nationality USA than Indonesia
Easier to predict USA citizens

Type 2 (source/target peers with one-to-many/many-to-one)

e.g., <Cristiano_Ronaldo, language, English> is biased if most people, in addition to other languages, also speak

English.

Relations that have a "default" correct answer.

Type 3 (spurious correlations)

e.g., in the FB15k dataset the producer of a TV program is almost always its creator

this may lead to assume that creating a program implies being its producer

Facts Test Predictions
Entities |Relations

Train Valid Test All w/oBl | w/o B2 | w/o B3 | w/o B%
115.165, 108.705| 101.406 93.005
FB1sk | 14.951|  1345| 483142 50.000) 50.071|| 118.142| (oser| (go%) (142%)| (2L3)
39.145 36.482 40.932 36.912
FB15k-237 14.541 237| 272.115 17.535 20.466 40.932 (-4.4%) (-55%)|  (-0.0%) (-9.8%)
10.000 10.000 10.000 10.000
WN18 40.943 18| 141.442 5.000 5.000 10.000 (-0.0%)  (-0.0%)| (-0.0%)| (-0.0%)
6.268 6.268 6.268 6.268
WNI18RR | 40.943 11| 86.835 3.034 3.134 6.268 (0.0%)| (-0.0%)| (-0.0%)| (-0.0%)
9.725 9.992 4.876 4.593
YAG03—10| 123.155 37(1.078.868 5.000 5.000 10.000 (2.8%)| (-01%)| (-51.2%)| (-54.1%)

Rossi, A., Firmani, & Merialdo, P. Knowledge Graph Embeddings or Bias Embeddings? A Study of Bias in Link Prediction Models. DLAKG@ISWC 2021




Consequences

- Perfomance worsens considerably after removal of
biased relations.

- embedding-based LP models can low up to 50% to
/0% of their H@1 and MRR in worst cases such as
YAGO3-10

- analogous results holds also for rule-based
approaches

- Even accurate predictions, if made for the wrong reasons,
can lead to erroneous and harmful decisions.



Research questions

- Are LLM KG methods more or less prone to bias?

- Can we identify the «reason» of a prediction?



Outline of this Tutorial

Introduction to methods for LP
Two families of approaches
rule-based methods - Interpretable but sub-opt
embedding-based methods = Accurate but opaque
We focus on embedding-based

Known challenges and research directions

Explainable Al for Link Prediction

Concluding remarks with open directions



—xplainable Al In the wild

Husky vs Wolf

“ Only 1 prediction

Predicted: Predicted: husky Predicted: mistake: gre at
) I True: True: husky True: ]
daCCcuracy

Interested in “Why”
questions, rather than

1

\ Predic;ted:. | Predicted: husky Predicted: w OW ACCU rate”?

True: husky True: husky True:

Image Source: https://filene.org/assets/images-layout/Panel_Singh.pdf



Snow vs land

Il. *- ~ i.- :

oF L <) ll

MMMMMM

In 2018 Pixels on the right are experimentally shown to be
the most relevant for prediction

The Explainable Al (XAl) field was born



—xplaining LP methods

- Given a prediction <Barack Obama, Nationality, >

- What are the relevant facts?

- A wide variety of methods in XAl that we can use to
define relevance in the context of LP

4’{ Ante-Hoc ]—»—[ E.g., Decision Trees J

Explainability
Methods

Other Techniq
( Model-Agnostic )4——-( Model-Specific ) for Explanation
A

o PostHor e

________________

Y Y L i L
Explanation by Explanation by Visual Local Architecture
Simpliﬁcation Feature Relevance Explanation Exp lanation Modification

Image Source: Speith, Timo. "A review of taxonomies of explainable artificial intelligence (XAl) methods." Proceedings of the 2022 ACM conference on fairness,
accountability, and transparency. 2022.



Necessary Explanation

Consider prediction <Barack Obama, Nationality, USA>

Suppose that by removing <Barack Obama, Born_In, Honolulu> and recomputing
embeddings, prediction for <Barack Obama Natlonahty ?> pecome Indonesia

Then <Barack Obama, Born_In, Honolulu> is an example of necessary explanation

born in—* 7 Honolulu

* *”
;ir *:*
t*ﬁ****-
BN ProdData




description
ProdData

has_type

With Service data e

has_type

has_service
has_type

machine

C21Gen2

requires_container

analyse_trackchanges

I MachineState
- Our machine KG
. has_type
_r has container
description -
has_component

container

U ElYEs has_container
- has_type

as_type

component analyse_trackchanges_side2

has container }O

has_service

it
c «; ProdData

Machine
C21Gen2




Sufficient Explanation

- Consider again <Barack Obama, Nationality, USA>

.+ Suppose that by adding facts such as <Emmanuel
Macron, President_of, USA> and recomputing
embeddings, predictions such as <Emmanuel Macron,
Nationality, ?> systematically become USA

- Then <Barack Obama, President of, USA> Is an
example of sufficient explanation



Kelple

Knowledge Graph Embeddings for Link Prediction: Interpretable Explanations

- Gilven a tall prediction <h,r,t> Kelpie computes necessary
and sufficient explanations

- head predictions can be treated analogously

Girai Firai
el T Pre-filter = Explanation Builder
|
|
I ‘fn}{n or ‘ESXS Xn or Xs
I
|
|

-& Kelpie I Relevance Engine

* *
X, orX;

'I

A. Rossi, D. Firmani, P. Merialdo, and T. Teofili. Explaining link prediction systems based on knowledge graph embeddings. In SIGMOD, 2022



Key Intuition

Given a tail prediction <h,r,t> Kelpie computes necessary
and sufficient explanations

Challenge: Perturbing the data and observing the changes
In the model’s predictions is a common approach in many
applications (e.g., LIME, ANCHOR, SHAP, etc.)

in KGs you have to re-compute embeddings!

Brute force solution: train from scratch upon every
perturbation and re-compute all embeddinigs

Infeasible ®

Kelpie solution: post-training

generate one-time copies (“mimic”) of the head and re-
compute only their embeddings




Post-Training

. Step 1: Freeze embeddings and create a mimic of the original head entity
. Step 2: Perturb incident facts and optimize the embedding of the mimic

Necessary explanations = Remove
Sufficient explanations = Add

. Step 3: Compare predictions of original and mimic

Michelle
Obama

—

nationality

L /vl Jakarta |«
lived in

bornin

nafionality
¥

Indonesia
/located”

)

Hawaii

spouse

CREATEAMIMICOF THEKNOVWN ENTITY IN THEPREDICTION

@:> 04]19|03]04|02

ADD/ REMOVEFACTSTOTHEMIMIC AND

@—lived in

bornin

president

-1.5

POST-TRAIN ITSBVIBEDDING

Indonesia

Y
\
nationality

nationality
7

. 4

USA

CHECKFORCHANGESIN THE
MIMICPREDICTION



Limitations

. Change can be anything, whereas there is difference Iin
changing to the second best or moditying completely the
ranking

. Support Multiple explanations but Limited Interactivity

. Local explanations might miss large scale performance
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Conclusions

Discussed KGs completion methods and applied to emerging
service-oriented applications

Open directions
Incorporating LP models in computing platforms
Building benchmarks with service data

Evaluating bias and LLM performances in a no common-
knowledge setup

Novel explanation methods to capture global patterns
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