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Knowledge Graph (KG)

Idea: Facts represented as triples (subject, predicate, object)

5

Introduction



Knowledge Graph (KG)

Idea: Facts represented as triples (subject, predicate, object)

Components:

● Nodes → denote entities 
(e.g., Person, Order)

6

Introduction

From: https://neo4j.com/blog/knowledge-graph/what-is-knowledge-graph/



Knowledge Graph (KG)

Idea: Facts represented as triples (subject, predicate, object)

Components:
● Nodes → entities (e.g., Person, MusicalWork)
● Edges (Relations) → semantic links 

(e.g., “Placed_Order”)

7

Introduction

From: https://neo4j.com/blog/knowledge-graph/what-is-knowledge-graph/



Knowledge Graph (KG)

Components:
● Nodes → entities (e.g., Person, MusicalWork)
● Edges (Relations) → semantic links (e.g., “Composed”)
● Ontology / Schema → types and taxonomies

8

Introduction

From: https://neo4j.com/blog/knowledge-graph/what-is-knowledge-graph/



Knowledge Graph (KG)

Idea: Facts represented as triples (subject, predicate, object)

Components:

● Nodes → (e.g., Person, Order)
● Edges (Relations) → (e.g., “Placed_Order”)
● Ontology / Schema 

Example:
(Daniel, Placed_Order, Order_ID:100)

9

Introduction



Reasoning over KGs

KGs enable reasoning. 

For example: 
Which persons 
have purchased fish?

10

Introduction

From: https://neo4j.com/blog/knowledge-graph/what-is-knowledge-graph/



Knowledge Graph Integration

What is KG integration?

● Combine and merge KGs to have a unified KG

11
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Knowledge Graph Integration

What is KG integration?

● Combine and merge KGs to have a unified KG

Why KG integration?

● Different KGs describe overlapping entities 
● Richer semantic search and reasoning

12

Introduction



Entity Alignment (EA) 

● Large ever-growing KGs:

13

source 
KG

target 
KG

2B triples 850M triples

Introduction

Entity Alignment (EA) across Knowledge Graphs (KG)



Entity Alignment 

Entity 
Alignment:

Identifying 
equivalent entities 
across KGs.

14From [1], by Achichi et al.

KG
1 KG

2

Introduction



Entity Alignment

Not an easy 
task…

● Structural 
difference 
(heterogeneity) 

15From [1], by Achichi et al.

Introduction

KG
1 KG

2



Entity Alignment

Not an easy 
task…

● Syntactical 
heterogeneity 

16From [1], by Achichi et al.

Introduction

KG
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Entity Alignment 

Not an easy 
task…

● Terminological 
heterogeneity.
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[1]

From [1], by Achichi et al.

Introduction

KG
1 KG
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EA: Some terminology

Dataset: a pair of a source and a target KG to be interlinked, together with a 
reference alignment.

Reference (or seed) alignment: a manually curated set of correspondences 
across the two KGs.

18
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EA: Challenges & Contributions 

19

Introduction
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EA datasets: benchmark vs. real-world

The Gaps



Datasets

22

1) Benchmark Data
SPIMBENCH1: Creative Works / General Web Media
DBP15K (Fr-En, Ja-En, Zh-En) [26]: General-purpose / 
Multilingual Encyclopedia

2) Real-World Data
DoReMus2: Classical Music / Cultural Heritage
AgroLD2: Plant Science / Bioinformatics

1. https://oaei.ontologymatching.org/2018/spimbench.html
2. https://github.com/DACE-DL/Create_Input_Data_to_EA_Models

The Gaps

https://oaei.ontologymatching.org/2018/spimbench.html
https://github.com/DACE-DL/Create_Input_Data_to_EA_Models


Dataset Characteristics

23

How similar are the two KGs in the datasets?

The Gaps



Structural 
Similarity:

Degree 
Distributions

24

The Gaps

Benchmark

Real-world



Dataset Characteristics: Textual Similarity

25

Normalized Levenshtein Similarity

The Gaps

SPIMBENCH from: https://oaei.ontologymatching.org/2018/spimbench.html
AgroLD & DoReMus from: https://github.com/DACE-DL/Create_Input_Data_to_EA_Models
DBP15K (Fr-En, Ja-En, Zh-En) from [26].

Benchmark Real-world

https://oaei.ontologymatching.org/2018/spimbench.html
https://github.com/DACE-DL/Create_Input_Data_to_EA_Models


2626

Levenshtein Distance. Minimum number of single-character edits.
Photo from: https://devopedia.org/levenshtein-distance

Textual Similarity: Levenshtein Distance
The Gaps



Dataset Characteristics: Embedding Spaces

27

 SPIMBENCH (left) vs DOREMUS (right): Reduced-dimension BERT-based initial 
entity embeddings. Seed pairs connected by gray lines.

The Gaps



Dataset Characteristics: Result

28

● Benchmarks: semantically similar, structurally matched

● Real-world: structurally and semantically heterogeneous

The Gaps



State-of-the-Art EA methods 

29

The Gaps



EA embedding-based methods

30

Method Family Structural Embedding 
Mechanism

Key Feature Selected 
Method

Translational Encode triples as <s, r, o> with 
relation as a translation vector

Captures only local edge patterns; 
misses higher-order structure

MultiKE

GNN-based Message passing: aggregate 
features from neighbors (k-hop)

Captures local neighborhoods; limited 
to k-hop

RDGCN

Graph 
Transformer

Self-attention across nodes 
(global or sampled subgraph)

Captures long-range dependencies; 
computationally heavy

i-Align

Cross-encoder Embed entity pairs directly with 
local structure & attributes

No global graph embedding; focuses on 
pairwise interactions

BERT-INT

The Gaps



EA embedding-based methods

31

Method Family Structural Embedding 
Mechanism

Key Feature

Translational Encode triples as <h, r, t> with 
relation as a translation vector

Captures local edge patterns.

head entity (h)
relation (r)
tail entity (t)

h t

The Gaps



EA embedding-based methods

32

Method Family Structural Embedding 
Mechanism

Key Feature

Translational Encode triples as <h, r, t> with 
relation as a translation vector

Captures local edge patterns.

head entity (h)
relation (r)
tail entity (t)

h t
Selected EA model: MultiKE [3]

The Gaps



EA embedding-based methods

33

Method Family Structural Embedding 
Mechanism

Key Feature

Translational Encode triples as <h, r, t> with 
relation as a translation vector

Captures local edge patterns.

GNN-based Message passing: aggregate 
features from neighbors (k-hop)

Captures local neighborhoods.

The Gaps



EA embedding-based methods

34

Method Family Structural Embedding 
Mechanism

Key Feature

GNN Message passing: aggregate 
features from neighbors (k-hop)

Captures local neighborhoods; 
limited to k-hop

The Gaps



EA embedding-based methods

35

Method Family Structural Embedding 
Mechanism

Key Feature

GNN Message passing: aggregate 
features from neighbors (k-hop)

Captures local neighborhoods; 
limited to k-hop

Selected EA model: RDGCN [4]

The Gaps



EA embedding-based methods

36

Method Family Structural Embedding 
Mechanism

Key Feature

Translational Encode triples as <h, r, t> with 
relation as a translation vector

Captures only local edge 
patterns

GNN-based Message passing: aggregate 
features from neighbors (k-hop)

Captures local neighborhoods

Graph Transformer Self-attention across nodes 
(global or sampled subgraph)

Captures long-range 
dependencies

The Gaps



EA embedding-based methods

37

Method Family Structural Embedding 
Mechanism

Key Feature

Graph Transformer Self-attention across nodes 
(global or sampled subgraph)

Captures long-range 
dependencies; computationally 
heavy

The Gaps



EA embedding-based methods

38

Method Family Structural Embedding 
Mechanism

Key Feature

Graph Transformer Self-attention across nodes 
(global or sampled subgraph)

Captures long-range 
dependencies; computationally 
heavy

Selected EA model: i-Align [5]

The Gaps



EA embedding-based methods

39

Method Family Structural Embedding 
Mechanism

Key Feature

Translational Encode triples as <h, r, t> with 
relation as a translation vector

Captures only local edge 
patterns; misses higher-order 
structure

GNN-based Message passing: aggregate 
features from neighbors (k-hop)

Captures local neighborhoods; 
limited to k-hop

Graph Transformer Self-attention across nodes 
(global or sampled subgraph)

Captures long-range 
dependencies; computationally 
heavy

Cross-encoder Embed entity pairs directly with 
local structure & attributes

No global graph embedding; 
focuses on pairwise 
interactions

Contribution 1



EA embedding-based methods

40

Method Family Structural Embedding 
Mechanism

Key Feature

Cross-encoder Embed entity pairs directly with 
local structure & attributes

No global graph embedding; 
focuses on pairwise 
interactions

Contribution 1



EA embedding-based methods

41

Method Family Structural Embedding 
Mechanism

Key Feature

Cross-encoder Embed entity pairs directly with 
local structure & attributes

No global graph embedding; 
focuses on pairwise 
interactions

Selected EA model: BERT-INT [6]

Contribution 1



Results: Performance on Benchmark vs Real-world 

42

The Gaps

Real-world

Benchmark

Input preparation: https://github.com/DACE-DL/Create_Input_Data_to_EA_Models



Takeaways*

43

● Benchmark overfitting, where models struggle with 
generalization to unseen, real-world data.

● Cross-encoders e.g. BERT-INT transfer the best on 
real-world datasets.

The Gaps

* These findings are published as: An analysis of the performance of representation learning methods for entity 
alignment: Benchmark vs. real-world data.
Raoufi, E., Happi, B. G. H., Larmande, P., Scharffe, F., & Todorov, K. – Semantic Web Journal
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Designing a Novel EA Method

45

● Inductive Learning

● Transferable on real-world data

● Cross-Encoder Model

Reasoning EA



Designing a Novel EA Method

46

● Inductive Learning

● Transferable on real-world data

● Cross-Encoder Model
Our EA Method: Cenliea

Reasoning EA



Cenliea

47

● We use a pre-trained Natural Language Inference (NLI) 
model*:
○ It has fine-tuned on 2.7 million hypothesis-premise 

pairs in 27 languages.
○ The model predicts the probability of "entailment", 

"neutral", and "contradiction" in a given text pair.

* https://huggingface.co/MoritzLaurer/mDeBERTa-v3-base-xnli-multilingual-nli-2mil7

Reasoning EA



NLI Dataset Entailment Example

48

Premise* Hypothesis Label

How to take care of 
ducklings<br>Find a brooding 
box. After ducklings have 
hatched from their shells and 
spent about 24 hours getting used 
to their new surroundings, 
they're ready to move to a 
brooder. A plastic storage 
container, sturdy cardboard box, 
or large glass aquarium can all 
work for this purpose.

Just about any 
container would 
work as a brooder

entailment

* Sample from: https://huggingface.co/datasets/MoritzLaurer/multilingual-NLI-26lang-2mil7

Reasoning EA



NLI Dataset Neutrality Example

49

Premise* Hypothesis Label

Paul Beard (4 August 1901 – 22 
April 1989) was an English 
violinist, known particularly as 
leader of Sir Thomas Beecham's 
original London Philharmonic 
Orchestra and Sir Adrian Boult's 
BBC Symphony Orchestra.

Paul Beard has the 
highest salary in 
the orchestra

neutral

* Sample from: https://huggingface.co/datasets/MoritzLaurer/multilingual-NLI-26lang-2mil7

Reasoning EA



NLI Dataset Contradiction Example

50

Premise* Hypothesis Label

How to make a healthy 
breakfast<br>Scramble some 
eggs in the microwave. 
Believe it or not, you can 
actually make really good 
scrambled eggs in the 
microwave. 

A microwave will not 
cook eggs.

contradiction

* Sample from: https://huggingface.co/datasets/MoritzLaurer/multilingual-NLI-26lang-2mil7

Reasoning EA



Cenliea: NLI-Based Model

51

● How to 
employ the 
NLI model for 
EA?

Reasoning EA



Cenliea: NLI-Based Model

52

● How to 
employ the 
NLI model for 
EA?

Reasoning EA



How to construct 
EA premise-hypothesis? 

53

Reasoning EA



Cenliea: The Structured Input

54

We extract a restricted subset of subgraph containing the given entity.

Premise* Hypothesis

Entity 1 direct features:

1. text: it is a time of chaos. a  
mysteriousnarmy led by,

2. core altlabel: rise of the rakghouls,

3. award3pub: gametrailers,

Entity 1 neighbor's features:

R-1.1. crew -> rdf schema comment: kurt  
futrell worked as a animator for bioware a,

R-2.1. cast -> name: josh keaton,

R-2.2. cast -> occupation: actor,

Entity 2 direct features:

a. wikipagewikilinktext: star  
wars: the old republic,

b. release: 2011-12-20,

Entity 2 neighbor's features:

R-a.1. developer -> core  
altlabel: bioware austin,

R-a.2. developer -> abstract:  
bioware is a canadian ship  
building company fou,

* Sample input generated by us: A positive sample from 2023StarwarsSWTOR dataset in KGtrack (https://oaei.ontologymatching.org/2021/knowledgegraph/index.html)

Reasoning EA



Cenliea: Embedding and Aggregation

55

● How to embed 
entity pairs 
using NLI 
model?

Reasoning EA



1D Mean Pool (k=2, s=2)1D Mean Pool (k=2, s=2)

Cenliea: Embedding and Aggregation

56

NLI

Premise embedding Hypothesis embedding

768d

384d

768d

Entity pair  embedding vector

{ { { { { { { {

Concat

Reasoning EA



Cenliea: EA Classifier

57

Align

Non-Align

Reasoning EA



Cenliea+: LLM-Enhanced Premise-Hypothesis Generation

58

● We use a Mistral 
7B* model as the 
LLM.

* https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2

Reasoning EA



Cenliea+: Prompt

59

● Instruction:

Use numerical-alphabetical enumerators given in the 
prompt and give me tuples of features of entity 1 & 2 
e.g. (2, c) which represent their salient similarities.

Reasoning EA

Structured input features of entity pair

+



Cenliea+: Prompt

60

● Instruction:

● 1-shot prompt: The demonstration output: 

Use numerical-alphabetical enumerators given in the prompt 
and give me tuples of features of entity 1 & 2 e.g. (2, c) 
which represent their salient similarities.

Reasoning EA

Structured input features of entity pair

+

+
(2, a): Both entities have a similar title, although with 
English to French translation.

(R-3, R-a): Entities have the same authors.



Cenliea+: Response Generation by LLM

61

● Generating 
responses using 
Mistral 7B*.

* https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2

Reasoning EA



Cenliea+: Prompt & LLM Response

62

Prompt Response generated by Mistral7B

Entity 1 direct features:

1. p102 has title: cycle du feu,

2. p3 has note: le 17 décembre 1992 à l'espace de projection de,

Entity 2 direct features:

a. p3 has note: pour orchestre de chambre et projection audio-n,

b. p102 has title: feuillages,

Entity 1 neighbor's features:

R-1.1.  ontology u13 has casting ->  p3 has note: flûte, hautbois, clarinette 
en la, cor, trompet,

R-2.1.  ontology u12 has genre ->  p1 is identified by: musique 
contemporaine,

Entity 2 neighbor's features:

R-a.1.  ontology u13 has casting ->  p3 has note: orchestre de chambre,

Use numerical-alphabetical enumerators given in the prompt and give 
me tuples of features of entity 1 & 2 e.g. (2, c) which represent their 
salient similarities:

(1, b): Both entities have titles related to nature (1. p102 has 
title: cycle du feu, AND b. p102 has title: feuillages).

(R-2.1, R-a.1): Both entities belong to the contemporary 
music genre (2. ontology u12 has genre -> p1 is identified 
by: musique contemporaine, AND a. ontology u13 has 
casting -> p3 has note: orchestre de chambre).

Sample is taken from DoReMus

Reasoning EA



Cenliea+: Prompt & LLM Response

63

Prompt Response generated by Mistral7B

Entity 1 direct features:

1. p102 has title: cycle du feu,

2. p3 has note: le 17 décembre 1992 à l'espace de projection de,

Entity 2 direct features:

a. p3 has note: pour orchestre de chambre et projection audio-n,

b. p102 has title: feuillages,

Entity 1 neighbor's features:

R-1.1.  ontology u13 has casting ->  p3 has note: flûte, hautbois, clarinette 
en la, cor, trompet,

R-2.1.  ontology u12 has genre ->  p1 is identified by: musique 
contemporaine,

Entity 2 neighbor's features:

R-a.1.  ontology u13 has casting ->  p3 has note: orchestre de chambre,

Use numerical-alphabetical enumerators given in the prompt and give 
me tuples of features of entity 1 & 2 e.g. (2, c) which represent their 
salient similarities:

(1, b): Both entities have titles related to nature (1. p102 has 
title: cycle du feu, AND b. p102 has title: feuillages).

(R-2.1, R-a.1): Both entities belong to the contemporary 
music genre (2. ontology u12 has genre -> p1 is identified 
by: musique contemporaine, AND a. ontology u13 has 
casting -> p3 has note: orchestre de chambre).

Response Sanity Check 

Reasoning EA



Cenliea+: Prompt & LLM Response
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Prompt Response generated by Mistral7B

Entity 1 direct features:

1. p102 has title: cycle du feu,

2. p3 has note: le 17 décembre 1992 à l'espace de projection de,

Entity 2 direct features:

a. p3 has note: pour orchestre de chambre et projection audio-n,

b. p102 has title: feuillages,

Entity 1 neighbor's features:

R-1.1.  ontology u13 has casting ->  p3 has note: flûte, hautbois, clarinette 
en la, cor, trompet,

R-2.1.  ontology u12 has genre ->  p1 is identified by: musique 
contemporaine,

Entity 2 neighbor's features:

R-a.1.  ontology u13 has casting ->  p3 has note: orchestre de chambre,

Use numerical-alphabetical enumerators given in the prompt and give 
me tuples of features of entity 1 & 2 e.g. (2, c) which represent their 
salient similarities:

(1, b): Both entities have titles related to nature (1. p102 has 
title: cycle du feu, AND b. p102 has title: feuillages).

(R-2.1, R-a.1): Both entities belong to the contemporary 
music genre (2. ontology u12 has genre -> p1 is identified 
by: musique contemporaine, AND a. ontology u13 has 
casting -> p3 has note: orchestre de chambre).

✅(1, b)  →
Premise 1: 1. p102 has title: cycle du feu,

Hypothesis 1: b. p102 has title: feuillages,

Reasoning EA



Cenliea+: Prompt & LLM Response
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Prompt Response generated by Mistral7B

Entity 1 direct features:

1. p102 has title: cycle du feu,

2. p3 has note: le 17 décembre 1992 à l'espace de projection de,

Entity 2 direct features:

a. p3 has note: pour orchestre de chambre et projection audio-n,

b. p102 has title: feuillages,

Entity 1 neighbor's features:

R-1.1.  ontology u13 has casting ->  p3 has note: flûte, hautbois, clarinette 
en la, cor, trompet,

R-2.1.  ontology u12 has genre ->  p1 is identified by: musique 
contemporaine,

Entity 2 neighbor's features:

R-a.1.  ontology u13 has casting ->  p3 has note: orchestre de chambre,

Use numerical-alphabetical enumerators given in the prompt and give 
me tuples of features of entity 1 & 2 e.g. (2, c) which represent their 
salient similarities:

(1, b): Both entities have titles related to nature (1. p102 has 
title: cycle du feu, AND b. p102 has title: feuillages).

(R-2.1, R-a.1): Both entities belong to the contemporary 
music genre (2. ontology u12 has genre -> p1 is identified 
by: musique contemporaine, AND a. ontology u13 has 
casting -> p3 has note: orchestre de chambre).

✅(2, a)  →
Premise 2: 2. p3 has note: le 17 décembre 1992 à l'espace de projection de,

Hypothesis 2: a. p3 has note: pour orchestre de chambre et projection audio-n,

Reasoning EA



Cenliea+: Embedding and Aggregation
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NLI

768d

768d

Entity pair embedding vector

1D Mean Pool  (k=2, s=2) 1D Mean Pool   (k=2, s=2)

768d

384d

{ { { { { { { {

Concat

Premise 1
Premise 2

Hypothesis 1
Hypothesis 2

Average Average

768d

Reasoning EA



Cenliea+: EA Classifier
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Align

Non-Align

Reasoning EA



Experiments

68

Reasoning EA



Experiments: Comparing CENLIEA and CENLIEA+

69

Comparison between the performance of final binary classifiers in Cenliea and Cenliea+.
Note: Unseen datasets are evaluated using zero-shot inference.

Reasoning EA

Mixed: merged pairs from AgroLD, SPIMBENCH, and five OAEI KGTrack datasets.



Complementarity of Cenliea & Cenliea+

70

Performance of the Cenliea+ fallback strategy at different confidence thresholds on Cenliea.

Cenliea Confidence 
Threshold

Fallback 
Cases

Cenliea+ 
Correct

Cenliea 
Lost

Only-Cenliea+ 
Recoveries

Net 
Gain

Macro F1 on 
Mixed dataset

0.60 932 601 160 253 +93 0.9270

0.65 1 489 985 245 394 +149 0.9287

0.70 2 041 1 364 334 515 +181 0.9296

0.75 2 702 1 806 451 611 +160 0.9290

Reasoning EA



Experiments: Fine-Tuning (FT) 

71

Goal: Fine-Tuning the 
classifier on a proportion 
of unseen data

Reasoning EA



Experiments: Replay-Based FT

72

Pre-trained 
Classifier

Target Dataset 
(DBP15KZhEn subset)

Replay Memory 
(Train data subset)

Combine New + 
Replay samples

Incremental Training 
(partial fit + early 
stopping on F1)

Fine-Tuned Classifier

Result:
Fine-tuning on DBP15ZhEn boosts Cenliea’s recall by up to +60% on unseen datasets.

Reasoning EA



Replay-Based FT for Unseen/Partially-seen Domains

73

Average positive-class recall improvements from replay-based fine-tuning of 
Cenliea, across datasets.

Reasoning EA

Dataset Δ Recall (%)

DBP15ZhEn +60

DBP15KFrEn +66

DBP15KJaEn +60

DoReMus +20

Starwars–SWTOR +9

AgroLD –18



Experiments: Selected Baselines

74

We choose the following baselines for comparison:
● BERT-INT [6]
● i-Align [5]
● TEA [9]: Measures similarity (i.e. how much one entity’s 

information entails another’s) via MLM1 or NSP2.

1. MLM: Masked Language Modelling
2. NSP: Next Sentence Prediction

Reasoning EA



Experiments: Selected Baselines

75

We choose the following baselines for comparison:
● BERT-INT [6]
● i-Align [5]
● TEA [9]
● DAEA [10]: Transfer learning by choosing an enriched 

source dataset (e.g. DBP15K-FrEn) with a distribution similar 
to the real-world test data (e.g. AgroLD, DoReMus).

Reasoning EA



Experiments: Generalization across Datasets

76

Results (positive-class scores) on datasets comparing baselines with Cenliea and 
Cenliea+. We highlight the best and the second best recalls of each dataset.
* indicates result of the fine-tuned model on 30% of the data (Not a zero-shot inference).

Reasoning EA

Real-worldBenchmark



Experiments: LLM fine-tuning Framework

77

LLM fine-tuning framework using reinforcement learning. A reward model guides the adaptation of a 
pre-trained reference model into an instruct model by updating only a low-rank subset of parameters.

Contribution 2



Takeaways

78

● Cenliea outperforms baselines on real-world datasets.

● Unsupervised applicability of our pre-trained classifiers.

● Cenliea+ improves multilingual transfer.

● A need for a Meta-classifier for Cenliea ↔ Cenliea+ integration

Reasoning EA
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Conclusion

80

● Systematic evaluation → revealed generalization limits [27]
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● Systematic evaluation → revealed generalization limits

● Cenliea and Cenliea+ (NLI + LLM)→ Transferable & explainable across 
domains

● HMatch (hybrid embeddings + link keys) → Scalable & explainable 
alignments 

👉 Toward: EA systems that are scalable, explainable, and 
generalizable

Conclusion & Perspective
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● Toward continuous learning EA (dynamic, evolving KGs)
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● Toward continuous learning EA (incremental, evolving 

KGs)

● Confidence calibration for EA model’s self-updates
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● Toward continuous learning EA (incremental, evolving 

KGs)

● Confidence calibration for EA model’s self-updates

● Resource-efficient models (pruning, distillation, distributed)

Vision: autonomous, self-adaptive EA assistants for 

large-scale KG integration

Conclusion & Perspective
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Looking for R&D opportunities in:

● Applied AI / LLMs
● Knowledge Graphs & Data Engineering
● Scalable inference & fine-tuning (GPU / batching / pipelines)

I’m interested in:

● R&D projects
● Tech transfer & co-development
● Productized ML systems

Contact: 

Email: Ensiyeh.raoufi@umontpellier.fr

LinkedIn: https://www.linkedin.com/in/ensiyeh-raoufi/

Conclusion & Perspective

mailto:Ensiyeh.raoufi@umontpellier.fr
https://www.linkedin.com/in/ensiyeh-raoufi/


Thank you for listening.
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“Out beyond ideas of wrongdoing and 
rightdoing, There is a field. I'll meet you 
there.” 
Rumi
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