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Les travaux pluridisciplinaires peuvent constituer une opportunité
=~ pour la recherche académique
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@ciad Plan de la présentation

solution stakeholder

1. Comment les projets pluridisciplinaires permettent de construire
des démarches génériques ?

Q" o Thématique Fouille de textes

3.

4. Quels sont les nouveaux défis pluridisciplinaires en particulier
dans les pays du Sud ?
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- Données : Annotation, diffusion et valorisation de corpus

- Meéthode : Pipeline et démarche générique
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scientific data

Corpus de segments

[Koptelov et al., Scientific Data 2023]

M) Check for updates
~

OPEN' A manvally annotated corpusin

patapescrirtor  French for the study of urbanization

and the natural risk prevention

Maksim Koptelov®%%*>, Margaux Holveck*, Bruno Cremilleux, Justine Reynaud?,
Mathieu Roche®**> & Maguelonne Teisseire?*

nature
portfolio

[=3 s f=3 '
Un cadre collaboratif unifié pour Fanalyse interactive de données temporelles

Hérelles ANR Project

(Université de Strasbourg, INRAE, Université d'Orléans, Université de Caen, AgroParisTech)

Aerellesy

Un cadre collaboratif unifié pour I'analyse interactive de données temporelles

y<

Territoire

Recherche Data Gouv > Université de Strasbourg > iCUBE - Science des Données et Connaissances - UMR 7357 > Hérelles ANR Project >

Segments textuels consolidés - Consolidated Textual Segments -

p ;
Hérelles Project
=zm

Holveck, Margaux; Koptelov, Maksim; Roche, Mathieu; Teisseire, Maguelonne, 2023, "Segments textuels

consolidés - Consolidated Textual Segments - Hérelles Project", https://doi.org/10.57745/XIVJ65, Recherche Data
Gouv, V5, UNF:6:9rR4WHi1boy TUSzj33aDfg== [fieUNF]

Land artificialization is a serious problem of civilization. Urban planning and natural risk management

are aimed to improve it. In France, these practices operate the Local Land Plans (PLU - Plan Local

Citer le jeu de
données

Pour en apprendre davantage sur le sujet, consulter le document
Data Citation Standards [en].

d’Urbanisme) and the Natural risk prevention plans (PPRn - Plan de Prévention des Risques naturels)

containing land use rules. To facilitate automatic extraction of the rules, we manually annotated a
number of those documents concerning Montpellier, a rapidly evolving agglomeration exposed to
natural risks. We defined a format for labeled examples in which each entry includes title and subtitle.

In addition, we proposed a hierarchical representation of class labels to generalize the use of our

. corpus. Our corpus, consisting of 1934 textual segments, each of which labeled by one of the 4 classes
: (Verifiable, Non-verifiable, Informative and Not pertinent) is the first corpus in the French language

: inthe fields of urban planning and natural risk management. Along with presenting the corpus, we

. tested a state-of-the-art approach for text classification to demonstrate its usability for automatic rule

: extraction.

1 1) Dans tous les secteurs :

1 autorisation, autres que celles visées a Iarticle 2 paragraphe 2).

i Les a l'industrie, & I et a la fonction d'entrepdt.
.. Les pylones et poteaux, d et g d ou de de
W signaux radioélectriques.

Les i pour la p de l'envi a oua

Les i i a I'habitat, au
que celles visées a l'article 2, paragraphe 2).

au bureau, a I'nébergement hotelier autres

paragraphe 2) et 3.

Vv Les constructions ou installations d'intérét collectif autres que celles visées a larticle 2,

2 mmnwmmmmm,mmwm
sanitaires du PLU :

Les occupations et utilisations autres que celles visées a |'article 2, paragraphe 3).

(English version below) L'un des objectifs du projet Hérelles est de trouver de nouveaux mécanismes
afin de faciliter 'étiquetage (ou sémantisation) des clusters issus des séries temporelles dimages
satellte. Pour y parveni, une solution proposée est d’associer des éléments textuels diintérét
(adéquation avec la thématique d’étude, et le périmétre spatio-temporel des séries temporelles) aux
données satelite. Ce jeu de donnée est une version consolidée du jeux de donnée *Segments
Textuels Hérelles". Il présente un corpus thématique récolté et annoté

ainsi que le code et les résultats d'une méthode dPextraction automatique des éléments textuels
dintérét. Il comprend les éléments suivants :

Description

Candidate segment

|
|

1st classification I

CamemBERT

Pertinent rule Not pertinent rule

ML approch (TF-IDF, SGD)

Strict rule Informative rule

.

| i Les occupations et utilisations autres que celles visées a I'article 2, paragraphe 4).

3rd classification |

Verifiable rule

Non-verifiable rule

(F1 score classe Vérifiable)

CamemBERT + augmentation des données

Modalités d'acct jeu de données

Contact Partager

Statistiques d'utilisation sur les jeux de
données

901 consultations
490 téléchargements

0 citation

F1 score 91%

Accuracy
pondérée 93%

Accuracy
pondérée
93%

Laugmentation améliore les résultats de 6 %
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MOnitoring Outbreaks for Disease
surveillance in a data science context

Horizon 2020 (2020-2024)

Partners: 14 mil, 25 partners, 13 countries

Targets: Health (PH/AH/OH) agencies in Europe
and epidemic intelligence practitioners

Northern Europe

[
PUBLIC HEALTH i Increase air T2
Finland (THL)
USERS co- -
CONSTRUCTION North-western Europe Decrease snowfall
| floodi
ke Public Health % Northwards species move/
Serbia (IPHS) /

Increase rainfall

Veterinary Health
France (ANSES)

Central and eastern Europe

h‘ Decrease rainfall

Increase air T2

A

Public Health
Spain (ISCIll)

Mountain areas

Increase air T2
\ *
*\ Decrease snowfall

3 ; e,
Public Health
Italy (1SS)

Mediterranean region

o
Increase air T2 h‘ Decrease rainfall
‘ Increase habitat suitable
Decrease biodiversit .
k y for disease vectors
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S [Valentin et al., Scientific Data 2022 nortfolio One Health

scientific data
OPEN Elaboration of a new framework
patapescriptor  fOr fine-grained epidemiological
-annotation

. SarahValentin»%**, Elena Arsevska®®, Aline Vilain®, Valérie De Waele®»’, Renaud Lancelot>*

& Mathieu Roche @ Annotation of epidemiological information in animal disease-
' related news articles: guidelines and manually labelled corpus

%Dataverse Search ~  UserGuide  Support  LogIn

AN UMR TETIS Teritoires, Envi Télédétection et Spatiale

(Univ Montpellier, AgroParisTech, CIRAD, CNRS, INRAE)

CIRAD Dataverse > UMR TETIS >

© Event-based surveillance (EBS) gathers information from a variety of data sources, including online

: news articles. Unlike the data from formal reporting, the EBS data are not structured, and their  version 30 |
Sl pl ion can i ic il If (EI) ities in terms of il human
 resources. Therefore, diverse EBS systems that automatically process (all or part of) the acquired N\, Valentin Sarah; De Wasle Valérie; Vilain Aline; Arsevska Elena; Lancelot Renaud; Roche Mathieu, 2019, Access Dataset ~
* nonstructured data from online news articles have been developed. These EBS systems (e.g., GPHIN, bt L injanimal/dl lated news articles: guidelines and manually Contact Owner Share
: HealthMap, MedISys, ProMED, PADI-web) can use annotated data to improve the surveillance systems. Isa_:sllsdez;%r;;sql,lhttszA/szo;orgﬁ0.18r1‘66/NDVN1/VGAKNB, CRADEEERE Y, U3
: This paper describes a fr k for the ion of epidemiological i ion in animal disease- A ECSSTeRE] Dataset Metrics ©
: related news articles. We provide annotation guidelines that are generic and applicable to both animal Cite Dataset ~ Learn about Data Gitation Standards. 111 Downloads @

and zoonotic infectious diseases, regardless of the pathogen involved or its mode of transmission
: (e.g., vector-borne, airborne, by contact). The fr k relies on the i ion of all the
: sentences from a news article. The the in a specific i ical
: context, corresponding to the publication date of the news article.

COI’pLIS ofsentences | e e e -2

* Resolving of disagreements from dataser 3 (annotator A)
* Re-annotation of dataset I and 2 (annotator A)
«  Aggregation ofall datasets

|

Event type

Old event [EE] Irrelevant
event
1
3

Information type

+ Third guidelines proposal (annotators A, B and C)
+ Annotation ofa third sample (dataser 3): 114 sentences {anuotators A, Band C)
*+ Agreement measurement

Second guidelines proposal (annotators A, B and C)

+  Annotation ofa 2" sample (dataset 2): 209 sentences (annotators A and B),
194 sentences (annotators C and D)

+ Evaluation (calculation of metrics, discussion about the disagreements)

Protective

Transmission
pathway

Descriptive

Distribution § and control
measures

epidemiology

4

+ First guidelines proposal (annotator A)

* Amnotation of a first sample {dataser I): 132 sentences (annotators A, B and C)
Economicand + Evaluation (calculation of metrics, discussion about the disagreements)
political

consequences

Concern and General

risk factors epidemiology

10
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Data in Brief

Volume 46, February 2023, 108870

ELSEVIER

Data Article

An annotated dataset for event-
based surveillance of antimicrobial
resistance

Nejat Arinik ® € &, Wim Van Bortel ¢ I, Bahdja Boudoua » © &, Luca Busani ¢ &
, Rémy Decoupes  © I, Roberto Interdonato ® ¢ I, Rodrique Kafando ¢ =
, Esther van Kleef f &, Mathieu Roche b ¢ X, Mehtab Alam Syed ® ¢ =i

, Maguelonne Teisseire CO =

HelveDisvs

sf*» HealthMap

mail

Program for Monitoring Emerging Diseases

[Arinik et al., Data in Brief 2023]

One Health

ELSEVIER

&

Data INRAE

(Institut national de recherche pour I'agricuture, I'alimentation et I'environnement)

Recherche Data Gouv > Data INRAE >

MOOD - News AMR dataset - Hackathon 2022

ARINIK Nejat; Van BORTEL Wim; BOUDOUA Bahdja; BUSANI Luca; DECOUPES Rémy; INTERDONATO Roberto; Modalités d'accés au jeu de données
Van KLEEF Ester; KAFANDO Rodrique; ROCHE Mathieu; SYED Mehtab Alam; TEISSEIRE, Maguelonne, 2022, &

“MOOD - News AMR dataset - Hackathon 2022", https//dol.org/10.57745/MPNSPH, Recherche Data Gouv, V4, GaniacH P
s UNF:6:20V0cR2WZrUwMnZK3L HeJw== [fieUNF]

Statistiques d'utilisation sur les jeux de

Citer le jeu de Pour en apprendre davantage sur e sujet, consulter lo document .
données ~ Data Citation Standards [en. Honnsas|
877 consultations.
Description This dataset has been collected from four Epidemiological Surveillance Systems (EBS) to be used in 313 téléchargements

an hackathon dedicated to AMR (antimicrobial resistance) for the MOOD summer school in June
2022. The choosen EBS sources are ProMED, PADI-web, Healthmap and MediSys. The collected
data are news dealing with epidemiological information or event. This dataset is composed of 4 sub-
datasets for each chosen EBS. Each sub-dataset s annotated according to 3 main classes (New
Information, General Information, Not Relevant). For each news labeled as New Information or
General Information, another annotation is provided concerning host classification with 7 classes
(Humans, Human-animal, Animals, Human-food, Food, Environment, and All. This second annotation
provided 4 sub-datasets.

0citation

“ Global Health, Local Information

-3 Hackathon corpus
s (AMR)

11



First step: Definition of classes
(Guideline) based on a sample of 25
news with 2-rounds of annotation.
Annotation done by 3 epidemiologists
(Esther van Kleef, Wim Van Bortel,
Luca Busani) and supervised by a
text-miner (Mathieu Roche)

Second Step: Annotation of
datasets by computer scientists (Nejat
Arinik, Mehtab Alam Syed,
Maguelonne Teisseire, Remy
Decoupes, Roberto interdonato) and
supervised by an epidemiologist
(Bahdja El Boudoua)

-1

—p

icda

Corpus de depéches

M@ @D

One Health

‘"M@ @D Uselful Tools/Libraries

Sci

spaCy

?llﬁrd nS Ge®Names
saseradvian)

B i - .
Stanford INLP matp' ‘t”b genSIm
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- Méthode : Pipeline et démarche générique
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PADI-web M@@D

[Valentin et al., One Health 2021] One Health
PADI-web Animal Health PADI-web Plant Health PADI-web Public Health
@) 0 ®
g N/, R
PAPlsen \/ \/ J/

@) 0o &
'%.d %-’gv »‘“”4
D O [

£\

D
—

Google News

Step 1: Data collection Step 2: Processing Step 3: Document classification  Step 5: Information ~ Step 6: Output
e Multlingual articles * Text cleaning « Step 3.1: Relevant/irrelevant extraction for end-users
* Llanguage detection documents + Disease * Visualisations
* Translation into + Step 3.2: Topic of documents  * Location * Notifications
English ¢ Host
Step 4: Sentence classification e  Symptom
+ Topic of sentences s etc.
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000000

~/ Only show article countries v Clusters Maximum article 500 s

number

Cuiabé P
o

* 1

- Mato Grosso
an Paraguoy do Sul

1. They announce the magnitude of the Avian Flu crisis in
Chile (ES)

2. Europe: fewer cases of bird flu in poultry, except seagulls
(EN)

3. Chile: Nearly 9,000 marine species hit by avian flu (FR)

4. Sernapesca confirms first case of Avian Influenza in

marine mammal in Aysén region (ES)

/ £

fPara .

_fParagyay /4
Paraguai

%

““_laRiojo B
Son Juan \ L Rio Grande

1 FRn. . LT

[Valentin et al., One Health 2021]

Alarm as HPAI kills almost 9,000 sea creatures in Chile

May 30,2023 - 8 Jun 23,2023 - [ Visit page Source: www.wattagnet.com

KEYWORDS >
CLASS LABELS >

<p>8lt;p&gtAlarm as HPAI kills almost 9,000 sea creatures in Chile&lt/p&gt;<br />&It;pagtOver 8,887 sea creatures have been recorded
dead on the Chilean coast so far this year due to infection with...

Bsee more

Source feed Avian Influenza Mammals (EN) i (RSS Feed)

CED wsrovouce o @)

Sernapesca confirms first case of Avian Influenza in
marine mammal in Aysén region

May 29,2023 - §§ Jul 27,2023 - [F Visit page Source: www.sernapesca.cl

KEYWORDS >
CLASS LABELS >

<p>8it;pagtSernapesca confirms first case of Avian Influenza in mari lin Aysén
there are 13 regions with confirmed cases of Avian Influenza ..

ith this finding,
Sentences

Bsee more.

Source feed Avian Influenza Mammals (ES) .- (RSS Feed)

Chile: Nearly 9,000 marine species hit by avian flu mashow source language (@)

May 25,2023 - 8 Dec 15, 2023 - (' Visit page Source: www.sciencesetavenir.fr

KEYWORDS >
CLASS LABELS >

<p>8lt;p&gtChile: Nearly 9,000 marine species hit by avian fluglty/p&gti<br />lt;p&gt;Nearly 9,000 sea lions, penguins, otters and small
o acamramia i et bosinming of e year el

B see more

15
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27 UNIVERSITE DE MONTPELLIER

PADI-web D O
7 Santé végétale
[Roche et al., CAISE 2024]

cirad A
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® >

One Health

France reports fi. oo cace cr vcccr v e cioe mvceen e *’

6 sept. 2019 - 29 sept. 2022 - [ Visiter la page Source: phys.org “5 S U RSY @
& |

MOTS-CLES > . N .
CLASSES v . Surveillance syndromique des plantes
Pertinence pour la veille épidémiologique végétale
Type de veil I
Reglementation @
Etats sanitaires et inter... [ou ) D objechfs ———
S IIt . . 2 PRI ) -

arvettiance o d + Détection précoce de nouvelles épidémies émergentes
Lutte . . 2 ~

ute @D + Détection précoce de nouvelles plantes hotes
Communication [ron ] . J
Risque epidemiologique, s... @ l
Methodes d'analyse et de ... [ron ] . o
Echelle genetique et mole... [ron ] / Meth0d0| 0g|e \

4 : Plant Health
Développer des approches de fouille Institute

de texte spécifiques a la veille

syndromique végétale (cas d’étude

B Voir plus européen et camerounais) mobilisant

des compétences pluridisciplinaires :

* Santé : Epidémiologie végétale et
animale

* Informatique : Fouille de texte,

\ Intelligence artificielle m.‘m:‘ E!:&‘:‘.?.:y
Random Forest: T
Accuracy at 0.79 (5-fold cross-validation process) Va'°"iat‘°"s

France reports first case of fatal olive tree bacteria French olive trees, slimilar to this one pictured in Italy, have been infected with a disease

Montpellier
called Xylella fastidiosa, a bacteria carried from .. -

Flux source Xylella Fastidiosa https;/hewsgoogle.com/hews/ss/search/section/a/. - (Flux RSS)

Platef d'extraction
automatisée d'infos sur
les maladies des

v v
RO B E RTa : Dataverse Cé,— \\\:p plantesmt‘;iunil du

Class Accuracy | Precision | Recall Publier le lexique EnriChirlﬂa Pl‘:’te_fl‘ljrme ZAD'—‘_WGb
avec un flux ‘veillle syndromique

Communication/popularization 0.85 0.84 0.85 &k {& corpus textue] des plantes’ (accés public)

Genetic and molecular scale 0.90 0.89 0.90 I |

Health statuses and interceptions 0.87 0.86 0.87

Fighting measures 0.85 0.84 0.85 . ‘ .

Methods of analysis and detection 0.97 0.96 0.97 Finalité

Reeulati 0.94 0.88 0.94 Aider les gestionnaires du risque et les acteurs de |a surveillance pour
egulation . : . réduire I'impact des épidémies en santé végétale (Europe, Cameroun)

Epidemiological, socio-economic and environmental risk | 0.96 0.95 0.96

Monitoring 0.89 0.80 0.89

16
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@ciad Plan de la présentation

2. Comment les thématiques peuvent engendrer de nouveaux
verrous scientifiques pour la fouille de textes ?

- Données : Données de spécialité

- Méthode : Production de nouveaux modeles

Thématique

V Fouille de textes

17
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Agriculture

Contents lists available at ScienceDirect

Data in Brief

FI SF,\/'I ER journal www.elsevier.

Data Article

Experimental variables in sugarcane )
intercropping in Reunion Island for data AR
matching

Sandrine Auzoux?®<, Billy Ngaba®<, Mathias Christina®,
Benjamin Heuclin®¢, Mathieu Roche?<*

2UR AIDA (Agroecology and sustainable intensification of annual crops), University of Montpellier, CIRAD, La
Réunion, France

YUMR TETIS (Land, Environment, Remote Sensing and Spatial ion), University of

CIRAD, CNRS, INRAE, Montpellier, France

French Agricultural Research for Development (CIRAD), France

R h iabl Candidate variables
TR R (i.e. AEGIS variable dictionary)

Yield CAS t.ha-1 )
Sugar CAS % \ Stem_cr0p_y!eld_dm_t.ha-1
IFTH stem_crop_yield_fm_t.ha-1
Rec globale plein stem_juice_crop_yield_l.ha-1
Rec globale R %
Rec globale IR %
Rec adv plein %
Rec adv R %
Rec adv IR %
Rec pds plein %
Rec pds R %

stem_plant_fm_kg
stem_soluble_sugar_content_%
stem_sugar_fm_content_%

Herbicide_application_frequence_index
—_ plant_rate_increase_ground_cover_%.d-1

0, — e
ggs 2:2 L?ecfd % S plant_ground_cover_%
Coviats weed % s plant_apex_height_cm

[Mecchour et al., EGC 2024]

18
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- Meéthode : Production de nouveaux modeles
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Prompt engineering

Zero-shot learning
CoT (chain of thought prompting / chaine de

Translate English to French: task description pensée) : Feed LLMS With the
cheese => rompt .
o step-by-step reasoning

One-shot learning

Translate English to French: task description Zero-shot-CoT : Let's think step by step before

sea otter => loutre de mer example each answer
cheese => prompt
Few-shot learni ng [1st prompt] [2nd prompt]
Reasoning Extraction Answer Extraction
wranslataknglésh: toskrench: task description Q: On average Joe throws 25 punches per Q: On average Joe throws 25 punches per
sea otter => loutre de mer examples minute. Afight lasts 5 rounds of 3 minutes. How | ____ | minute. Afightlasts 5 rounds of 3 - -
many punches did he throw? A: Let's think step by step.
peppermint => menthe poivrée A: Let's think step by step.
In one minute, Joe throws 25 punches. - - *In five
plush girafe => girafe peluche @ ,/> rounds, Joe throws 5 * 75 = 375 punches. .
LLM ] Therefore, the answer (arabic numerals) is
cheese => prompt ,’
2 , Y
/ LLM
In one minute, Joe throws 25 punches. !
In three minutes, Joe throws 3 * 25 = 75 punches. @
In five rounds, Joe throws 5 * 75 = 375 punches. [ 375. ]

[Kojima et al., NIPS 2022]

20
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Des modeles foisonnants

Claude-2|

LI_M LLaMA-2-Chat %\
Evol:bomry @ % ll_aMAn:EE E Claude] A
ree
2023
Aathrepic
2 E@@ ow-mh&m. Galactica [7,\} -
Bs S . =
BLOOM # . Les grands
s =L modéles de
B . b langues (LLM)
AT @ AG R3O0 sont fondés sur
& @ SEL ' (1) 8 des milliards de
: paramétres, la
G0 ol BERT en
ey | Ssl0 posséde 340
S GE/@U millions
s | —
rre| e3P P9 | &
: ‘ ! ]
3 — CE'& 8
\ it o
@\ e .
~__ K __ % L
T me
x
]
G

Source: https://github.com/ Mooler0410/LLMsPracticalGuide
21



¢ Agroécologie ' :
cirad,

[re— , Agriculture

P R ) ~ P i ~
1 1
: Matching variable names (Step 1) : Matching variable descriptions (Step 2)
N e e e = - - - 7 N e e e e e e = - - - - 7
[N\ [N\
A
TXT TXT
Variable names Variable descriptions Corpus
Replace underscores with spaces
O AgroPortal Parcourir  Alignements Recommandeur Annotateur Paysage
Preprocessing Preprocessing
(3 functions) (5 functions)

Corpus-based
similarity

{ String-based } [ Corpus-based ]

similarity OR similarity q

Bienvenue sur AgroPortal,

Le foyer des ontologies et des artefacts sémantiques
dans I'agroalimentaire et les domaines connexes.

Measure similarities

Measure similaritics Rechercher une ontologie ou un terme (par exemple, hauteur d»

Results ranking (From highest to lowest) == B

__________________________________________________ .
"1"____"?“;;. ____________________ I;L ______ |_:
1 :
ﬁ_inear funetion (= alpha * B + (1-alpha) * A)} E
- E
Measure similarities ]
Results ranking (From highest to lowest)
R o=
matched if at least one of the
three methods responds
correctly.
Method CMP@1 CMP@3 CMP@5 CMP@10
Jaro-Winkler Similarity 8.33% 17.86% 22.62% 30.95%
Overlap Coeflicient 8.33% 21.43% 32.14% 42.86%
Sorensen-Dice Index 2.38% 3.57% 3.57% 5.95%
Tversky Index 26.19% 32.14% 45.24% 60.71%
BERT-base (2 HLs) + cosine similarity 11.90% 28.57% 36.90% 53.57%

BERT-base (2 HLs) + Multi-Head attention (256 Hs, DT=0.1 and UDW) + cosine similarity 30.90%  40.33%  51.00% 64.69% 22
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LA RECHERCHE AGRONOMIQUE

POUR LE DEVELOPPEMENT

Données qui questionnent...

Comment mieux
comprendre la
securité
alimentaire et les
sentiments

Comment mieux
interpréter les
indicateurs
epidemiologiques

Food Packaging and Shel Life 15 (2018) 9-16

Contents lists available at ScienceDirect voon
eacdSR8

La toute jeune plateforme paysanne dinnovation du Lac Alaotra (Madagascar) a-t-elle un futur? Principaux résultats et

Food Packaging and Shelf Life
perspectives de a visite réalisée du 2 au 10 avril 2014

ELSEVIER journal homepage: www.elsevier.com/locate/fps|

Triomphe Bernard, Hoby. 2014. La toute jeune plateforme
paysarne dlenovaion du Lac Alsctra (Madagascar) -tlle n futur? Pcipaux résukat o perspecivesde a vikte éslisée
du'2 au 10 avril 2014. Montpellier : CIRAD, 30 p

Rapport de mission

Tough aliphatic-aromatic copolyester and chicken egg white flexible )
Unrsoion oumise 3 toristion de fauteur o du Ciad >iopolymer blend with bacteriostatic effects ==
Toarzes 18y | rbialaton

3oniface J. Tiimob®, Vijaya K. Rangari*, Gregory Mwinyelle”, Woubit Abdela”, Paul G. Evans®,
i Abbott’, Te amuel’. Shaik Jeelapi®

Résumé: Depuis la décision prise en novembre 2012 (lors de
Fassemblée paysanne) par les organisations paysannes du lac Aloatra
de construre une plateforme régonale pou valoriser et partager les

t permis de

Commencer s donnercoph b et e (1 dorafcoson
formation de 15 * champions " paysans e la plateforme, (2) collecte
selon un @
types (agriculture au sens large, pisciculture) auprés des membres de
diverses OF, et particuliérement celles membres de la confédération
VIFAM, (3) validation de 4 de ces innovations par les services
techniques de la DRDR, (4) publication de fiches individuelles
illutrées écrites en malgache sur les innovations validéss, et (5)

ABM on the

blend.
sence of distinct melting points, heterogeneous phase and vibrational fre-

visites d'échanges chez les innovateurs) durant lesquelles ces
Innovations ont été partagées entre paysans. Cela a eu lieu dans un
contexte difficile et incertain marqué par la fin simultanée & la

ITES (dar
wal 44 nibda) ot I narcictanca

Industries | Wed Jul 23, 2014 9:54am EDT Related: NON-CYCLICAL CONSUMER GOODS

Poland investigates suspected case of African swine
fever in farm pigs

WARSAW, JULY 23
Polish local authorities said on Wednesday that preliminary teste hava naintad tn 3 raca nf

African swine fever (ASF) among farm pigs in eastern Poland JOURNAI. DU CAMEROUN COM

'LE CAMEROUN DANS LE WEB

@«

The head of the Grodek county, Wieslaw Kulesza, told Reuter
P R R T T TR R RS TIPS ] POLITIQUE | ECONOMIE & BUSINESS ' SOCIETE ' SPORT ' CULTURE & LOISIRS SANTE DEBATS

weare Visite du ministére de I'élevage et de LS [P (S D (e 0
mats,w |a péche dans le cercle de Tominian
roane - L@ peste porcine africaine, une

officers MENace pour le développement re fois, les autorités’ 2 IWion ont demai
Amal aconomique

Par maliweb.net -1lya4mois ®x w0

- | trés résistarite
m - [ muniqué rendu public le jeudi 2

: La peste porcine fait des ravages dans I'extréme-nord

, le préfet du g0"Diamaré dans la

tréme-Nord du Camel ale ville est M andé a la population
inger la viande d it sui e épidemie sans précédent de peste
ina/DDAY Adane n? i 1l Réa auait afficiallomont
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Quelques défis :

Héterogénéité des données

- Langues vernaculaires vs. textes scientifiques [Barreaux & Besagni,
LREC 2020]

- etc.

Traitement d’objets des publications scientifiques :
- Théorémes [Mishra et al., JCDL 2024]

— Tableaux [Lentschat et al., ESWA 2022]

- etc.

Lien entre données textuelles et autres types de données :

- Représentation unifiée textes et images satellitaires [Neptune &
Mothe, CBMI 2023]

- efc.
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Fine-tuning
vs. approche RAG

(Retrieval Augmented Generation)

RAG

Input Indexing
2023 —>
,,,,,,,, Query |__._____ ==
—
' Documents —

How do you evaluate the fact
that OpenAl's CEO, Sam Altman,
went through a sudden dismissal

by the board in just three days,
and then was rehired by the

i company, resembling a real-life
i version of "Game of Thrones" in

Output

terms of power dynamics?

1 | ...l am unable to provide comments on
1 | future events. Currently, | do not have

! | any information regarding the dismissal
! | and rehiring of OpenAl's CEO

This suggests significant internal '
i | disagreements within OpenAl regarding! |
the company's future direction and

Please answer the above questions
based on the following information :

! Question : N

! Chunk 1: "Sam Altman Returns to

1 How do you evaluate the fact that the 1 ] &

| OpenAls CEO, . . dynamics? ! OpenAl as CEO, Silicon Valley Drama

! Resembles the Zhen Huan' Comedy" !

Chunk 2: "The Drama Concludes? Sam 1

strategic decisions. All of these twists g’h’ﬂt; : Altman to Return as CEO of Opend, |
! land turns reflect power struggles and S ! Board to Undergo Restructuring
corporate governance issues |

OpenAl

} and Who Lost?"

— Combine Context [
and Prompts

[Gao et al., arxiv 2024]

Chunk 3: “The Personnel Turmoil at
I OpenAl Comes to an End: Who Won

Fine-Tuning

F?V\e_—'tun]ng

Fine-tuned

[ =
Base Model Oﬂg: — Model
o

N

Small data

Source: https://medium.com/@prasadmahamulkar

RAG vs. Fine-Tuning

RAG

Increased Prompt Size

Model

Cost — input token size

Fine-tuning
Minimal

’\ Cost — output token size ~ More verbose, harder to steer  Precise, tuned for brevity
& Initial cost Low — creating embeddings High — fine-tuning
V Accuracy Effective Effective
New Knowledge If data is in context New skill in domain

[Balaguer et al.,

Model

Fine-tuned

Accuracy +RAG

Llama-2-chat 13B
Vicuna

GPT-4

Llama2 13B
GPT-4

\

75% +2%
79% +2%
80% +4%
77% +2%
86% +2%

76% +2%
72% +2%
75% +3%
68% +3%
81%+5%

arxiv 2024]
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textuels ?

Utiliser les descripteurs textuels pour expliquer

sémantisation spatiale

Data

Smmary of the danses
Varsble Resoluion Frequeney Soue Saing

e st [soeral values por yor: one vl pr omanane] (70 var)

Srothed bightnes mperate o T Nt Oceaaic 300 Vi
WD 114 var] Amospheric Adminisrston

ovoan)
Rl (14 vars] = Wan S

Mision (RS
venge i and maximn Eyry ot Wordcim =
temperstres 2 x 14 vars)

Ve pice 14 vars] o markes Tmon o5t e 4 G 1 Knesrest neighbonr
Stock de Sécurié limen i
)

onjuncural da fone vl per year, one vilue pr commune 20 vant

Neteorlogea da 17 vars] 10 satons Tyer Knoama platorm.
Popuiaton densty (4 vors] 0 Tyer Arpop
Eeemome doa 17 Counny e Wodd Bank Couny vale
Normalized dfsrence vegeaton 0w Tyer Nodis =
ndex 12 vos)
Spat daa e aie per commune] (13 vars]
o, school [2 vrs) Poin vecors £ Open sreet vip Gount
Vient events (4 vars] Poim vecors E Armed Conet Loestion & Event Coune
Dats Proect (AGLED)
ol quaby (3 vars] T pTy Food and Agrctare Ve
Organization FAO)
Weterveys 12 st Tine vesors o0e Digial Char of e WoRd (DO Coun. ngen

Eerton dat (2 var) T D Consuaive Group on Maximum, variance

Researh (CGIAR)

e R

PBurkina24

L’actualité du Burkina 24h/24

aso.net

Radiodiffusion

Télévision du
Burkina

3 YouTube

Process

[a]

 Time seates = 1STH [ =3 K10
o[ o|.%..
ik oara L=t G [

PREDICTION #3

[e]

Cimisiis Lol L5TH 12X

W) ETIO)|

o.»,

Centre

Hauts-Bassins

- vulnérabilité

rendement :
1égume

ériode de soudure
o :

mais g

sé(heresse

vulnerabl

e
] fruit | | jgpam! H
‘g sécuritéia ;mentalre 9
S : |agriculture | s rit 15
3 '::lus‘"st smalnutrition 2 malnutrltlon 3 ’"‘a,mm ahmenzalr!vu nérabilitét
£ i i :
(2BTLCULEULS. ¢ | canpagne sgricole § iRl
catast rophe *:z:::;;;;,a conflit, 5
s § migration | & i ¢
- =T e D prix Zimalnutri J,Qn
1n ri s
déplacencht secu te ma lnut rition | e % e
@ aefuresmmn incendie _source de revenu o P
¢/linond a t i on, | fmifo necier

période de sougure T

Que disent les descripteurs °

Agriculture

Output

FCS 2018 HDDS 2018

(real) ; 3 (real) =

4 -
L % Worst tercile
< Average tercile
Best tercile B
FCS 2018 HDDS 2018
(prediction)

(prediction)

[Deleglise et al. ESWA'2022]
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One Health

Utiliser les descripteurs textuels pour expliquer

svvpesiareag.

PADI-Web,,, PADI-Web, ,
Model Prec% Rec% F, % Prec% Rec% F,%
PubMedBERT 91.36 92.72 92.03 92.33 93.52 92.92
BioELECTRA 56.42 99.95 72.14 60.33 96.57 74.26
BERT 56.36 98.27 71.63 56.64 99.91 72.32
SciBERT 90.35 91.65 90.99 91.46 91.82 91.63
EpidBioBERT 90.95 92.95 91.93 92.33 93.28 92.8
EpidBioELECTRA 92.15 93.49 92.81 92.33 94.62 93.46 [M enya et a/ - ESWA 2024]
ClinicalBERT 89.09 91.65 90.99 89.96 90.82 90.38

[ morning
[ 24 hours
[ the morning
[ the evening

...the sardinia region is trying to get out of the nightmare represented by
african swine fever , just as the rest of italy is on alert. in all on the is-
land there are only three outbreaks in breeding and since 2019 there
have been no more cases in pigs illegally kept in the wild and while among
wild animals the - has no longer been found, the island tries to reap-
pear on the pork market beyond regional borders . the recent action of
councillor murgia the regional councillor of agriculture , gabriella murgia,
with the other colleagues of the  agricultural policies commission of the state

regions conference, met on 10 march...

- afternoon
[ hours

I the past 24 hours TIME
[ evening

B night

== 72 hours

= 5 few hours

== this morning

== the last 24 hours
== 48 hours

=== seconds

=== gvernight

—— the afternoon
=30 minutes

=== 10 minutes

=== hour

—2pm

—— early morning
—— theearly morning of
— 3 minutes

—— the early morning
—— the evening hours
—an hour

— 11 hours

irrelevant

relevant
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Utiliser les descripteurs textuels pour guider :

Masked Language Model

you has the highest probability ‘ you,they, your..

Output [CLS] | | how ‘ ‘ doing | today  [SEP]

P11

| BERT masked language model

R A R

Input [CLS] how are doing today @ [SEP]

Sélection des tokens peut étre

ciblee par :

- Des criteres statistiques
(confiance des algorithmes, TF-
IDF)

- Les entités nommeées extraites

[Gu et al. EMNLP 2020 ; Pergola et al. EACL 2021 ;
Belfathi et al. arxiv 2024]
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Utiliser les descripteurs textuels pour guider :

Masquage ciblé pour 'augmentation de

données
Masquage ciblé pour les modéles et des | | A
taches de reconnaissance d'entités O -
nommees {\o W
& (Semi-)automatic Extraction of Urban Planning Rules in French
&0 for Better Management of Land Artificialization

0\' ") Maksim Koptelov'2*® . Margaux Holveck* - Bruno Cremilleux' - Justine Reynaud' - Mathieu Roche®* -

Maguelonne Teisseire*

0\2\ Could KeyWord Masking Strategy o

OQ Improve Language Model? [Koptelov et al. SN 2025]

Mariya Borovikoval3®)®, Arnaud Ferré!®, Robert Bossyl®,
Mathieu Roche?*3@®), and Claire Nédellec!

! MaIAGE, Université Paris-Saclay, INRAE, Domaine de Vilvert, Em bee.d I ng CI ble Su r IeS termes alvec
e élongation pour I'analyse de sentiment

mariya.borovikova@universite-paris-saclay.fr
2 CIRAD, 34398 Montpellier, France
3 TETIS, Univ. Montpellier, AgroParisTech, CIRAD, CNRS, INRAE, Multimedia Tools and Applications
34090 Montpellier, France https://doi.org/10.1007/s11042-024-18786-9

®
[Borovikova et al. NLDB 2023]

Fusion of BERT embeddings and elongation-driven features

Abderrahim Rafae!® - Mohammed Erritali’ - Mathieu Roche?3

Received: 18 September 2023 / Revised: 3 February 2024 / Accepted: 25 February 2024
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2024

[Rafae et al. MTA 2024] 32
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NLP et Sud :

T ve rs d e houveaux dé fi S

Et les ressources peu dotées ?

AfricaNLP workshop at ICLR2023

ADAPTING TO THE LOW-RESOURCE DOUBLE-BIND:
INVESTIGATING LOW-COMPUTE METHODS ON LOW-
RESOURCE AFRICAN LANGUAGES

V#, Colin Leong!, Herumb Shandilya*, Bonaventure F. P. Dossou >34, Atnafu Lambebo Tonja®,
Joel Mathew®, Abdul-Hakeem Omotayo 7, Oreen Yousuf*, Zainab Akinjobi °,

Chris Chinenye Emezue %14, Shamsudeen Muhammad '°, Steven Kolawole !,

Younwoo Choi '2, Tosin Adewumi '?

*Masakhane NLP, 1University of Dayton, 2Center for Intelligent Machines, McGill University, 3Mila Quebec Al Institute,
4Lela\pa AT ®Instituto Politécnico Nacional, *USC Information Sciences Institute, 7University of California, Davis

$New Mexico State University, ° Technical University of Munich, **University of Porto, *'ML Collective,

2University of Toronto, **ML Group, Lule University of Technology,"*Lanfrica.

Afroasiatic

@ Nilo-Saharan

@ Niger-Congo
® Bantu

@ Khoisan
Indo-European

Austronesian

Language (ISO) Family Region Language Adapter Data NER Finetuning Data
Train Dev Train Dev Test
Amharic (amh) Afro-Asiatic-Ethio-Semitic ~ East 1037 899 1750 250 500
Fon (fon) Niger-Congo-Volta-Niger West 2637 1227 4343 621 1240
Hausa (hau) Afro-Asiatic-Chadic West 5865 1300 1903 2072 545
Igbo (ibo) Niger-Congo-Volta-Niger West 6998 1500 2233 319 638
Kinyarwanda (kin) Niger-Congo-Bantu East 1006 460 2110 301 604
Luganda (lug) Niger-Congo-Bantu East 4075 1500 2003 200 401
Nigerian-Pidgin (pcm)  English Creole West 4790 1484 2100 300 600
Swabhili (swa) Niger-Congo-Bantu East & Central 30782 1791 2104 300 602
Akan/Twi (twi) Niger-Congo-Kwa West 3337 1284 4240 605 1211
‘Wolof (wol) Niger-Congo-Senegambia ~ West 3360 1506 1871 267 536
Yorubé (yor) Niger-Congo-Volta-Niger West 6644 1544 2124 303 608
Zulu (zul) Niger-Congo-Bantu South 3500 1239 5848 836 1670

Table 1: Languages with ISO 639-2 Code. Language adapter training data was taken from the
MAFAND dataset. NER fine-tuning and Evaluation data was taken from the MasakhaNER and

MasakhaNER 2.0 datasets.

[Leong et al. AfricaNLP 2023]
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NLP et Sud :
Vers de nouveaux deéfis

Et les ressources peu dotées ?

Cheetah™"’: Natural Language Generation for 517 African Languages

Ife Adebaraé* AbdelRahim Elmadany’* Muhammad Abdul-Mageed$2*

€The University of British Columbia

OCMBZUAI  * Invertible AI

{ife.adebara, a.elmadany,muhammad.mageed}@ubc.ca

Afroasiatic

@ Nilo-Saharan

@ Niger-Congo
® Bantu

@ Khoisan
Indo-European

Austronesian

Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 12798-12823
August 11-16, 2024 ©2024 Association for Computational Linguistics

Category LM Lang/Total  African Languages Families

MBART 3/50 afr, swh, yor. 2

Multilingual MTO 14/101 afr, amh, hau, ibo, lin, mlg, nyj, orm, sot, 4

sna, som, swh, xho, yor, and zul

MT5 12/101 afr, amh, nya, hau, ibo, mlg, sna, som, swh, xho, yor, and zul 3

AfriVeTa 10/10 gaz, amh, Gahuza, hau, ibo, pcm, som, swa, tir, and yor. 3

AfriMT5 17/17 bam, bbj, ewe, fon, hau, ibo, lug, luo, pcm, mos, swa, tsn, twi, wol, yor, zul. 3

African AfriByT5 1717 bam, bbj, ewe, fon, hau, ibo, lug, luo, pcm, mos, swa, tsn, twi, wol, yor, zul. 3
AfriMBART 1717 afr, amh, nya, hau, orm, som, swh, xho. 3
Cheetah & 517/517 Includes 517 African languages. 14

Table 1: Comparing with available encoder-decoder models with African languages represented. Lang/Total.
describe the number of African languages comparing with the covered languages in the pretrained language models.

Families. describes the number of covered language families.

AfroNLG, a multi-lingual, multi-task benchmark:

Cloze Test

Machine Translation
Paraphrase
Question Answering
Summarization

Title generation

[Adebara et al. EMNLP 2024]
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Quelques défis

Données écrites sous-représentées

Données hétérogenes

Traitement de domaine de specialité complexe avec
de nombreux dialectes a considerer

Biais de la collecte et de la sémantisation

‘Meti
‘ irad re
s Vers de nouveaux défis

-
ey

x | Halong Bay

# Ninh Binh

ws VIETNAM
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Et les biais ?
- Biais liés aux méthodes

[Dirk & Prabhumoye, Language d’augmentation

8 ® and Linguistics 2021]
Hnnotation [Decoupes et al. Journal IDA 2024]

3 roseni
<o - Biais des modéles sur le
N’ _

Da-ta Input Representation I\%s VO|et Spatlal

©) 1

- t - @ [Decoupes et al. DS 2024]
[ N ) PROI:J/HS%B mmAMmAME c
MMM () oo : e
Selection adamire osa arks

Quelques défis
- Explicabilité

- Modéles et frugalité Llama

- Détection de biais des modéles

& deepsecek

400 milliards de 600 milliards de
parameétres parametres
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