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Projets en cours

● ANR
○ CoST (Porteur - 2 WP)
○ MEERQAT (1 WP)
○ LawBot (1WP)

● Contrats CIFRE
○ Renault
○ Synapse

● Participation projets EU



Thèses

● Lila Boualili (IR)
● Luis Lugo (User IR)
● Raphaël Sourty (KB)
● Nicolas Bizzozzero (User IR)
● Jesus Lovon Melgarejo (KB)
● Maxime Arens (Conversational IR)
● Alexis Dusart (Social IR)
● Nazish Hina (IR)
● Encadrants:

○ 2 PR et 4 MCF (75% de l’équipe)



Sujets

● DL pour la recherche d’information
○ Modèles de recherche d’information
○ Représentation des comportements utilisateurs des moteurs de recherche

● DL pour la représentation des informations structurées
○ Représentation de bases des connaissances
○ Intégration des informations textuelles dans des bases de connaissances 

● DL pour l’extraction d’information
○ Détection d’événements dans des documents textuelles
○ Identification des entités et liaison vers une base de connaissances 



Publications et pépites

● Des publications (depuis 2019) dans des conférences/revues phares en RI et 
TAL (A+, A)

○ SIGIR, ACL, ACMTOIS, ECIR, COLING, CoNLL, SAC,
● 2 papiers longs + 1 papier court présentés à ECIR2021 sur des thématiques 

DL (7% de papiers longs à ECIR avec 1 auteur IRIS)
● Publication en code source ouvert 

○ https://github.com/raphaelsty/mkb (43 étoiles)
○ https://github.com/BOUALILILila/markers_bert (16 étoiles)
○ https://github.com/BOUALILILila/ExactMatchMarking (2 étoiles)
○ https://github.com/lelugom/search
○ https://github.com/Houssam93/Feature-Focus-in-Multi-Task-Learning-NLP

https://github.com/raphaelsty/mkb
https://github.com/BOUALILILila/markers_bert
https://github.com/BOUALILILila/ExactMatchMarking
https://github.com/lelugom/search
https://github.com/Houssam93/Feature-Focus-in-Multi-Task-Learning-NLP


Background (two works)



BERT

● One model to rule them all!

● Original
○ base - 110M
○ large - 330M
○ multilingual

● Language specific modes
○ FR - CamemBERT, FleuBERT
○ DE - dbmdz, deepset

● Large and public available models
● Fine-tuning is a classical transfer 

knowledge strategy



Addressed problems

● Information retrieval (reranking)
○ Passage retrieval
○ Ad-hoc retrieval ● Information extraction

○ Named entity recognition

iphone



DL pour la recherche d’information



Context

● Context
○ Passage ranking task
○ BERT Pre-trained Language Model
○ Exact term-matching signals integration

● BERT manages to “correctly” model the semantic similarity, but search is not 
only semantic matching

○ Exact terms is a strong signal in IR but BERT fails to model it
○ Research Question

■ Can we introduce exact term-matching signals on BERT? May it help to improve its 
performance?



Methodology

● Base Model
○ We use Nogueira et al. model as our starting point
○ A single classification layer is added on top of BERT to perform pointwise classification 



Methodology

● MarkedBERT
○ We use a simple marking technique to augment the model’s input sequence with marker 

tokens to highlight exact term-matches in the query-passage pair
○ Standard input :

■ Query = “ghost meaning urban”
■ Passage = “ghost town an urban area with a fixed boundary that is smaller than a city…”

○ Input sequence:
■ [[CLS], ghost, meaning, urban, [SEP], ghost, town, an, urban, area, with, a, fixed, 

boundary,that, is, smaller, than, a, city,…, [SEP]]
○ Augmented input sequence:

■ [[CLS], ghost, meaning, urban, [SEP], [e1], ghost, [\e1], town, an, [e2], urban, [\e2], 
area, with, a, fixed, boundary,that, is, smaller, than, a, city,…, [SEP]]



Experimental Setup

● Dataset
○ MsMarco (https://microsoft.github.io/msmarco/)
○ A large-scale dataset obtained from no less than half a million queries sampled from Bing’s 

search query logs
○ Each query has sparse relevance judgments by human editors
○ The passage ranking set contains 8.8M passages

● BERT configuration
○ BERT-base (12 layers, 768 hidden size, 12 heads, 110M parameters)

● Ranking pipeline
○ We use a two-stage ranking pipeline:

■ BM25 to produce an initial list of the top-1000 candidate passages per query
■ Base Model and MarkedBert are used to re-rank the candidate passages

https://microsoft.github.io/msmarco/


Results on the dev set

● Both BERT-based models outperform traditional baselines by large margins
● MarkedBERT significantly outperforms the Base Model by about 9%



More IR datasets

● We also successfully demonstrate the power of MarkedBERT (Sim-Pair) on 
traditional ad-hoc IR datasets (competitive results w.r.t. SoTA)
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Take-away messages

● Exact term matching highlight can benefit state-of-the-art passage 
reranking model based on BERT

● Introducing marker tokens to the input sequence induces more focus on the 
exact matched terms considered important for relevance matching

● Augmenting the input sequence with marker tokens can be used to highlight 
different terms and provide BERT-like models with additional information 
to better accomplish other tasks

https://github.com/BOUALILILila/markers_bert

https://github.com/BOUALILILila/markers_bert


DL pour l’extraction d’information



NER in Historical Documents

● Named Entity Recognition (NER):
○ Identifies the named entities and classifies them under various 

predefined classes
● Digitization errors:

○ damaged documents, low quality scans, historic fonts 
○ spelling or orthographical variants, inflected forms

● Segmentation format:
○ line-level or article-level

● Multilingualism:
○ English, French, German

https://gallica.bnf.fr/

https://gallica.bnf.fr/


Major Challenge

● Despite the adoption of BERT-based models, these models struggle to adapt 
to new content (historical documents)



A straightforward solution: Preprocessing

● An example of a French instance from the training data

○ line-level context would have been too short to grasp
○ reconstructed the original text, including hyphenated words
○ Freeling 4.1 (Padró and Stanilovsky, 2012)



Our robust NER model

● BERT-based model with additional 
Transformers

○ stack of identical layers
■ multi-head self-attention mechanism
■ position-wise fully connected 

feed-forward network
● Our hypothesis is that extra layers will add 

enough flexibility to the model to adapt to 
new content 



Existing Datasets

● HIPE Dataset 
○ high-level entity types, Person, Location, Organization, Product, and Time.
○ CLEF 2020 Evaluation Lab HIPE challenge (Ehrmann et al., 2020)
○ German articles (1790-1940) and French articles (1790-2010)

● Our dataset 
○ high-level entity types, Person, Location, Organization, and Product.
○ historical newspapers in French (1814-1944) and German (1845-1945)
○ IAA scores: 0.90 for French and 0.91 for German

https://zenodo.org/record/4573313#.YN2nMYNfjdE 

https://zenodo.org/record/4573313#.YN2nMYNfjdE


Baselines

● German
○ BiLSTM-CNN: FastText embeddings
○ BiLSTM-CNN (transfer learning): FastText embeddings + de-GermEval (German Wikipedia 

and News Corpora)
○ bert-base-german-europeana

● French
○ BiLSTM-CNN: FastText embeddings
○ BiLSTM-CNN (transfer learning): FastText embeddings + fr-WikiNER (French Wikipedia)
○ camembert-large



Results on two multilingual datasets (FR,DE)

We ranked 
top-1 in the 
CLEF2020 
task!



Take-away messages

● n×Transformer: increase the ability 
of the architecture to better model 
long-range contexts and historical 
documents specificities

● BERT-alone has unbalanced 
attention to misspelled or 
corrupted words when the most 
informative words contain such 
errors

● The approach does not degrade 
the results for modern datasets**

An example of NER predictions



Questions



Per Query Type Analysis

● Classify queries based on the lexical answer type using a rule-based classifier 
(https://github.com/superscriptjs/qtypes) 

● MarkedBERT performs better than the Base Model across all query answer types
● Exact term-matching highlight benefits the most the numerical answer type queries (NUM)
● Slight deterioration of the abbreviation answer type queries compared to the Base Model (ABBR)

https://github.com/superscriptjs/qtypes

