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About me

● Associate professor in Computer Science at INSA Lyon & LIRIS
● NLP, GIS, Digital Humanities

Ludovic Moncla

Current PhD students

● Alice Brenon (Feb. 2021-): Methods and tools for geographic discourse analysis

● Yassir Lairgi (Dec. 2023-): Large Language Models, Knowledge Graphs and Dynamic Graph 

Neural Networks for competitive intelligence (industrial CIFRE agreement)

● Antoine Taroni (Oct. 2024-): Interpretability of Large Language Models: towards a hybrid 

neuro-symbolic approach for the analysis of geographical discourse
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Summary of the talk

1. The GeoEDdA dataset: A Gold Standard Dataset for Geo-semantic Annotation
2. BERT fine-tuning for NER
3. Few-shot prompting for NER
4. Perspectives: Knowledge Graph construction using LLMs
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Summary of the talk

1. The GeoEDdA dataset: A Gold Standard Dataset for Geo-semantic Annotation
• collaborative work with D. Vigier & K. McDonough

2. BERT fine-tuning for NER
3. Few-shot prompting for NER
4. Perspectives: Knowledge Graph construction using LLMs
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A Gold Standard Dataset for Geo-semantic Annotation

Dataset

Introduction

• Diderot & d’Alembert, eds., Encyclopédie
• ARTFL Project (https://artfl-project.uchicago.edu/)

• 74,000 articles

• Propose a methodology for building a gold standard dataset for geo-semantic 

annotation
• Define an annotation schema that goes beyond standard NER

• Experiment an active learning method for assisted corpus construction

• Train a first span categorization model

Objectives
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https://artfl-project.uchicago.edu/


A Gold Standard Dataset for Geo-semantic Annotation

GLASCOW, Glarona, (Geog.) city of Scotland in the province 
of Clydale, with a famous university; it was formerly 
archi-episcopal: the cathedral still survives, & it is a beautiful 
piece of Architecture. Glascow is called the paradise of 
Scotland. There is a great deal of trade there, because of its 
port and harbour; it is on the Clyde, four leagues south-west 
of Dumbarton. W of Dumbarton, fourteen W of Edinburgh, six 
of Sterling, one hundred and fourteen N. W. of London. 
Longit. 13. 36. latit. 56. 20. [...]

https://artflsrv04.uchicago.edu/philologic4.7/encyclopedie0922/navigate/7/2213
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https://artflsrv04.uchicago.edu/philologic4.7/encyclopedie0922/navigate/7/2213


A Gold Standard Dataset for Geo-semantic Annotation

Structure: headword & domain-mark
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A Gold Standard Dataset for Geo-semantic Annotation

Spatial named entities (place names)
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A Gold Standard Dataset for Geo-semantic Annotation

Person named entities
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A Gold Standard Dataset for Geo-semantic Annotation

Named entities not classified as spatial or person (e.g. dates, objects, events, …)
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A Gold Standard Dataset for Geo-semantic Annotation

Spatial nominal mentions / geographic features
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A Gold Standard Dataset for Geo-semantic Annotation

Spatial relations
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A Gold Standard Dataset for Geo-semantic Annotation

Nested spatial named entities
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A Gold Standard Dataset for Geo-semantic Annotation

Geographic coordinates
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A Gold Standard Dataset for Geo-semantic Annotation

Person nominal mentions
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A Gold Standard Dataset for Geo-semantic Annotation

Nested person named entities
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A Gold Standard Dataset for Geo-semantic Annotation

Nested named entities (not classified as spatial or person)
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A Gold Standard Dataset for Geo-semantic Annotation
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A Gold Standard Dataset for Geo-semantic Annotation
Annotation schema
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Active learning for dataset labeling
Semi-automatic annotation

• First, manual annotation of few samples (around 40 paragraphs):

• Number of spans: NP-Spatial: 147, ENE-Spatial: 89, NC-Spatial: 72, Relation: 62, Latlong: 16, NP-Person: 16, 
NC-Person: 8, ENE-Person: 5, NP-Misc: 3, ENE-Misc: 2 

• Precision: 73.86, Recall: 58.56, F-score: 65.33 (on a very small test set)

• Then, the active learning loop:

• Train spaCy spancat model (with Prodigy)

• Evaluate model

• Correct predicted annotations on new

paragraphs

Prodigy web-interface for manual correction and validation 20



Active learning for dataset labeling
Output data format (JSONL)
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Active learning for dataset labeling
Gold standard

• 2,200 randomly selected paragraphs (from 2,001 entries)
• 147,778 tokens
• 25,087 annotated spans

Spans distribution 22



Active learning for dataset labeling
Prepare the dataset for machine learning

Distribution of spans across the datasets

• train / val / test split
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Moncla, L., Vigier, D., & McDonough, K. (2024). GeoEDdA: A Gold Standard Dataset for Named Entity Recognition 
and Span Categorization Annotations of Diderot & d'Alembert's Encyclopédie. Proceedings of the 2nd International 
Workshop on Geographic Information Extraction from Texts (GeoExT). Glasgow, Scotland.
https://huggingface.co/datasets/GEODE/GeoEDdA

https://huggingface.co/datasets/GEODE/GeoEDdA


Training a Span Categorization Model
spaCy custom spancat
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https://huggingface.co/GEODE/fr_spacy_custom_spancat_edda

Model performance by span (test set)

• spaCy span categorizer pipeline: suggester function and labeler model
• suggester: identifies potentially overlapping entities (i.e. spans)
• classifier: predicts zero or more labels for each span

Evaluation

https://huggingface.co/GEODE/fr_spacy_custom_spancat_edda


Summary of the talk

1. The GeoEDdA dataset: A Gold Standard Dataset for Geo-semantic Annotation
2. BERT fine-tuning for NER

• collaborative work with H. Zeghidi (Master’s intern)

3. Few-shot prompting for NER
4. Perspectives: Knowledge Graph construction using LLMs
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BERT fine-tuning for NER

● Scotland will be tagged as both NP-Spatial and ENE-Spatial

Multi-label span classification
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● Scotland will be tagged as NP-Spatial+ENE-Spatial

Single-label span classification (joint-label)

● Nested entities: overlapping spans (one token can have several tags) 



BERT fine-tuning for NER
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Nested entities (level 1 only, e.g., city of Scotland)

Multi-label Joint-label  



BERT fine-tuning for NER
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Nested entities (level 1 only, e.g., city of Scotland)

Nested entities (all levels, e.g., city of Scotland in the province of Clydale)

Multi-label Joint-label  

Multi-label Joint-label  



BERT fine-tuning for NER
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Nested entities (level 1 only, e.g., city of Scotland)

Nested entities (all levels, e.g., city of Scotland in the province of Clydale)

Multi-label Joint-label  

Multi-label Joint-label  



BERT fine-tuning for NER
With Nested Entities (only level 1)
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Multi-label Joint-label



BERT fine-tuning for NER
With Nested Entities (only level 1)
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Multi-label Joint-label



BERT fine-tuning for NER
With Nested Entities (only level 1)
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Multi-label Joint-label

● F1-score per class on validation set during training



BERT fine-tuning for NER
With Nested Entities (all levels)
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Multi-label Joint-label



BERT fine-tuning for NER
With Nested Entities (all levels)
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Multi-label Joint-label



BERT fine-tuning for NER
Without Nested Entities
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Validation (during training) Test

https://huggingface.co/GEODE/bert-base-french-cased-edda-ner

https://huggingface.co/GEODE/bert-base-french-cased-edda-ner


Comparison with other architectures



GliNER

● Generalist Model for NER using Bidirectional Transformer
● Zero-shot NER
● Not limited to a predefined set of entities
● Lighter than LLMs



Summary of the talk

1. The GeoEDdA dataset: A Gold Standard Dataset for Geo-semantic Annotation
2. BERT fine-tuning for NER
3. Few-shot prompting for NER

• collaborative work with H. Zeghidi (Master’s intern)

4. Perspectives: Knowledge Graph construction using LLMs
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Few-shot prompting for NER

Our proposal

Zeghidi, H. and Moncla, L. (2024). Evaluating Named Entity Recognition Using Few-Shot Prompting 
with Large Language Models. (preprint)
https://arxiv.org/abs/2408.15796
GitHub: https://github.com/GEODE-project/ner-llm
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● How effective are few-shot learning techniques with LLMs for performing NER tasks? 

● Evaluate few-shot prompting
● With predefined JSON-format output
● Experiment both span and token-based annotations

https://arxiv.org/abs/2408.15796
https://github.com/GEODE-project/ner-llm


Few-shot prompting for NER
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● A preliminary experiment reveals that LLMs struggle to accurately retrieve 
or calculate token or span positions from raw input text.

● Although the output format was correct, the generated position values 
were inaccurate, resembling hallucinations or random numbers rather 
than referring to actual token positions.

● We propose a solution that includes tokenization information, specifically, 
token position details for span detection, within the input data.



Few-shot prompting for NER
Prompt part 1: description of the task and tagset



Few-shot prompting for NER
Prompt part 2: example (input and output)

Example PIRANO entry from Diderot’s Encyclopédie: https://artflsrv04.uchicago.edu/philologic4.7/encyclopedie0922/navigate/12/2878

https://artflsrv04.uchicago.edu/philologic4.7/encyclopedie0922/navigate/12/2878


Few-shot prompting for NER
Prompt part 2: example (input and output)

Example PIRANO entry from Diderot’s Encyclopédie: https://artflsrv04.uchicago.edu/philologic4.7/encyclopedie0922/navigate/12/2878

https://artflsrv04.uchicago.edu/philologic4.7/encyclopedie0922/navigate/12/2878


Few-shot prompting for NER
Different types of errors

     GPT output Ground truth
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     GPT input



Few-shot prompting for NER
Different types of errors

     GPT output Ground truth

Entities not found
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     GPT input



Few-shot prompting for NER
Different types of errors

     GPT output Ground truth

Wrong boundaries
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     GPT input



Few-shot prompting for NER
Different types of errors

     GPT output Ground truth

Wrong classification
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     GPT input



Few-shot prompting for NER
Different types of errors

     GPT output Ground truth

Entities not found

Wrong classification

Wrong boundaries
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     GPT input



Few-shot prompting for NER

Token-basedSpan-based

Impact of the output format



Few-shot prompting for NER

• Unusual issues compared to traditional NER arise as the output format is more complex than at the token level. 

• The experiment confirmed the performance improvement between GPT versions:

• Using GPT-3.5, some answers do not refer to the input document but rather to the example from the prompt. 

• In very few cases, some answers do not strictly follow the predefined JSON output format and some token 

attributes may be missing (such as start, end, text, or label).

Span-based evaluation

Impact of the output format
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GPT-3.5 GPT-4o
Correct predicted spans (both boundaries and labels) 28% 49%

Partially correct (partial boundaries and correct labels) 13% 9%
Total 41% 58%



Few-shot prompting for NER

Token-based evaluation

OpenAI GPTs
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Zeghidi, H. and Moncla, L. (2024). Evaluating Named Entity Recognition Using Few-Shot Prompting 
with Large Language Models. (preprint)
https://arxiv.org/abs/2408.15796
GitHub: https://github.com/GEODE-project/ner-llm

https://arxiv.org/abs/2408.15796
https://github.com/GEODE-project/ner-llm


Few-shot prompting for NER

Token-based evaluation

OpenAI GPTs
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Few-shot prompting for NER

• Llama 3.1 - 8B (Meta), 
• Phi3 mini - 4k (Microsoft), 
• Gemma 2 - 9B (Google), 
• Mistral v0.2 - 7B (MistralAI), 
• Qwen 2 - 7B (Alibaba Group)

Experiments were conducted using LM Studio on two configurations: an Nvidia RTX 
3500 ADA GPU and an Apple M1 Max with 32GB of RAM.

• Some LLMs provide the correct JSON output syntax but don’t really understand 
the defined set of labels. 

• Others completely don’t understand the task and do anything or simply repeat the 
input sentence

What is the performance of “small” local LLMs
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LM Studio



Meta Llama 3.1 - 7B
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• Correct JSON output format
• Does not consider the tagset given in the prompt



Meta Llama 3.1 - 7B
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?

• Correct JSON output format
• Does not consider the tagset given in the prompt
• Hallucinations: find non-existing entities



Meta Llama 3.1 - 7B
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• Correct JSON output format
• Does not consider the tagset given in the prompt
• Hallucinations: find non-existing entities
• Translate from French to English
• Find several occurrences of the same entity



Meta Llama 3.1 - 7B
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• Correct JSON output format
• Does not consider the tagset given in the prompt
• Hallucinations: find non-existing entities
• Translate from French to English
• Find several occurrences of the same entity
• Random numbers for span positions



Meta Llama 3.1 - 7B
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• Correct JSON output format
• Does not consider the tagset given in the prompt
• Hallucinations: find non-existing entities
• Translate from French to English
• Find several occurrences of the same entity
• Random numbers for span positions



Meta Llama 3.1 - 7B
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• Correct JSON output format
• Does not consider the tagset given in the prompt
• Hallucinations: find non-existing entities
• Translate from French to English
• Find several occurrences of the same entity
• Random numbers for span positions



Qwen - 7B

• Correct JSON output format
• Does not consider the tagset given in the 

prompt
• Hallucinations: find non-existing entities
• Translate from French to English
• Find several occurrences of the same entity
• Random numbers for span positions
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Microsoft Phi 3 mini 4k 
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Google Gemma 2 - 9B
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Mistral 0.2 - 7B
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Summary of the talk

1. The GeoEDdA dataset: A Gold Standard Dataset for Geo-semantic Annotation
2. BERT fine-tuning for NER
3. Few-shot prompting for NER
4. Perspectives: Knowledge Graph construction using LLMs

• collaborative work with Y. Lairgi, R. Cazabet & K. Benabdeslem
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Knowledge Graph construction

Lyon est à six lieues N. O. de Vienne, vingt N. O. de 
Grenoble, vingt-huit S. O. de Genève, trente-six N. 
d’Avignon, quarante S. O. de Dijon, soixante N. O. de 
Turin, cent S. E. de Paris. Long. suivant Cassini, 22d. 
16′. 30″. lat. 45d. 45′. 20″. 

Vienne, (Géog. mod.)   ville de France, dans le 
Dauphiné, sur le bord oriental du Rhône, à 5 lieues au 
midi & au dessous de Lyon, à 15 au nord-ouest de 
Grenoble, & à 108 au sud-est de Paris. […] Long. 22. 
30. latit. 45. 33. 

Grenoble est sur l’Isere, à onze lieues S O. de Chambéri, 
quarante-deux N. O. de Turin, seize S. E. de Vienne, cent 
vingt-quatre S. O. de Paris. Long. suivant Harris, 23d. 31′. 
15″. suivant Cassini, 23d. 14′. 15″. latit 45d. 11′. 

DAUPHINÉ, (Géog. mod.)   province de France bornée à 
l’occident par le Rhône, au septentrion par le Rhône & la 
Savoie, au midi par la Provence, & à l’orient par les Alpes. 
Elle est arrosée par le Rhône, la Durance, l’Isere, & le 
Drame. […]. Elle se divise en haut & bas. Le haut comprend 
le Gresivaudan, le Briançonnois, l’Embrunois, le Gapançois, 
le Royannez, & les Baronies. Le bas contient le Valentinois, 
le Diois, & le Tricassinois. […]. Grenoble en est la capitale. 
Long. 20-29. lat. 43-46.

Lyon is located six leagues N. W. of Vienne, twenty N. W. of 
Grenoble, twenty-eight S. W. of Geneva, thirty-six N. of 
Avignon, forty S. W. of Dijon, sixty N. W. of Turin, one 
hundred S. E. of Paris. Long. following Cassini, 22d. 16′. 30″. 
lat. 45d. 45′. 20″.



Knowledge Graph construction using LLMs

Lairgi, Y. Moncla, L., Cazabet, R., Benabdeslem, K. & Cléau, P. (2024). iText2KG: Incremental Knowledge Graphs 
Construction Using Large Language Models. 25th International Conference on Web Information Systems 
Engineering (WISE 2024) Doha, Qatar. (Accepted)
https://arxiv.org/abs/2409.03284
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https://arxiv.org/abs/2409.03284


Thank you !

Ludovic Moncla

ludovic.moncla@insa-lyon.fr
-

https://ludovicmoncla.github.io

https://ludovicmoncla.github.io/

