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Linguistic Variation
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¥ How do LLMs learn to model
linguistic variation ?

¥ =! How do LLMs
generalize to this linguistic
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¥ =! How equitable ?
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Variability at Multiple Levels

¥ morphological: competition between afÞxes
¥ intralinguistic: dialectal variation
¥ interlinguistic: code-switching

¥ =! compute the probability of each variant

¥ LLM generalization vs.
memorization?

¥ cross-lingual transfer learning ?

¥ how to steer variability ?

¥ language theory (rule
or analogy?)

¥ related to model
calibration
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Linguistic Variability and Calibration
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¥ Poorly calibrated model =! ampliÞes dataset bias

¥ Should we regularize training? " logP! (xt |x< t) + ! #" #
¥ Adapt the temperature of the posterior distribution?

logP! (xt |x< t) $ S! (xt |x< t )
"

4



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Linguistic Variability and Calibration

�)�U�D�Q�o�D�L�V���V�W�D�Q�G�D�U�G������������

�)�U�D�Q�o�D�L�V��
�L�Y�R�L�U�L�H�Q������������

�(�Q�W�U�D�v�Q�H�P�H�Q�W��
�/�/�0

�)�U�D�Q�o�D�L�V���V�W�D�Q�G�D�U�G������������

�)�U�D�Q�o�D�L�V��
�L�Y�R�L�U�L�H�Q��
����������

�'�L�V�W�U�L�E�X�W�L�R�Q���H�Q�W�U�D�v�Q�H�P�H�Q�W�'�L�V�W�U�L�E�X�W�L�R�Q���p�F�K�D�Q�W�L�O�O�R�Q�Q�p�H

¥ Poorly calibrated model =! ampliÞes dataset bias
¥ Should we regularize training? " logP! (xt |x< t) + ! #" #
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logP! (xt |x< t) $ S! (xt |x< t )
"
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Steering Linguistic Variability

�(�Q�W�U�«�H�b

�3�D�U�D�P�ª�W�U�H�V�b

�'�«�F�R�G�D�J�H

How to steer variability in
texts decoded from LLMs?

¥ Modify the input: In-Context Learning
examples (x!, y!): risk of
over-reliance on the few given
examples

¥ Fitting model parameters: risk of
overÞtting, catastrophic forgetting

¥ Decoding:

¥ Weight P! with a classiÞer score
(language variety detection)

¥ Formal constraints (inclusive
French)

5



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Steering Linguistic Variability

�(�Q�W�U�«�H�b

�3�D�U�D�P�ª�W�U�H�V�b

�'�«�F�R�G�D�J�H

How to steer variability in
texts decoded from LLMs?

¥ Modify the input: In-Context Learning
examples (x!, y!): risk of
over-reliance on the few given
examples

¥ Fitting model parameters: risk of
overÞtting, catastrophic forgetting

¥ Decoding:

¥ Weight P! with a classiÞer score
(language variety detection)

¥ Formal constraints (inclusive
French)

5



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Steering Linguistic Variability

�(�Q�W�U�«�H�b

�3�D�U�D�P�ª�W�U�H�V�b

�'�«�F�R�G�D�J�H

How to steer variability in
texts decoded from LLMs?

¥ Modify the input: In-Context Learning
examples (x!, y!): risk of
over-reliance on the few given
examples

¥ Fitting model parameters: risk of
overÞtting, catastrophic forgetting

¥ Decoding:

¥ Weight P! with a classiÞer score
(language variety detection)

¥ Formal constraints (inclusive
French)

5



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Steering Linguistic Variability

�(�Q�W�U�«�H�b

�3�D�U�D�P�ª�W�U�H�V�b

�'�«�F�R�G�D�J�H

How to steer variability in
texts decoded from LLMs?

¥ Modify the input: In-Context Learning
examples (x!, y!): risk of
over-reliance on the few given
examples

¥ Fitting model parameters: risk of
overÞtting, catastrophic forgetting

¥ Decoding:

¥ Weight P! with a classiÞer score
(language variety detection)

¥ Formal constraints (inclusive
French)

5



Morphological Variability



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Morphological Variability

�/�D�Q�J�X�D�J�H���0�R�G�H�O

�B�P�D�Q ����������

�B�Z�R�P�D�Q�������b��

�B�V�W�X�G�H�Q�W�������b��

�B�V�H�O�I�L�V�K�������b��

�Q �Q

�B�Z�X�J �������b��

�B�Z�H�Q�W�������b��

�B�D�Q�G �������b��

�B�R�U �������b��

�Q�H�V�V �������b��

�B�P�D�Q �������b��

�Q �Q

�L�W�\ �������b��

�B�O�R�U�H�P�������b��

�B�P�D�Q ����������

�B�Z�R�P�D�Q�������b��

�B�V�W�X�G�H�Q�W�������b��

�B�V�H�O�I�L�V�K�������b��

�Q �Q

�B�Z�X�J �������b��

�B�Z�H�Q�W�������b��

�B�R�U �������b��

�B�D�Q�G �������b��

�B�L�V �������b��

�Q �Q

�Q�H�V�V �������b��

�L�W�\ �������b��

�B�O�R�U�H�P����������

�7�U�D�L�Q�L�Q�J�����P�D�[�L�P�L�]�L�Q�J

�7�R�S���.

�,�Q�I�H�U�H�Q�F�H�����V�D�P�S�O�L�Q�J���I�U�R�P

�B�7�K�H �B�V�H�O�I�L�V�K

�/�D�Q�J�X�D�J�H���0�R�G�H�O

�B�7�K�H �B�Z�X�J

Competition between the sufÞxes-ity and -ness

¥ Pseudo word (wug) =! measures generalization
¥ Comparison with human judgments
¥ Comparison with a cognitively plausible model (GCM)
¥ What is the impact of tokenization?
¥ Same results for preÞxation and sufÞxation?
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Neologisms in ScientiÞc Research (COLING 2025a)

�/�D�U�J�H�� �O�D�Q�J�X�D�J�H�� �P�R�G�H�O�V� � � ��/�/�0�V���� �K�D�Y�H�� �E�H�H�Q��
�V�K�R�Z�Q�� �W�R�� �E�H�� �D�E�O�H�� �W�R�� �S�H�U�I�R�U�P�� �Q�H�Z�� �W�D�V�N�V�� �E�D�V�H�G��
�R�Q�� �D�� �I�H�Z�� �G�H�P�R�Q�V�W�U�D�W�L�R�Q�V�� �R�U�� �Q�D�W�X�U�D�O�� �O�D�Q�J�X�D�J�H��
�L�Q�V�W�U�X�F�W�L�R�Q�V�����>�������@���:�H���I�L�Q�G���W�K�D�W���%�/�2�2�0���D�F�K�L�H�Y�H�V��
�F�R�P�S�H�W�L�W�L�Y�H�� �S�H�U�I�R�U�P�D�Q�F�H�� �R�Q�� �D�� �Z�L�G�H�� �Y�D�U�L�H�W�\�� �R�I��
�E�H�Q�F�K�P�D�U�N�V���� �Z�L�W�K�� �V�W�U�R�Q�J�H�U�� �U�H�V�X�O�W�V�� �D�I�W�H�U��
�X�Q�G�H�U�J�R�L�Q�J���P�X�O�W�L�W�D�V�N���������S�U�R�P�S�W�H�G�����������I�L�Q�H�W�X�Q�L�Q�J��

�J�U�D�Q�G�V���P�R�G�q�O�H�V���G�H���O�D�Q�J�X�H

�P�X�O�W�L���W�k�F�K�H�V�D�P�R�U�F�p�D�M�X�V�W�H�P�H�Q�W

Disseminating knowledge to non-English speakers (e.g. higher
education, general public) =! translating these neologisms

Worst results for preÞxation vs. sufÞxation
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AfÞxation et Byte Pair Encoding (BPE) (COLING 2025b)

��������������������������������������������
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��������������������������������������������

��������������������������������������������

��������������������������������������������

�8�1
�I�R�O�O�R�Z

�*�5�(�$�7
�H�U

�Q�H�V�V

���������� ���M�����	 ��������������
���E���Y�W�I�V���S�J���X�M�O�X�S�O��

������������ ���@�M
���X�M�O�X�S�O�I�V��

�0�0�1

���� ���A�J�G�G�J�R������ ��������������
���Y�R�J�S�P�P�S�[���S�R���X�M�O�X�S�O��

���� ���O�D�F�O�J�F
���Y�R�X�M�O�X�S�O��

�0�0�1 �4�V�I�Ö�\�E�X�M�S�R

�7�Y�J�J�M�\�E�X�M�S�R

Do LLMs have the same morphological
competence for preÞxation and sufÞxation?

¥ We focus on BPE, now widely adopted (GPT-4, Llama-3,
Gemma...)

¥ The problem is identical for all sub-word tokenizers (Unigram,
WordPiece...)

¥ Tokenization must be reversible!
"".join(tokens).replace("_", " ")
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AfÞxation et Byte Pair Encoding (BPE) (COLING 2025b)
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¥ We focus on BPE, now widely adopted (GPT-4, Llama-3,
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¥ The problem is identical for all sub-word tokenizers (Unigram,
WordPiece...)

¥ Tokenization must be reversible!
"".join(tokens).replace("_", " ")
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PreÞxation vs. SufÞxation

Other languages (in red) also preÞx for inßection (Dryer, 2013)
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Controlled Datasets

Lang. AfÞx DeÞnition Example

EN un- Not <base> unlightfast
FR in- Qui nÕest pas <base> indŽmontable

EN -ly In a <base> manner lightfastly
FR -ment DÕune mani•re <base> dŽmontablement

Negative PreÞxations and Adverbial SufÞxations on adjectives
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BPE vs. Morphological Segmentation

¥ BPE Segmentation:
pluvial PLUV ial
unpluvial UN pl uv ial
lightfast LIGHT fast

=! unlightfast UN light fast

¥ Morphological Segmentation: space separate the afÞx:
pluvial PLUV ial
un pluvial UN PLUV ial
lightfast LIGHT fast

=! un lightfast UN LIGHT fast
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In-Context Learning (ICL) Examples

¥ Random sampling: ÒIn a pluvial manner deÞnes the term :
pluvially ### Not lightfast deÞnes the term :ÓÕ

¥ Morphological sampling: ÒNot pluvial deÞnes the term: unpluvial
### Not lightfast deÞnes the term :Ó

12
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Controlled Datasets

Dataset Base PreÞxation SufÞxation

ADJ-FR dŽmontable indŽmontable dŽmontablement
ADJ-EN lightfast unlightfast lightfastly
PSEUDO-FR gŽniable ingŽniable gŽniablement
PSEUDO-EN orionful unorionful orionfully

¥ ADJ, attested adjectives from MorphyNet/Wiktionary (Batsuren
et al., 2021)

¥ ADJ-FR = 2 313 adjectival bases, (4 626 derivatives);
ADJ-EN = 14 455 bases

¥ PSEUDO, pseudowords generated with UniPseudo (New et al.,
2024)

¥ PSEUDO-FR = 8 507 bases; PSEUDO-EN = 29 177 bases
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Models

¥ Llama-2: English-centric (50% EN, 0.1% FR): 7.0 billion
parameters

¥ CroissantLLM: bilingual LLM (50% EN, 50% FR): 1.3 billion
parameters

¥ BLOOM: multilingual LLM (46 languages including 30% EN, 13%
FR)

¥ 560 million parameters
¥ 1.1 billion parameters
¥ 3.0 billion parameters
¥ 7.1 billion parameters
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ÒLikelyÓ is more likely than ÒUnlikeÓ

15



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

ÒLikelyÓ is more likely than ÒUnlikeÓ

SufÞxes > preÞxes (e.g. 26.2 preÞxes vs. 56,0 sufÞxes, with
BLOOM-7,1G on ADJ-FR)
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ÒLikelyÓ is more likely than ÒUnlikeÓ

Errors: ÒincgrandioseÓ, Òin-oniriqueÓ, or ÒincognitiveÓ
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ÒLikelyÓ is more likely than ÒUnlikeÓ

PreÞxes are sensitive to ICL examples (orange vs. green)

15
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ÒLikelyÓ is more likely than ÒUnlikeÓ

Morphological Segmentation =! near-perfect performance for all
models (regardless of their size, while BLOOM-560M or
BLOOM-1.1B are near-zero with BPE segmentation) 15
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Initial- vs. Intra-word Alignment

¥ Some strings exist in two versions: initial-word (ÒLIKE Ó% Vd) or
intra-word (Òlike Ó% Vm): are they aligned?

¥ &(X, x) % Vd ' V m: x ?= argmaxy"V m
cos(X, y)

cos(LIKE , like) > cos(LIKE , foo) !

Model |{&(X, x) % Vd ' V m}| |V m| P@1

CroissantLLM-1.3B 3,771 14,296 71.9
BLOOM-7.1B 13,365 111,326 76.3
Llama-2-7B 5,272 15,590 83.0

Alignment correlated with exact match scores: Pearson
r = 0.639, p < 0.01 for all four BLOOM models (BPE segmentation).
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Alignment improves with train set size

Alignment for CroissantLLM, according to the number of tokens used
in training (in trillions).

¥ Correlated with exact match scores: Pearson r = 0.338, p < 0.05
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Conclusion on Morphology

¥ BPE hinders the ability of LLMs to generate preÞxations

¥ This can be mitigated by large models that implicitly learn an
alignment between initial- and intra-word embeddings

¥ Morphologically constrained ICL examples also helps

¥ Only morphological segmentation achieves a near-perfect
accuracy

18
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Intralinguistic Variability

Inclusive/standard French: two mutually intelligible varieties (ÒdialectsÓ) of the
same language

¥ Well-known case of African American English (discrimination,
lower performance; Baugh, 2002; Deas et al., 2023; Fleisig et al.,
2024)

¥ How to generate text by sampling low-probability tokens?

¥ Inclusive French: intersection with morphology

19
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Grammatical Gender in Standard French

¥ Nouns1 in French bear the mark of gender, either reßecting sex
(un homme (M), une femme (F)) or arbitrarily (un couteau, une
fourchette)

¥ Can masculine be used as a neutral gender?

¥ Standard French: yes!

¥ for generic use: un doctorant se doit de publier
¥ for plural: mon fr•re (M) et ma sÏur (F) sont des doctorants (not

doctorantes)

1Adjectives, pronouns, and past participles must then agree with their head noun.
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Inclusive French

¥ No! Masculine is not neutral, it refers to men (M)

¥ May lead to bias (e.g. now every job offer is somewhat inclusive
in France)

¥ Two main processes:

1. coordination: un doctorant (M) ou une doctorante (F)
2. morphological combination: un.e doctorant.e

(also suitable for non-binary people)

¥ Prone to controversy:

¥ coordination makes heavy sentences
¥ morphological combination is hard to read
¥ different conceptions about grammatical gender and sex
¥ does it emphasize a difference between men and women?
¥ several (conservative) decrees and law projects to ban it

21
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¥ several (conservative) decrees and law projects to ban it
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Inclusive French Processing

¥ Grouin (2022) demonstrated that standard NLP tools (spaCy and
TreeTagger) could not handle Inclusive French well (for POS
tagging, lemmatization, and NER)

¥ ThatÕs it! (second study about Inclusive French + Þrst
international) (BUCC@LREC-COLING 2024)
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Inclusive French ÒTranslationÓ: applications

¥ Standard to Inclusive French may be useful for:

¥ Quickly writing in Inclusive French, without mistakes (all adjectives
should agree, French grammar is quite tricky, etc.)

¥ Post-processing after any NLP pipeline (according to userÕs
preference)

¥ Inclusive to Standard French

¥ If you Þnd Inclusive French difÞcult to read
¥ Pre-processing before any NLP pipeline
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Standard to Inclusive French Translation: challenges

�6�W�D�Q�G�D�U�G���)�U�H�Q�F�K �,�Q�F�O�X�V�L�Y�H���)�U�H�Q�F�K

�8�Q���G�R�F�W�R�U�D�Q�W���V�H���G�R�L�W���G�H���S�X�E�O�L�H�U�����,�O���G�R�L�W���D�X�V�V�L������

�8�Q���P�D�U�W�H�D�X���V�H�U�W���¢���S�O�D�Q�W�H�U���G�H�V���F�O�R�X�V�����,�O���V�H�U�W���D�X�V�V�L������

�3�(�5�6�2�1�����*�H�Q�H�U�L�F��

�F�R���U�H�I�H�U�H�Q�F�H

�F�R���U�H�I�H�U�H�Q�F�H

�2�%�-�(�&�7

�8�Q���H���G�R�F�W�R�U�D�Q�W���R�X���G�R�F�W�R�U�D�Q�W�H���V�H���G�R�L�W���G�H���S�X�E�O�L�H�U�����,�O���R�X���H�O�O�H���G�R�L�W���D�X�V�V�L������
�&�2�2�5�'�,�1�$�7�,�2�1 �&�2�2�5�'�,�1�$�7�,�2�1

�0�2�5�3�+�2�/�2�*�,�&�$�/���&�2�0�%�,�1�$�7�,�2�1

�8�Q���P�D�U�W�H�D�X���V�H�U�W���¢���S�O�D�Q�W�H�U���G�H�V���F�O�R�X�V�����,�O���V�H�U�W���D�X�V�V�L�����������L�G�H�Q�W�L�F�D�O��

�$���3�K�'���6�W�X�G�H�Q�W���P�X�V�W���S�X�E�O�L�V�K�����7�K�H�\���P�X�V�W���D�O�V�R������

�$���K�D�P�P�H�U���L�V���X�V�H�G���W�R���G�U�L�Y�H���Q�D�L�O�V�����,�W���L�V���D�O�V�R���X�V�H�G������

�0�R�Q���I�U�ª�U�H���H�V�W���X�Q���G�R�F�W�R�U�D�Q�W�����,�O���H�V�W���D�X�V�V�L������
�3�(�5�6�2�1�����0�D�Q��

�0�\���E�U�R�W�K�H�U���L�V���D���3�K�'���6�W�X�G�H�Q�W�����+�H���L�V���D�O�V�R������

�F�R���U�H�I�H�U�H�Q�F�H

�0�R�Q���I�U�ª�U�H���H�V�W���X�Q���G�R�F�W�R�U�D�Q�W�����,�O���H�V�W���D�X�V�V�L�����������L�G�H�Q�W�L�F�D�O��

¥ Does noun X refer to a person or an object?

¥ If person: is it generic, plural, or someone in particular?

¥ What pronouns co-refer to X?
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¥ Does noun X refer to a person or an object?

¥ If person: is it generic, plural, or someone in particular?

¥ What pronouns co-refer to X?
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�&�2�2�5�'�,�1�$�7�,�2�1 �&�2�2�5�'�,�1�$�7�,�2�1

�0�2�5�3�+�2�/�2�*�,�&�$�/���&�2�0�%�,�1�$�7�,�2�1
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¥ Inclusive French is easy to detect (and rule-based translate)

¥ Gather a large corpus of Inclusive to Standard French parallel
sentences

¥ Train a standard sequence-to-sequence model in the Standard to
Inclusive direction (Òback-translationÓ)
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25



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Back-translating Standard French

�6�W�D�Q�G�D�U�G���)�U�H�Q�F�K �,�Q�F�O�X�V�L�Y�H���)�U�H�Q�F�K

�8�Q���G�R�F�W�R�U�D�Q�W���V�H���G�R�L�W���G�H���S�X�E�O�L�H�U�����,�O���G�R�L�W���D�X�V�V�L������

�8�Q���P�D�U�W�H�D�X���V�H�U�W���¢���S�O�D�Q�W�H�U���G�H�V���F�O�R�X�V�����,�O���V�H�U�W���D�X�V�V�L������

�3�(�5�6�2�1�����*�H�Q�H�U�L�F��

�F�R���U�H�I�H�U�H�Q�F�H

�F�R���U�H�I�H�U�H�Q�F�H

�2�%�-�(�&�7

�8�Q���H���G�R�F�W�R�U�D�Q�W���R�X���G�R�F�W�R�U�D�Q�W�H���V�H���G�R�L�W���G�H���S�X�E�O�L�H�U�����,�O���R�X���H�O�O�H���G�R�L�W���D�X�V�V�L������
�&�2�2�5�'�,�1�$�7�,�2�1 �&�2�2�5�'�,�1�$�7�,�2�1

�0�2�5�3�+�2�/�2�*�,�&�$�/���&�2�0�%�,�1�$�7�,�2�1

�8�Q���P�D�U�W�H�D�X���V�H�U�W���¢���S�O�D�Q�W�H�U���G�H�V���F�O�R�X�V�����,�O���V�H�U�W���D�X�V�V�L�����������L�G�H�Q�W�L�F�D�O��

�$���3�K�'���6�W�X�G�H�Q�W���P�X�V�W���S�X�E�O�L�V�K�����7�K�H�\���P�X�V�W���D�O�V�R������

�$���K�D�P�P�H�U���L�V���X�V�H�G���W�R���G�U�L�Y�H���Q�D�L�O�V�����,�W���L�V���D�O�V�R���X�V�H�G������

�0�R�Q���I�U�ª�U�H���H�V�W���X�Q���G�R�F�W�R�U�D�Q�W�����,�O���H�V�W���D�X�V�V�L������
�3�(�5�6�2�1�����0�D�Q��

�0�\���E�U�R�W�K�H�U���L�V���D���3�K�'���6�W�X�G�H�Q�W�����+�H���L�V���D�O�V�R������

�F�R���U�H�I�H�U�H�Q�F�H

�0�R�Q���I�U�ª�U�H���H�V�W���X�Q���G�R�F�W�R�U�D�Q�W�����,�O���H�V�W���D�X�V�V�L�����������L�G�H�Q�W�L�F�D�O��

¥ Inclusive French is easy to detect (and rule-based translate)

¥ Gather a large corpus of Inclusive to Standard French parallel
sentences

¥ Train a standard sequence-to-sequence model in the Standard to
Inclusive direction (Òback-translationÓ)

25



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Inclusive to Standard French rule-based
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The INCLURE parallel corpus

¥ Process a random 1.3% of OSCAR 22.01 (Su‡rez et al., 2019):
681K documents / 2.29M sentences with spaCy in 20 hours with
a single V100 GPU (32 GB)

¥ 0.3% Inclusive French =! 69K parallel sentences

Inclusive Standard

Average sentence length 33.0 29.4
Vocabulary 70,200 66,500
type-to-token ratio (TTR) 0.93 0.90

¥ Shorter sentences in Standard because no inclusive coordination

¥ Smaller vocabulary/TTR in Standard because no inclusive
inßection
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Random example of coordination from I NCLURE

Toutes les informations utiles sur la sŽcuritŽ des donnŽes et les
Žventuels risques pour la sŽcuritŽ, sur le type dÕenregistrement des
donnŽes, leur Žtendue et leur conservation, et sur les droits des
clientes et clients , doivent •tre communiquŽes.

(!

Toutes les informations utiles sur la sŽcuritŽ des donnŽes et les
Žventuels risques pour la sŽcuritŽ, sur le type dÕenregistrement des
donnŽes, leur Žtendue et leur conservation, et sur les droits des
clients , doivent •tre communiquŽes.
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Random example of morphological combination

Le message est clair : ces organisations et personnalitŽs sont
accusŽ.e.s de complicitŽ dans les attentats commis ces derni•res
semaines.

(!

Le message est clair : ces organisations et personnalitŽs sont
accusŽs de complicitŽ dans les attentats commis ces derni•res
semaines

29



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

The Fabien.ne BARThez translation model

From Lewis et al. (2020)

¥ BARThez (Eddine et al., 2021): BART-like model for French
(seq2seq pre-trained to denoise text)

¥ Fine-tuned on INCLURE for 3K steps/6 epochs (about 1 hour of
GPU V100 32GB)
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Evaluation Data

IFC (Grouin, 2022): transcripts of political speeches ! out-of-domain

INCLURE Inclusive French Corpus (IFC)

Inclusive Standard Inclusive Standard

Sentences 69,000 69,000 72 72
Length 33.0 29.4 33.9 32.1
Vocabulary 70,200 66,500 899 860
TTR 0.93 0.90 0.91 0.87
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Standard French ) Inclusive French

Model I NCLURE IFC

Identity (baseline) 76.30 79.74
Fabien.ne BARThez 92.83 83.05

BLEU scores

¥ Fabien.ne BARThez outperforms the baseline, reaching very
high BLEU scores even on IFC (out-of-domain)

¥ 10 BLEU between INCLURE and IFC: lack of generalization?

¥ BLEU fails to capture semantic equivalents of Inclusive French
¥ 51 BLEU: IndemnitŽs dÕŽlu.e plafonnŽes au salaire mŽdian. "!

IndemnitŽs dÕŽlu et dÕŽlueplafonnŽes au salaire mŽdian.
¥ 13 BLEU: RŽvocabilitŽ des Žlu.e.s. "!

RŽvocabilitŽ des Žlues et Žlus .
¥ 21 BLEU: RŽvocabilitŽ des Žlues et Žlus. "!

RŽvocabilitŽ des Žlus etŽlues.

32



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Standard French ) Inclusive French

Model I NCLURE IFC

Identity (baseline) 76.30 79.74
Fabien.ne BARThez 92.83 83.05

BLEU scores

¥ Fabien.ne BARThez outperforms the baseline, reaching very
high BLEU scores even on IFC (out-of-domain)

¥ 10 BLEU between INCLURE and IFC: lack of generalization?

¥ BLEU fails to capture semantic equivalents of Inclusive French
¥ 51 BLEU: IndemnitŽs dÕŽlu.e plafonnŽes au salaire mŽdian. "!

IndemnitŽs dÕŽlu et dÕŽlueplafonnŽes au salaire mŽdian.
¥ 13 BLEU: RŽvocabilitŽ des Žlu.e.s. "!

RŽvocabilitŽ des Žlues et Žlus .
¥ 21 BLEU: RŽvocabilitŽ des Žlues et Žlus. "!

RŽvocabilitŽ des Žlus etŽlues.

32



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Standard French ) Inclusive French

Model I NCLURE IFC

Identity (baseline) 76.30 79.74
Fabien.ne BARThez 92.83 83.05

BLEU scores

¥ Fabien.ne BARThez outperforms the baseline, reaching very
high BLEU scores even on IFC (out-of-domain)

¥ 10 BLEU between INCLURE and IFC: lack of generalization?

¥ BLEU fails to capture semantic equivalents of Inclusive French
¥ 51 BLEU: IndemnitŽs dÕŽlu.e plafonnŽes au salaire mŽdian. "!

IndemnitŽs dÕŽlu et dÕŽlueplafonnŽes au salaire mŽdian.
¥ 13 BLEU: RŽvocabilitŽ des Žlu.e.s. "!

RŽvocabilitŽ des Žlues et Žlus .
¥ 21 BLEU: RŽvocabilitŽ des Žlues et Žlus. "!

RŽvocabilitŽ des Žlus etŽlues.

32



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Standard French ) Inclusive French

Model I NCLURE IFC

Identity (baseline) 76.30 79.74
Fabien.ne BARThez 92.83 83.05

BLEU scores

¥ Fabien.ne BARThez outperforms the baseline, reaching very
high BLEU scores even on IFC (out-of-domain)

¥ 10 BLEU between INCLURE and IFC: lack of generalization?
¥ BLEU fails to capture semantic equivalents of Inclusive French

¥ 51 BLEU: IndemnitŽs dÕŽlu.e plafonnŽes au salaire mŽdian. "!
IndemnitŽs dÕŽlu et dÕŽlueplafonnŽes au salaire mŽdian.

¥ 13 BLEU: RŽvocabilitŽ des Žlu.e.s. "!
RŽvocabilitŽ des Žlues et Žlus .

¥ 21 BLEU: RŽvocabilitŽ des Žlues et Žlus. "!
RŽvocabilitŽ des Žlus etŽlues.

32



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Standard French ) Inclusive French

Model I NCLURE IFC

Identity (baseline) 76.30 79.74
Fabien.ne BARThez 92.83 83.05

BLEU scores

¥ Fabien.ne BARThez outperforms the baseline, reaching very
high BLEU scores even on IFC (out-of-domain)

¥ 10 BLEU between INCLURE and IFC: lack of generalization?
¥ BLEU fails to capture semantic equivalents of Inclusive French
¥ 51 BLEU: IndemnitŽs dÕŽlu.e plafonnŽes au salaire mŽdian. "!

IndemnitŽs dÕŽlu et dÕŽlueplafonnŽes au salaire mŽdian.

¥ 13 BLEU: RŽvocabilitŽ des Žlu.e.s. "!
RŽvocabilitŽ des Žlues et Žlus .

¥ 21 BLEU: RŽvocabilitŽ des Žlues et Žlus. "!
RŽvocabilitŽ des Žlus etŽlues.

32



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Standard French ) Inclusive French

Model I NCLURE IFC

Identity (baseline) 76.30 79.74
Fabien.ne BARThez 92.83 83.05

BLEU scores

¥ Fabien.ne BARThez outperforms the baseline, reaching very
high BLEU scores even on IFC (out-of-domain)

¥ 10 BLEU between INCLURE and IFC: lack of generalization?
¥ BLEU fails to capture semantic equivalents of Inclusive French
¥ 51 BLEU: IndemnitŽs dÕŽlu.e plafonnŽes au salaire mŽdian. "!

IndemnitŽs dÕŽlu et dÕŽlueplafonnŽes au salaire mŽdian.
¥ 13 BLEU: RŽvocabilitŽ des Žlu.e.s. "!

RŽvocabilitŽ des Žlues et Žlus .

¥ 21 BLEU: RŽvocabilitŽ des Žlues et Žlus. "!
RŽvocabilitŽ des Žlus etŽlues.

32



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Standard French ) Inclusive French

Model I NCLURE IFC

Identity (baseline) 76.30 79.74
Fabien.ne BARThez 92.83 83.05

BLEU scores

¥ Fabien.ne BARThez outperforms the baseline, reaching very
high BLEU scores even on IFC (out-of-domain)

¥ 10 BLEU between INCLURE and IFC: lack of generalization?
¥ BLEU fails to capture semantic equivalents of Inclusive French
¥ 51 BLEU: IndemnitŽs dÕŽlu.e plafonnŽes au salaire mŽdian. "!

IndemnitŽs dÕŽlu et dÕŽlueplafonnŽes au salaire mŽdian.
¥ 13 BLEU: RŽvocabilitŽ des Žlu.e.s. "!

RŽvocabilitŽ des Žlues et Žlus .
¥ 21 BLEU: RŽvocabilitŽ des Žlues et Žlus. "!

RŽvocabilitŽ des Žlus etŽlues.
32



Introduction Morphological Variability Intralinguistic Variability Interlinguistic Variability Conclusion

Standard French ) Inclusive French

Model I NCLURE IFC

Identity (baseline) 76.30 79.74
Fabien.ne BARThez 92.83 83.05

BLEU scores

Ref: Tous ceux " que je nÕai pu voir au-cours de cette br•ve visite,
celles et ceux ! [...]

Pred: Tous ceux et celles ! que je nÕai pu voir au-cours de cette
br•ve visite, ceux et celles ! [...]

¥ Reference inconsistent maybe because of spontaneous speech

¥ Fabien.ne BARThez is more consistent than IFC reference
¥ Which showcases interest of machine translation for Inclusive

French
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Standard French * Inclusive French

Model I NCLURE IFC

Identity (baseline) 77.12 79.89
Rule-based Ð 86.63
Fabien.ne BARThez 96.07 94.60

BLEU scores

¥ Fabien.ne BARThez generalizes beyond learning the inverse
function of Rule-based: largely outperforms it

¥ Near perfect BLEU scores as BLEU is well suited to evaluate
Standard French, especially in this setup, e.g.

¥ IndemnitŽs dÕŽlu plafonnŽes au salaire mŽdian
¥ RŽvocabilitŽ des Žlus

¥ irregularities of Inclusive French are smoothed out, e.g. Tous
ceux que je nÕai pu voir au-cours de cette br•ve visite, ceux [...]
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Syntactic Variation: Gender Order in Coordination

¥ Is there Þxation in Inclusive French?
E.g. toutes (F) et tous (M) vs. tous (M) et toutes (F)

INCLURE IFC

F M (toutes (F) et tous (M)) 51% 93%
M F (tous (M) et toutes (F)) 49% 7%
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Linguistic Variation in Inclusive French

¥ Variation between syntactic coordination and morphological
combination

¥ un doctorant (M) ou une doctorante (F)
¥ un.e doctorant.e

¥ Competition between inclusive sufÞxes

¥ auteurice
¥ auteur.ice
¥ auteur.trice
¥ autrice.eur

¥ Competition for feminization

¥ rapporteuse
¥ rapportrice
¥ rapporteure
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¥ rapporteuse
¥ rapportrice
¥ rapporteure
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Conclusion on Inclusive French

¥ Back-translating Inclusive to Standard French allows to gather
parallel data at little cost and yields good generalization

¥ Useful for French speakers or for pre- or post-processing in NLP
application

¥ Need better evaluation:

¥ LLM or neural metric? Manual annotation Þrst!
¥ Collect several reference per source sentence (e.g. both

coordination and morphological combination)
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Training Set Composition

¥ Language models are trained on the web, which needs to be
Þltered

¥ One of the Þlters: perplexity of a language model trained on a
ÒcleanÓ corpus (e.g. Wikipedia)

¥ Are language varieties (ÒdialectsÓ) Þltered out in this process?

¥ Consequently, what is the performance of models on these
varieties?
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Vision as an Invariant

�)�U�D�Q�©�D�L�V���L�Y�R�L�U�L�H�Q

�G�H�V

�,�O���\���D �F�K�D�P�S

�X�Q

�P�R�X�W�R�Q�V���G�D�Q�V

�• �•

�)�U�D�Q�©�D�L�V���V�W�D�Q�G�D�U�G
�����

�
�����

�

������
������

Variability between standard and Ivorian French for image captioning

¥ Vision = universal; allows conditioning generation to control
semantics

¥ Application to African varieties of French: the majority of French
speakers in the world, yet understudied in NLP
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Visual Question Answering

�4�X�H�V�W�L�R�Q���Y�L�V�X�H�O�O�H�����H�Q�W�U�«�H��

�è�:�K�D�W���F�R�O�R�U���L�V���W�K�H���F�D�W�"�é

�7�������7�H�[�W�H
�,�������,�P�D�J�H

�7�T�,�T

�,�Q�W�H�U�D�F�W�L�R�Q�V
�F�U�R�V�V���P�R�G�D�O�H�V

�T�������T�X�H�V�W�L�R�Q

¥ How to fuse image and text modalities?

¥ The question pertains to the content of the image
¥ No knowledge base required
¥ Named entities =! information retrieval and multiple

multimodal interactions (SIGIR 2022, ECIR 2023, 2024) and
Salem MessoudÕs internship (revue TAL 2022)
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Interlinguistic Variability (internship of Joanna Rado!a)

Dynamics of surprisal (# log P(xt |x< t)) on attested utterances

¥ =! How do LLMs share
knowledge across
languages?

¥ ÒMultilingualÓ models =
ensemble of monolingual
models?
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Interlinguistic Variability (internship of Joanna Rado!a)

Dynamics of surprisal (# log P(xt |x< t)) on attested utterances

�6�7�$�5�7 �, �Z�H�Q�W �W�R �W�K�H �S�D�U�N �� �6�7�2�3

�0�R�G�Û�O�H���G�H���O�D�Q�J�X�H

�7�K�H ������

�:�K�H�Q �������b��

�7�K�H�\ ���b��

�Q �Q

�, ���b��

�Q �Q

�%�D�Q�D�Q�D�������b��

�W�K�L�Q�N�����b��

�Z�D�V ���b��

�Z�H�Q�W ���b��

�D�P ���b��

�Z�L�O�O ���b��

�O�L�N�H�������b��

�Q �Q

�W�R �����b��

�E�D�F�N ���b��

�L�Q�W�R���b��

�W�K�U�R�X�J�K���b��

�R�X�W ���b��

�R�Q ���b��
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�D ���b��

�V�H�H ���b��
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�D�P�L ���b��

�O�L�E�U�D�L�U�H���b��

�Q �Q
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�Ç ����

�G�H�S�X�L�V���b��

�P�D�L�V �������b��

�Q �Q

�H�Q �������b��

�Q �Q

�S�K�\�V�L�T�X�H�����b��

�W�K�Û�V�H������

�F�K�L�P�L�H���b��

�,�$ ���b��

�Q �Q

�7�$�/ ���b��

�Q �Q

�H�W �����b��

�Ç ������
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�P�D�L�V ���b��

�Q �Q

�6�7�2�3 ���b��

�Q �Q

¥ =! How do LLMs share
knowledge across
languages?

¥ ÒMultilingualÓ models =
ensemble of monolingual
models?
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The Structure of Code-Switching

Pratapa and Choudhury (2021)
Syntactic constraints of Code-Switching: Equivalence Constraint
(Poplack, 1980) and Matrix Language (Myers-Scotton, 1993): two
theories comparable using an LLM?

Un superconductor levita sobre a magnetic track !
Un superconductor levita sobre una pista magnetic " (EC)
Un superconductor levita sobre a pista magnŽtica " (ML)
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Code-switching generation

Pratapa and Choudhury (2021)

Assumes access to:

¥ Parallel and parsed
sentences (Bhat et al., 2016;
Pratapa et al., 2018; Rizvi
et al., 2021; Pratapa and
Choudhury, 2021)

¥ Parallel data including
code-switching (Gupta et al.,
2020; Tarunesh et al., 2021;
Mondal et al., 2022; Agarwal
et al., 2023; Hsu et al., 2023;
Heredia et al., 2025) (e.g. ÒUn
superconductor levita sobre a
magnetic trackÓ)
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Models & datasets

Models

1. Llama 3.1 8B

2. Qwen 2.5 1.5B

Datasets

1. English-Chinese: student forum posts (+ 1500) (Calvillo et al.,
2020)

2. Turkish-German: conversations (+ 1400) (‚etino ùglu and
‚šltekin, 2022)

3. English-Hindi: tweets (500) (Khanuja et al., 2020)

4. English-Spanish: social media posts (+ 300) (Leon et al., 2024)
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Code-switching is surprising!

�-�D�b�b�B�D�E�H�U���B�D�Q�b�V�R�Q�b�V�W�H�Q�b�b�B�¦�b���b�K�P�b���b���b�B�Q�H�G�H�Q���B�R�O�b���P�D�V�b�b�B�H�b�b�K�P�b���b�b��

Model: Llama, Dataset: TR-DE

¥ Surprisal spikes at switching points

¥ Surprisal decreases with absolute position =! a bit misleading
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CS vs monolingual sentences at switching points

���K�R�X�V�H��
�b �b���b��

Model: Llama, Dataset: EN-CN

¥ Given the exact same context,
code-switching is more surprising than
monolingual

Relative index diff
post-switch CS-mono

0 4.44
1 0.84
2 -0.10

¥ Surprisal rapidly
decreases though
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Generation based on Mono vs CS prompts

Generating 20 tokens from both prompts - using greedy decoding or
ancestral sampling.

�3�U�R�P�S�W���0�R�Q�R�����W�r���Y�`�o���F�x
�3�U�R�P�S�W���&�6���b���b���b�W�r���Y�`�o���F�x���O�D�U�J�H�V�W

What will be the proportion of scripts (, languages) in the modelÕs
output?
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Proportion of languages - results

Model: Llama
Dataset: EN-HI 48
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Conclusion on Code-switching

¥ Surprisal spikes at switching points

¥ 3 tokens after the switch = back to normal

¥ Prompts include a natural switching point lead to code-switching
generation

¥ =! How to elicit switching point?

¥ Gradient ascent of an LID probe to steer generation towards a
target language

¥ English-bias? What about switching from EN to HI?

¥ More language pairs: what about those for which there are no
natural code-switching? (e.g. Czech-Yoruba)
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Conclusion

¥ How do LLMs learn to model linguistic variability?

¥ LLM generalization

¥ Language theory
¥ Societal stakes (age, region, social class)

¥ LLMs generalize poorly to preÞxation due to BPE tokenization

¥ Can detect and translate Inclusive French using a syntactic
parser+lemmatizer+regex =! backtranslation

¥ ÒMultilingualÓ LLMs poorly generalize to code-switching
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Postdoc: ŽquitŽ politique des grands mod•les de langue

¥ ƒquitŽ politique de la
traduction (1e Žtude) sur 420
paires de langues

src-tgt NGL S&D EFA ALDE EPP ECR EFD NA

de-it 21.28 22.31 21.83 22.22 22.61 21.96 22.26 19.23
it-de 18.03 19.18 18.33 19.00 19.26 19.06 18.94 15.71
fr-de 21.49 22.54 21.16 22.31 22.61 22.88 22.69 19.46

¥ QualitŽ varie selon langues

¥ MŽtriques pas comparables ˆ
travers les paires de langues

¥ =! AgrŽgation des rŽsultats
avec la mŽthode Borda

¥ InŽquitŽ: meilleur pour S&D
et EPP, pire pour NGL et NA
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Questions visuelles pŽdagogiques

Stage de Hui-Chi Kuo (LREC 2026)

¥ Utilisation de LLM
multimodaux pour
gŽnŽrer des
questions visuelles
pŽdagogiques =!
permettre rŽvision
Žtudiant

¥ Ablation de
contenu: beaucoup
de questions sont
rŽsolubles sans
lÕimage ou le texte
du cours



Alignement forcŽ pour lÕidentiÞcation du locuteur

Fusionner modalitŽs audio et vidŽo
pour savoir qui parle quand

¥ Alignement forcŽ =!
annotation automatique
(LREC 2022)

¥ Grand corpus annotŽ (400
heures), challenge
conversation multi-locuteurs
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Th•se: prŽentra”nement multimodal
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Nouveau mod•le de fusion prŽcoce
modŽlise interaction multimodale

Peu de donnŽes : besoin de
prŽentra”ner le mod•le (ECIR 2023)
=! meilleurs rŽsultats que fusion
tardive et que sans prŽentra”nement
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Th•se: annotation automatique pour lÕŽvaluation

¥ Exploite donnŽes textuelles
existantes pour accŽlŽrer
lÕannotation =! Žvaluer
des syst•mes (SIGIR 2022)

¥ 91 citations (principalement
grands mod•les de langue
multimodaux)

¥ Jeu de donnŽes inclus dans
trois benchmarks

Benchmark RŽfŽrence # Citations
M3IT Li et al. (2023) 159
ReForm-Eval Li et al. (2024) 5
Bee Zhang et al. (2025) 8
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Postdoc: traduction automatique de nŽologismes

¥ Comment Žvaluer
gŽnŽralisation LLM?

¥ NŽologisme =!
absent des donnŽes
dÕentra”nement
(1e Žtude; COLING
2025a)

¥ =! Mauvaise
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