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¥ Poorly calibrated model =! amplibes dataset bias

¥ Should we regularize training? " logP; (X¢|X<¢) + ! #'#

¥ Adapt the temperature of the posterior distribution?
logP; (X|x<() $ Sul<)
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3DUDP?

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
overptting, catastrophic forgetting
¥ Decoding:

¥ Weight P, with a classiber score
(language variety detection)

¥ Formal constraints (inclusive
French)
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Competition between the sufpxes-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 prebxation and sufbxation?
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BLOOM: A 176B-Parameter Open-Access Multilingual
Language Model

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

Worst results for prebxation vs. sufbxation
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Afbxation et Byte Pair Encoding (BPE) (COLING 2025b)

d "
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H
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Do LLMs have the same morphological

competence for prebxation and sufpxation?

¥ 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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Prebxation vs. Sufbxation
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Other languages (in red) also prebx for in3ection (Dryer, 2013)
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Controlled Datasets

Lang. Afbx  Debnition Example

EN un- Not <base> unlightfast

FR in- Qui nOest pas <base> indZmontable
EN -ly In a <base> manner lightfastly

FR -ment DO®une maniere <base> dZmontablement

Negative Prebxations and Adverbial Sufbxations on adjectives

10
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unpluvial UN pl uv ial
lightfast LIGHT fast
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BPE vs. Morphological Segmentation

¥ BPE Segmentation:
pluvial PLUV ial
unpluvial UN pl uv ial
lightfast LIGHT fast
=l unlightfast  UN light fast
¥ Morphological Segmentation: space separate the afbx:
pluvial PLUV ial
un pluvial UN PLUVial
lightfast LIGHT fast
=l un lightfast UN LIGHT fast

11
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¥ Random sampling: On a pluvial manner debnes the term :
pluvially ### Not lightfast debnes the term 00
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In-Context Learning (ICL) Examples

¥ Random sampling: On a pluvial manner debnes the term :
pluvially ### Not lightfast debnes the term 00

¥ Morphological sampling: Mot pluvial dePnes the term: unpluvial
### Not lightfast debnes the term O

12
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Dataset Base Prepbxation Sufbxation
ADJ-FR dZmontable indZmontable dZmontablement
ADJ-EN lightfast unlightfast lightfastly
PSEUDO-FR  gZniable ingZniable gZniablement
PSEUDO-EN orionful unorionful orionfully
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Controlled Datasets

Dataset Base Prepbxation Sufbxation
ADJ-FR dZmontable indZmontable dZmontablement
ADJ-EN lightfast unlightfast lightfastly
PSEUDO-FR  gZniable ingZniable gZniablement
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

13
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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

14



Morphological Variability
O000000000e000

OLikelyO is more likely t

1.01 o

Method

Morph. (ICL + Seg.)
Random ICL + BPE Seg.
Morph. ICL + BPE Seg.
dataset

ADJ-EN

ADJ-FR

PSEUDO-EN

0.4 PSEUDO-FR

model

Llama-2-7b-hf
CroissantLLMBase

0.2 4 bloom-7b1

bloom-3b

bloom-1b1
bloom-560m

0.8 1

0.6 1

Exact Match (Suffix)

0.0

0.0 0.2 0.4 0.6 0.8 1.0
Exact Match (Prefix)

15



Morphological Variability
O000000000e000

OLikelyO is more likely than OUnlikeO

1.04

0.8 1

0.6 1

0.4 4

Exact Match (Suffix)

0.2 4

0.0 1

TR

0.0

0.2

0.4 0.6
Exact Match (Prefix)

0.8

1.0

Method

Morph. (ICL + Seg.)
Random ICL + BPE Seg.
Morph. ICL + BPE Seg.
dataset

ADJ-EN

ADJ-FR

PSEUDO-EN
PSEUDO-FR

model

Llama-2-7b-hf
CroissantLLMBase
bloom-7b1

bloom-3b

bloom-1b1
bloom-560m

Sufpxes > prebxes (e.g. 26.2 prebxes vs. 56,0 sufbxes, with
BLOOM-7,1G on ADJ-FR)

15
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N Random ICL + BPE Seg.
Morph. ICL + BPE Seg.
dataset
ADJ-EN
ADJ-FR
PSEUDO-EN
0.4 PSEUDO-FR
model
Llama-2-7b-hf
CroissantLLMBase
0.2 4 bloom-7b1
bloom-3b
bloom-1b1
bloom-560m

0.8 1

0.6 1

Exact Match (Suffix)

0.0

0.0 0.2 0.4 0.6 0.8 1.0
Exact Match (Prefix)

Errors: OingrandioseO, OioniriqueO, or OicognitiveO

15



Morphological Variability
O000000000e000

OLikelyO is more likely t

1.01 o

Method

Morph. (ICL + Seg.)
Random ICL + BPE Seg.
Morph. ICL + BPE Seg.
dataset

ADJ-EN

ADJ-FR

PSEUDO-EN

0.4 PSEUDO-FR

model

Llama-2-7b-hf
CroissantLLMBase

0.2 4 bloom-7b1

bloom-3b

bloom-1b1
bloom-560m

0.8 1

0.6 1

Exact Match (Suffix)

0.0

0.0 0.2 0.4 0.6 0.8 1.0
Exact Match (Prefix)

Prebxes are sensitive to ICL examples (orange vs. green)
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OLikelyO is more likely than OUnlikeO

1.04

0.8 1

Exact Match (Suffix)

0.2 4

0.0 1

0.6 1

0.4 4

0.0

0.2

0.4 0.6
Exact Match (Prefix)

Morphological Segmentation =!
models (regardless of their size, while BLOOM-560M or
BLOOM-1.1B are near-zero with BPE segmentation) 15

0.8

1.0

Method

Morph. (ICL + Seg.)
Random ICL + BPE Seg.
Morph. ICL + BPE Seg.
dataset

ADJ-EN

ADJ-FR

PSEUDO-EN
PSEUDO-FR

model

Llama-2-7b-hf
CroissantLLMBase
bloom-7b1

bloom-3b

bloom-1b1
bloom-560m

near-perfect performance for all
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Initial- vs. Intra-word Alignment

¥ Some strings exist in two versions: initial-word (QIKE O% \j) or
intra-word (dike % \,): are they aligned?

16



Morphological Variability
00000000000 e00

Initial- vs. Intra-word Alignment

¥ Some strings exist in two versions: initial-word (QIKE O% \j) or
intra-word (dike % \,): are they aligned?

¥ &X,X) % V'V m: X 2 argmax,, = cosX,y)
cos(LIKE, like) > cos(LIKE , foo) !

16



Morphological Variability
00000000000 e00

Initial- vs. Intra-word Alignment

¥ Some strings exist in two versions: initial-word (QIKE O% \j) or
intra-word (dike % \,): are they aligned?

¥ &X,X) % V'V m: X 2 argmax,, = cosX,y)
cos(LIKE, like) > cos(LIKE , foo) !

Model {&(X,X) % \4'V )l Vm| P@1
CroissantLLM-1.3B 3,771 14,296 71.9
BLOOM-7.1B 13,365 111,326 76.3

Llama-2-7B 5272 15590 83.0
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Initial- vs. Intra-word Alignment

¥ Some strings exist in two versions: initial-word (QIKE O% \j) or
intra-word (dike % \,): are they aligned?

¥ &X,X) % V'V m: X 2 argmax,, = cosX,y)
cos(LIKE, like) > cos(LIKE , foo) !

Model H&(X,x) % 'V m}| Vm| P@1
CroissantLLM-1.3B 3,771 14296 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 < 0.01for all four BLOOM models (BPE segmentation).

16



Morphological Variability
00000000000 0e0

Alignment improves with train set size

0.7254

0.700 1

0.675 1

0.650 1

P@1

0.625 1

0.600 1

0.5751

0.550 1

T T T T T
0.5 1.0 15 2.0 2.5
tokens lel2

Alignment for CroissantLLM, according to the number of tokens used
in training (in trillions).
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Alignment improves with train set size

0.7254

0.700 1

Better after three trillion tokens (71.9)

0.675 1

0.650 1

P@1

0.625 1

0.600 1

0.5751

0,550[ 300 billion tokens =! poor alignment
0?5 1?0 115 2?0 ZTS
tokens lel2

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

¥ Correlated with exact match scores: Pearsonr = 0.338 p < 0.05
17
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Conclusion on Morphology

¥ BPE hinders the ability of LLMs to generate prebxations
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Conclusion on Morphology

¥ BPE hinders the ability of LLMs to generate prebxations

¥ 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

- Vot
nd:ﬂ\\w‘.
cral

. »un doctorant multidisciplinaire
Je recrute , pour un projet ,
2
ey, un.e doctorant.e polydisciplinaire
Ve

Ehe, "

Inclusive/standard French: two mutually intelligible varieties (OdialectsO) 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

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

1Adjectives, pronouns, and past participles must then agree with their head noun.
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Grammatical Gender in Standard French

¥ Nouns? in French bear the mark of gender, either reRecting 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 frere (M) et ma siur (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)
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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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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)
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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)

¥ ThatOs it! (second study about Inclusive French + brst
international) (BUCC@LREC-COLING 2024)
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Inclusive French OTranslationO: 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.)
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Inclusive French OTranslationO: 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 userOs
preference)
¥ Inclusive to Standard French

¥ If you bnd Inclusive French difpcult to read
¥ Pre-processing before any NLP pipeline

23
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Standard to Inclusive French Translation: challenges

6WDQGDUG JQFOXVLYH

FR UHIHUHQFH

0253+2/2*,&%$/&20%,7$21
8Q GRFWR/UWWD@RL W G HIGRIEW I/ VIBQ H GRFWRUDQW RXH5 8 RWW UDH) BRAE GIBHOW [
3(5621 *HQHULF &225',19,21

&225',1%,21
$ 3K' BWXGHQW PXVW SXEOLVK 7KH\ PXVW DOVR

ER HQFH

8Q PDUWHDUW ¢ SO DQW,IOUHG MV DROFRLY D U WHDXW ¢ S O D Q W, IDUH G MV DROBVAQW L F D O
2%-(&7 $ KDPPHU LV XVHG WR GULYH QDLOV W LV DOVR XVHG
—ER UHIHUHQFH
O0RQ IUPUNGHBWFWRHBQWXVVL ORQ IUSUNGHGWFWRHB@W XVVEQWLFDO

3(5621 0DQ
0\ EURWKHU LV D 3K' 6BWXGHQW +H LV DOVR
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¥ Does noun X refer to a person or an object?
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¥ Does noun X refer to a person or an object?
¥ If person: is it generic, plural, or someone in particular?
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Standard to Inclusive French Translation: challenges

6WDQGDUG JQFOXVLYH

FR UHIHUHQFH

0253+2/2*,&%$/&20%,7$21
8Q GRFWR/UWWD@RL W G HIGRIEW I/ VIBQ H GRFWRUDQW RXH5 8 RWW UDH) BRAE GIBHOW [
3(5621 *HQHULF &225',19,21

&225',1%,21
$ 3K' BWXGHQW PXVW SXEOLVK 7KH\ PXVW DOVR

ER HQFH

8Q PDUWHDUW ¢ SO DQW,IOUHG MV DROFRLY D U WHDXW ¢ S O D Q W, IDUH G MV DROBVAQW L F D O
2%-(&7 $ KDPPHU LV XVHG WR GULYH QDLOV W LV DOVR XVHG
—ER UHIHUHQFH
O0RQ IUPUNGHBWFWRHBQWXVVL ORQ IUSUNGHGWFWRHB@W XVVEQWLFDO

3(5621 0DQ
0\ EURWKHU LV D 3K' 6BWXGHQW +H LV DOVR

¥ 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?

24
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nslating Standard French

6WDQGDUG ,QFOXVLYH

FR UHIHUHQFH
0253+2/2*,&$/&20%,T7$21

8Q GRFWR/UWDQRLW G HIBRIEW IDKKWVLI8Q H GRFWRUDQW RXHG B8 RWW UDH BREE GIBHOW [
3(5621 *HQHULF &225',19,21

8225',19,21
$ 3K' BWXGHQW PXVW SXEOLVK 7KH\ PXVW DOVR

FR UHIHUHQFH

8Q PDUWHDIXW ¢ SODQW,®UHE MV DROFLY D UWHDUW ¢ SO D Q W,IDUHE MAV DROERAQW L F D O
2%-(&7 $ KDPPHU LV XVHG WR GULYH QDLOV W LV DOVR XVHG

R UHIHUHQFH

ORQ IUBUMQHBWFWRHBQ@W XV VL ORQ IUBUMQHBWFWRHB QW XVFHQWLFDO

3(5621 0DQ
0\ EURWKHU LV D 3K' 6BWXGHQW +H LV DOVR

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

6WDQGDUG ,QFOXVLYH

FR UHIHUHQFH

0253+2/2*,&%$/&20%,7$21
8Q GRFWR/UWDQRLW G HIBRIEW IDKKWVLI8Q H GRFWRUDQW RXHG B8 RWW UDH BREE GIBHOW [
3(5621 *HQHULF &225',19,21

8225',19,21
$ 3K' BWXGHQW PXVW SXEOLVK 7KH\ PXVW DOVR

FR UHIHUHQFH

8Q PDUWHDIXW ¢ SODQW,®UHE MV DROFLY D UWHDUW ¢ SO D Q W,IDUHE MAV DROERAQW L F D O
2%-(&7 $ KDPPHU LV XVHG WR GULYH QDLOV W LV DOVR XVHG
R URTHURGRH
ORQ IUAUKMQHBWFWRHB@W XVVL ORQ IURUNQHBWFWRHB@W XVV¥EQWLFDO

3(5621 0DQ
0\ EURWKHU LV D 3K' 6BWXGHQW +H LV DOVR

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

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

25



Intralinguistic Variability
0000000e000000000O000000

Back-translating Standard French

6WDQGDUG ,QFOXVLYH

FR UHIHUHQFH

0253+2/2*,&%$/&20%,7$21
8Q GRFWR/UWDQRLW G HIBRIEW IDKKWVLI8Q H GRFWRUDQW RXHG B8 RWW UDH BREE GIBHOW [
3(5621 *HQHULF &225',19,21

8225',19,21
$ 3K' BWXGHQW PXVW SXEOLVK 7KH\ PXVW DOVR

FR UHIHUHQFH

8Q PDUWHDIXW ¢ SODQW,®UHE MV DROFLY D UWHDUW ¢ SO D Q W,IDUHE MAV DROERAQW L F D O
2%-(&7 $ KDPPHU LV XVHG WR GULYH QDLOV W LV DOVR XVHG
R URTHURGRH
ORQ IUAUKMQHBWFWRHB@W XVVL ORQ IURUNQHBWFWRHB@W XVV¥EQWLFDO

3(5621 0DQ
0\ EURWKHU LV D 3K' 6BWXGHQW +H LV DOVR

¥ 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 (Oback-translationO)
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Inclusive to Standard French rule-based

0SXW VHOWHPFHK' BWXGHQW PXVW SXEOLVK
,QFOXVLYH JUHQEX H GRFWRUDQW RN GREW R}

630( /(008

J /—A/_\
S\QWDFWLF SPYYY QY GRFWRUDQW RM GREW RALK
&225',1%,21

5HIXOD 8Q H GRFMWVRUBRWW GH SXEOLH
H[SUHVVLRQ0253+2/2* &%$/&20% ,T7$21

>D ]@ ?HVVH_VVH_H_HXVH_VH_LHQ@H HQRHHQRHUH_WULFH WLFH_LFH

?K@&FK'GRFV%WHD@R/\LW GH SXEOLHU
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The INCLURE parallel corpus

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

¥ Process a random 1.3% of OSCAR 22.01 (Sutrez 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
inlBection
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Random example of coordination from |  NCLURE

Toutes les informations utiles sur la sZcuritZ des donnZes et les
Zventuels risques pour la sZcuritZ, sur le type dOenregistrement des
donnZes, leur Ztendue et leur conservation, et sur les droits des
clientes et clients , doivent stre communiquZes.

(

Toutes les informations utiles sur la sZcuritZ des donnZes et les
Zventuels risques pour la sZcuritZ, sur le type dOenregistrement des
donnZes, leur Ztendue et leur conservation, et sur les droits des
clients , doivent stre communiquZes.
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Random example of morphological combination

Le message est clair : ces organisations et personnalitZs sont
accusZ.e.s de complicitZ dans les attentats commis ces dernisres
semaines.

¢

Le message est clair : ces organisations et personnalitZs sont
accusZs de complicitZ dans les attentats commis ces dernisres
semaines
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The Fabien.ne BARThez translation model

ABCDE

Bidirectional |:> Autoregressive
Encoder Decoder

FFFff FEtid
A_B_E <s>ABCD

From Lewis et al. (2020)

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

30
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The Fabien.ne BARThez translation model

ABCDE

Bidirectional |:> Autoregressive
Encoder Decoder

FFFff FEtid
A_B_E <s>ABCD

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 33.9 321
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
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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: IndemnitZs d@lu.e plafonnZes au salaire mZdian. !
IndemnitZs d@lu et dOZlueplafonnZes au salaire mZdian.
¥ 13 BLEU: RZvocabilitZ des Zlu.e.s.
RZvocabilitZ des Zlues et Zlus .
¥ 21 BLEU: RZvocabilitZ des Zlues et Zlus.

RZvocabilitZ des Zlus etZlues.
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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

Ref: Tous ceux " que je nOai pu voir au-cours de cette breve visite,
cellesetceux ! [.]

Pred: Tous ceux et celles ! que je nOai pu voir au-cours de cette
breve visite, ceux et celles ! [...]

¥ Reference inconsistent maybe because of spontaneous speech
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Model I NCLURE IFC

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

BLEU scores

Ref: Tous ceux " que je nOai pu voir au-cours de cette breve visite,
cellesetceux ! [.]

Pred: Tous ceux et celles ! que je nOai pu voir au-cours de cette
breve 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 b 86.63

Fabien.ne BARThez 96.07 94.60

BLEU scores
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Standard French * Inclusive French

Model I NCLURE IFC
Identity (baseline) 77.12 79.89
Rule-based b 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.
¥ IndemnitZs d@lu plafonnZes au salaire mZdian
¥ RZvocabilitZ des Zlus
¥ irregularities of Inclusive French are smoothed out, e.g. Tous
ceux que je nOai pu voir au-cours de cette breve visite, ceux [...]
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Syntactic Variation: Gender Order in Coordination

¥ Is there bxation in Inclusive French?
E.g. toutes (F) et tous (M) vs. tous (M) et toutes (F)
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Syntactic Variation: Gender Order in Coordination

¥ Is there bxation 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
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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 sufbxes
¥ auteurice
¥ auteur.ice
¥ auteur.trice
¥ autrice.eur
¥ Competition for feminization
¥ rapporteuse
¥ rapportrice
¥ rapporteure

36
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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
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application
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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 prst!
¥ Collect several reference per source sentence (e.g. both
coordination and morphological combination)
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Training Set Composition

Lorem ipsum

CommonCrawl »Filtre on peut prend BoiSSon (ouadio N'Guessan 2008)

Longtemps, je me suis couché de bonne heure

\_ (100+ To/mois)

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

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

¥ Are language varieties (OdialectsO) bltered out in this process?

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

GHV )ubQeDLV VWDQGDX @ J

™~

/'
PRXWRQV GDQV_FKDF
~

5 JUDQ®DLV LYRLULH®Q ]

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

4XHVWLRQ YLV

e KDW FRORUéLV WKF

,QWHUDFWLIRBNH TXHVWLRQ
FURVV PRGDBRYH

¥ How to fuse image and text modalities?
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Visual Question Answering

3DVVDJH YLVXHO SH

AXHVWLRQ YLVXH GDQV OD EDVH GH FRQC

75,S
. N !
2+RZ PDQ\ DYHQXHMY 7k $UBHULRP SK-RWBRIN KH JKIK
UDGLDWH IURP WKLWI®KHD QOIMPKIHAQWUE GRGHFD
FRQILJIXU WZHRDIBLDWLQJ DYH:

7T, T ,T78S

7T7S

,QWHUDF'"/|QWHUDFWL®OWH TXHVWLRQ
PRQR PRGFURVV PRGDORISH SDVVDJIH

¥ 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 MessoudOs internship (revue TAL 2022)
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Interlinguistic Variability (internship of Joanna Rado!a)

surprise

Dynamics of surprisal (# log P(x|X<t)) on attested utterances
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Interlinguistic Variability (internship of Joanna Rado!a)

154
— DE
& 104 TR
g
357
01 T — T T T T T T T T
o & L L& & L HL N e &
O (@ < Q
\7,0,9(}/\\&6,@ 2N
7

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

¥ =1 How do LLMs share
: o | knowledge across
‘ ‘ ‘ : . ‘ a l 2 languages?
D O D O R ¥ OMultilingual® models =
elSTART)peISTART Jp(e]... si)p(el.. un)p.. chercheurp(el.. en)peISTART e suis um chercheur en TAL) ensemble of mono|ingua|

models?
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The Structure of Code-Switching

N
DT NN VBZ PP
= NP
DT NN

A superconductor levitates on a magnetic track

I | [
Un superconductor levita sobre una pista magnética
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?
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The Structure of Code-Switching

N
DT NN VBZ PP
= NP
DT NN

A superconductor levitates on a magnetic track

I | [
Un superconductor levita sobre una pista magnética
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 magnZtica " (ML) 42
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Code-switching generation

Assumes access to:

¥ Parallel and parsed
sentences (Bhat et al., 2016;

s Pratapa et al., 2018; Rizvi
N et al., 2021; Pratapa and
o W A1 Choudhury, 2021)
N e

[ NN
A superconductor levitates on a  magnetic track

Un superconductor levita sobre una pista magnética

Pratapa and Choudhury (2021)
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Code-switching generation

Assumes access to:

¥ Parallel and parsed
sentences (Bhat et al., 2016;

s Pratapa et al., 2018; Rizvi
N etal., 2021; Pratapa and
N N|P ¥ Parallel data including
DT 1] NN code-switching (Gupta et al.,
A superconductor levitates on a magnetic track 2020; Tarunesh et al., 2021;
| / | Pl Mondal et al., 2022; Agarwal

Un superconductor levita sobre una pista magnética

et al., 2023; Hsu et al., 2023;
Heredia et al., 2025) (e.g. OUn
superconductor levita sobre a
magnetic track O)

Pratapa and Choudhury (2021)
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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 glu and
,Sltekin, 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!

-DBID EH U \BR@W HIQbitPh B ®H G HQPBRBENBDL bb

Model: Llama, Dataset: TR-DE
¥ Surprisal spikes at switching points

45



Interlinguistic Variability
00000800000

Code-switching is surprising!

-DBID EH U \BR@W HIQbitPh B ®H G HQPBRBENBDL bb

Model: Llama, Dataset: TR-DE
¥ Surprisal spikes at switching points
¥ Surprisal decreases with absolute position =! a bit misleading
45
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CS vs monolingual sentences at switching points

8
mmm original code-switched sentence
== monolingual translation
7
6
5
H
L.
5
@
3
2
1
0

2 3 4 5 6
Index of the switching point

BN KR X BEFTL,

BPMBEFbREFS,

Model: Llama, Dataset: EN-CN
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CS vs monolingual sentences at switching points

mmm original code-switched sentence
s monolingual translation

Surprisal
Now s @

o

2 3 4 5 6
Index of the switching point

BN KR X BREFTE,
BDNBEFbREFE,
. Mo%el: Llama, Dataset: EN-CN
¥ Given the exact same context,
code-switching is more surprising than

monolingual
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CS vs monolingual sentences at switching points

mmm original code-switched sentence
s monolingual translation

«

Surprisal
=

Relative index diff
post-switch CS-mono

w

1 0 4.44
. ) ) , , - 1 0.84
Index of the switching point 2 -0.10

BN KR X BREFTE,
BDNBEFbREFE,
. Mo%el: Llama, Dataset: EN-CN
¥ Given the exact same context,
code-switching is more surprising than

monolingual
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CS vs monolingual sentences at switching points

mmm original code-switched sentence
s monolingual translation

«

Surprisal
=

Relative index diff
post-switch CS-mono

w

1 0 4.44
. ) ) , , - 1 0.84
Index of the switching point 2 -0.10

B4 KR X REFL,
BT BEF b REFTE, ¥ Surprisal rapidly
. Mo%el: Llama, Dataset: EN-CN decreases though
¥ Given the exact same context,
code-switching is more surprising than

monolingual
46
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Generation based on Mono vs CS prompts

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

SBURPSW OWQR
SBURPSW &W bRtODUJ

What will be the proportion of scripts ~ (, languages) in the modelOs
output?

47
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Proportion of languages - results

Greedy decoding Ancestral sampling

Proportion of scripts

0.0

~ - < ~ o <
Number of words in the prompt (all HI) Number of words in the prompt (all HI)

toy example generations

prompt Greedy Ancestral
e T = nll
gmE | Fwl & Aot = Respanses to
CNG ehz| e
Interesting Things Binance & CEQ
§ﬁm$ to Do in Changpeng Zhao *
largest Saint Petersburg:

Model: Llama
Dataset: EN-HI 48
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Proportion of languages - results

Greedy decoding Ancestral sampling
script
mmm Deva
- Latn
" - zyyy
2 other
s
5
€
S04
&
0.2
0.0

M o <+
Number of HI words before 1 EN word

~ - <
Number of HI words before 1 EN word

toy example generations

prompt Greedy Ancestral
Ha 3 : == x nll
g E | el & o Respanses to
CNG o =7
Interesting Things Binance & CEQ
Qﬁm* to Do in Changpeng Zhao *
largest Saint Petersburg;:

Model: Llama
Dataset: EN-HI 49
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Conclusion on Code-switching

¥ Surprisal spikes at switching points
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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

¥ =!I 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)

50
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¥ How do LLMs learn to model linguistic variability?
¥ LLM generalization
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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 prebxation due to BPE tokenization

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

¥ OMultilingualO LLMs poorly generalize to code-switching

51
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¥ Higher fertility for prebxations (COLING 2025a)
¥ Negative correlation between EM and fertility



Postdoc: ZquitZ politique des grands modeles de langu

¥ fquitZ politique de la
traduction (le Ztude) sur 420
paires de langues

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

de-it 2128 2231 21.83 2222 2261 2196 2226 19.23
it-de 18.03 19.18 1833 19.00 19.26 19.06 1894 1571
fr-de 2149 2254 2116 2231 2261 2288 2269 19.46

¥ QualitZ varie selon langues

¥ MZtriques pas comparables *
travers les paires de langues

¥ =!I AgrZgation des rZsultats
avec la mZthode Borda

¥ InZquitZ: meilleur pour S&D
et EPP, pire pour NGL et NA
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politiques (LREC 2026)



Questions visuelles pZdagogiques

Course

=
g e
R o e 3 o o v

The sporophyte (2n) phase i the longest phasa
in the lite of & gymnosperm. The gametophyles
{10} produced by MICIOSPORES and MEgaspores
are reduced in size, It may take more than a year
between pollination and fertilization while the
jpalien tube grows towards the growing female
gametophyte (1n), which develops from a single
megaspore. The show growth of the pollen tube
allowws the female gametophyte time o produce
e0gs (1)

Based on the provided image
and the text, explain the
sequence of events that
occurs during the fertilization
process in a conifer. How does
the pollen tube contribute to
the fertilization process?

@

1. Pollen grains are produced in the male cones
and are released into the air. 2. Pollen grains
land on the female cone scales, initiafing the
polination process. [..] 7. The sparm nucleus
fuses with the egg nuckeus, resulting in the
tormation of a dipkoid Zygate. The pallen ube
plays a cnucial role in the fertilization process by
providing & patheay for the Sperm nucle 1o
reach the egg cell. [..]

Stage de Hui-Chi Kuo (LREC 2026)

¥ Utilisation de LLM
multimodaux pour
gZnZrer des
questions visuelles
pZdagogiques =!
permettre rZvision
Ztudiant

¥ Ablation de
contenu: beaucoup
de questions sont
rZsolubles sans
IGimage ou le texte
du cours



Alignement forcZ pour I0identibcation du locuteur

Audio

Wolc aciviy deisciian

Fusionner modalitZs audio et vidZo
pour savoir qui parle quand
¥ Alignement forcZ =!
annotation automatique
(LREC 2022)

¥ Grand corpus annotZ (400
heures), challenge
conversation multi-locuteurs
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These: prZentra’nement multimodal
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These: prZentra’nement multimodal
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Nouveau modsle de fusion prZcoce
modZlise interaction multimodale



These: prZentra’nement multimodal
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Nouveau modsle de fusion prZcoce
modZlise interaction multimodale



These: annotation automatique pour I0Zvaluation

¥ Exploite donnZes textuelles

Question textuelle (entrée) : existantes pour accZlZrer
"How many avenues radiate from the Arc de Triomphe?" ~ . _ >
[Oannotation =! Zvaluer

l des systemes (SIGIR 2022)
Annotation Réponse :
automatique ngom

Question visuelle (sortie) :
"How many avenues radiate from this building?"



These: annotation automatique pour I0Zvaluation

¥ Exploite donnZes textuelles
Question textuelle (entrée) : existantes pour accZlZrer
"How many avenues radiate from the Arc de Triomphe?" ~ . _ >
[Oannotation =! Zvaluer

l des systemes (SIGIR 2022)

Annotation - peponse: ¥ 91 citations (principalement
automatique ngon

grands mod-les de langue
multimodaux)

¥ Jeu de donnZes inclus dans
trois benchmarks

Benchmark  RZfZrence # Citations

M3IT Li et al. (2023) 159
ReForm-Eval Liet al. (2024) 5
Bee Zhang et al. (2025) 8

Question visuelle (sortie) :
"How many avenues radiate from this building?"



Postdoc: traduction automatique de nZologis

—

¥ Comment Zvaluer

,QSXW "HILQL
&UDLQWH REV «|G D Q|WHD ®XD VP R SKREIH bbe L0

va Vi H H QWH REV«GDQWH RX H[FHV
gZnZralisation LLM? HIFHVVLYH GHY GH@MRLOWH REV<GDOWH R
2EVHVVLYH RU HIFHVVEYH IHDAL RIS RFHVVLYH THDU RI JKRVW

¥ NZologisme =!

DQIL«W« GRFLDOHQ(LHMD GLVRUGHU

~ &UDLQWH GA-WUH G«YLVDJ« SDU

absent des donnzes (&1 «—————> bFRPPRQ FK:UDFWHU\/
6HDUFK RS KRR, o oy

A ”
dOentra’nement J ELGLUHFWULRQQHORQDO b
> 6H GLW GH FH TXL HVW FDSDEOH

(1e Ztude, COLING O LQIRUPDWLRQ GDQV OHV GHX[
e 'DYLQJ WR GR ZLWK WKH DELOLW\ WR bvU

2025a)

3UHIL[

=1 i :
¥ i Mauvaise Iﬁ L leHx:LF[ODD

gZnZralisation mais : $QDO\VLV

recherche dOexemples

contextuels (In-Context
Learning, ICL)
amZliore car permet
analogie



Postdoc: traduction automatique de nZologis

¥ Comment Zvaluer
gZnZralisation LLM?

¥ NZologisme =!
absent des donnZes
dOentra’nement
(1e Ztude; COLING
2025a)

¥ =!I Mauvaise
gZnZralisation mais
recherche dOexemples
contextuels (In-Context
Learning, ICL)
amZliore car permet
analogie

LQSXW 'HILQL
&UDLQWH REV«[GDQ
H[FHVVLYH GH H

2EVHVVLYH RU H[FHVVILYH IF

&1
6HDUFK

2XWSXW
RGRQWRSKR
RGRQWRSKRELD

Meilleurs rZsultats
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que les prZbxations



