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INTRODUCTION

Natural languages: various ways to express the same message

(1) Mariei ellei m’a prêté son vélo.

(2) Marie m’a prêté son vélo.

Multifactoral approach to address linguistic variation
→ factor related to information theory, in particular Uniform Informa-
tion Density (UID) Hypothesis
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OUTLINE

• The Uniform Information Density hypothesis
• Subject doubling in French
• Corpus study
• Discussion and limitations
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THE UID HYPOTHESIS



UID HYPOTHESIS

UID hypothesis (Levy & Jaeger 2007; Jaeger 2010)
If grammar permits, speakers prefer utterances that distribute
information uniformly across a sentence, so as to avoid peaks and
troughs in information density.

Figure 1: Good distribution. Figure 2: Bad distribution.

• Information of a word: surprisal
• Prediction for syntactic redundancy:

• high surprisal→ lengthened
• low surprisal→ shortened or omitted 3



EVIDENCE FOR UID AT SYNTACTIC AND DISCOURSE LEVELS

• Complementizer that omission in English (Jaeger, 2010):
• I confirm your reservation, your presence, ...{
that / ∅ } the boss is crazy.

• I think {∅ / that } the boss is crazy.
• P(comp|context) ≈ P(comp|matrix verb lemma) =
N(verb lemma comp)/N(matrix verb lemma)

• Article drop in headlines in German (Lemke, Horch, & Reich, 2017):
predictable nouns→ article drop

• Discourse connector drop in English (Torabi Asr & Demberg, 2015):
predictable causal relation→ implicite discourse connector

• ...
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MOTIVATION OF THE CURRENT STUDY

Measurement of surprisal:

• restricted to a very narrow context, like subcategorisation
frequency (e.g., Jaeger, 2010, 2011; Lemke et al., 2017))

• based on specific linguistic cues that are hard to generalize to
other cases (e.g., Torabi Asr & Demberg, 2015)

Large Language Models (LLMs):

• provide reliable probabilities given long contexts
• surprisal→ correlation with human reading time→ cognitive
plausibility of LLMs

• rarely used to study linguistic variation and UID

→ use GPT to estimate the surprisal of NP subject and explore the role
of surprisal in French subject doubling
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SUBJECT DOUBLING IN FRENCH



THE PHENOMENON

Subject doubling (SD): co-occurrence of a subject noun phrase and a
subject clitic (Nadasdi, 1995)

(3) a. Mon père est là. ”My father is there.”
b. Mon pèrei ili est là. ”My father he is there.”

Factors conditioning subject doubling:

• nominal subject type (Nadasdi, 1995; Auger, 1998)
• clause type (Auger & Villeneuve, 2010; Zahler, 2014)

• informational status: new > old (Barnes, 1985), but old > new
(Zahler, 2014)

• ...

But: subject doubling→ syntactic redundancy
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SUBJECT DOUBLING: A CASE OF SYNTACTIC REDUNDANCY

(4) a. Mon père est là. ”My father is there.”
b. Mon pèrei ili est là. ”My father he is there.”

Prediction of UID hypothesis:

• Subject clitics: high frequency→ low surprisal→ decrease
sentence’s information density after the NP subject

• Unpredictable NP subject (i.e., with high surprisal):
high information density at NP subject→ insertion of a clitic to
lower it down

• Predictable nominal subject (i.e., with low surprisal):
already low information density at NP subject→ not inserting
the clitic
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VARIATION CONTEXT

Corpus: Multicultural Parisian French (MPF) (Gadet, 2017; MPF, 2019))

• Spoken French of young residents of Île-de-France (12-37 y.o.)
• conversations among friends or acquaintances

Preprocessing: POS-tagged and lemmatized by Stanza (Qi, Zhang, Zhang,
Bolton, & Manning, 2020), and parsed by HOPS parser (Grobol & Crabbé, 2021)

Extraction: all tokens containing a third-person nominal subject, whether
the subject is doubled by a clitic or not (n= 4 136)

(5) Definite NP: Mon père (il) est parti. ‘My father (he) left.’
(6) Proper name: Marie (elle) viendra. ‘Mary (she) will come.’
(7) Indefinite NP: Un garçon (il) est venu. ‘A boy (he) came.’
(8) Universal quantifier: Tout le monde (il) est là.

‘Everyone (he) is here.’

8



FIRST MODELING WITHOUT
SURPRISAL



BASELINE MODEL (WITHOUT SURPRISAL)

Mixed-effect logistic model (n= 4 136, doubling = 1, non-doubling = 0)

Controlled factors:

• sentential polarity: affirmative, neg. with ne, neg. w/o ne
• nominal subject type: universal, indefinite, definite
• clause type: main, other subordinate, relatives
• verb frequency in the corpus (log-transformed, centered)
• distance in words between NP subject head and the verb

Random effects: speaker (n = 129), verb lemma (391), nominal subject
lemma (1 178)
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BASELINE MODEL: RESULTS

Baseline model
Coef. z p Sig.

(Intercept) -2.96 -6.68 2.47e-11 ***
polarity (ne vs. affirmative) -6.43 -6.06 1.33e-09 ***
polarity (neg. w/o ne vs. ne) 6.87 6.39 1.62e-10 ***
subject (indefinite vs. universal) 1.61 2.74 0.00608 **
subject (definite vs. indefinite) 2.47 5.28 1.30e-07 ***
clause type (sub. vs. main) 1.43 4.42 9.95e-06 ***
clause type (rel. vs. sub.) 0.97 7.86 3.78e-15 ***
verb frequency (log transformed) 0.27 3.18 0.00148 **
distance from sujet head to verb 0.26 4.46 8.21e-06 ***

Table 1: Factors (without surprisal) conditionning subject doubling in the
MPF corpus.
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TAKING INTO ACCOUNT SURPRISAL



USING A GPT MODEL

French GPT (Simoulin & Crabbé, 2021):

• based on OpenAI GPT2
• 124 million parameters
• mainly trained on Wikipedia pages→ less adapted to oral texts
(featured by pauses, rephrasing, informal words...)
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FINE-TUNING THE MODEL WITH SPOKEN DATA

Fine-tuning:

• CFPP2000 (Branca-Rosoff, Fleury, Lefeuvre, & Pires, 2012): Spoken French
of Paris

• Training set: 90% of the interviews, concatenating speaker turns
in the limit of 1 024 tokens

• 30 epochs with the default parameters

Evaluation of the fine-tuned model:

CFPP2000 MPF
number of examples in the test set 97 379
perplexity of the original GPT 42.25 42.61
perplexity of the fine-tuned GPT 28.93 40.97
p value of t-tests < 2.2e− 16 0.043

Table 2: Comparison of perplexities of the original GPT and the fine-tuned
GPT, evaluated in CFPP2000 and MPF corpora.
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ESTIMATION OF NP SUBJECT’S SURPRISAL

Surprisal of the nominal subject ≈ surprisal of the NP subject head
= −logP(subject head|context)

→ Considering previous speaking turns

Problem: how to define the window size for previous context?

• word surprisals (estimated by GPT): shorter context→ better
correlation with human reading times (Kuribayashi, Oseki, Brassard, &
Inui, 2022)

• Context in our surprisal = one previous turn + current turn

Context (t0...ti−1) Subject P(ti|context) − log P(ti|context)
Previous turn Target head (ti)
Oui c’est mes
origines.

Ben c’est moi
quoi chez moi
euh on ma

mère 0.0125 4.3782
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MAIN MODEL (WITH SURPRISAL)

Main model: baseline model + surprisal of subject head noun
Main model

Coef. z p Sig.
(Intercept) -2.99 -6.76 1.35e-11 ***
polarity (ne vs. affirmative) -6.43 -6.06 1.36e-09 ***
polarity (neg. w/o ne vs. ne) 6.88 1.08 1.65e-10 ***
subject (indefinite vs. universal) 1.62 2.80 0.00517 **
subject (definite vs. indefinite) 2.44 5.28 1.26e-07 ***
clause (sub. vs. main) 1.45 4.48 7.37e-06 ***
clause (relative vs. sub.) 0.95 7.64 2.19e-14 ***
verb frequency (log transformed) 0.26 3.10 0.00193 **
distance from subject head to verb 0.26 4.51 6.53e-06 ***
surprisal of subject head noun 0.15 2.23 0.02566 *
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EFFECT OF SURPRISAL OF SUBJECT HEAD NOUN

New evidence for UID:
NP subjects with higher surprisal→ more doubling (p < 0.05)
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DISCUSSIONS

• Surprisal: smallest coefficient (=0.15)
• Effect of surprisal sensitive to context window size:
longer context window size→ better accuracy→ weaker impact
on doubling

• GPT-like models: lower perplexity↛ more human-like
(Kuribayashi et al., 2021; Oh, Clark, & Schuler, 2022; Oh & Schuler, 2023)

Figure 3: Context window size = 1. Figure 4: Context window size = 11.
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CONCLUSION

• Surprisal: NP subjects with higher surprisal→ more doubling
⇒ new evidence for UID in spoken French

• LLMs like GPTs: useful to study linguistic variation and UID
• However, the effect is weak and sensitive to window size.
• Psycolinguistic experiments needed→ define the most
appropriate window size for surprisal estimation in French

17



MERCI!
AVEZ-VOUS DES QUESTIONS?
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EFFECT OF “NE”



CLOZE TASK EXPERIMENT

• Items: extracted from the MPF corpus
• Context: a certain number of speaking turns preceding the target turn
in audio

• Surprisal: based on prediction accuracy, each item predicted by 20
participants

context
(audio)

Julie: Alors (.) est-ce déjà vous pouvez me dire euh chacune votre
tour votre prénom (?)
Kimia: Bien sûr moi c’est kimia@a.
Elikia: Et moi c’est elikia@a.
Julie: Euh (.) est est-ce que tu peux te mettre à côté d’elle s’il te
plaît ce sera plus facile pour le micro je suis désolée.
Julie: Euh est est-ce que vous pourriez commencer par me
présenter les ce ce projet auquel vous avez participé euh ?
Julie: Co- comment vous raconteriez ce ce projet ?
Kimia: Tu v-.

target
(audio+text) Elikia: Ben déjà euh (write a new sentence to continue the speech)

action
required

choose among tour, prénom, Kimia, Elikia, micro, projet
or enter a new subject:

Table 3: Example of experimental item in the cloze task



SYNTACTIC EFFECTS: EVIDENCE FOR BOTH ANALYSES

For the dislocation analysis:
• effect of subject type
• effect of clause type

For the morphological analysis:
• high rate of subject
doubling (74%)

• low rate of SD with ’ne’ (2%)
• effect of verb frequency
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