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Abstract

Large Language Models (LLMs) have achieved
outstanding performance across various natu-
ral language processing tasks, including those
from Discourse and Dialogue traditions. How-
ever, these achievements are typically obtained
thanks to pretraining on huge datasets. In con-
trast, humans learn to speak and communi-
cate through dialogue and spontaneous speech
with only a fraction of the language exposure.
This disparity has spurred interest in evaluating
whether smaller, more carefully selected and
curated pretraining datasets can support robust
performance on specific tasks. Drawing inspira-
tion from the BabyLM initiative, we construct
small (10M-token) pretraining datasets from
different sources, including conversational tran-
scripts and Wikipedia-style text. To assess the
impact of these datasets, we develop evaluation
benchmarks focusing on discourse and inter-
actional markers, extracted from high-quality
spoken corpora in English, French, and Man-
darin. Employing a zero-shot classification
framework inspired by the BLiMP benchmark,
we design tasks wherein the model must de-
termine, between a genuine utterance extracted
from a corpus and its minimally altered counter-
part, which one is the authentic instance. Our
findings show that models pretrained on con-
versational data exhibit an advantage in han-
dling discourse and interactional markers com-
pared to those trained on written or encyclope-
dic text. Furthermore, the models, trained on
small amount spontaneous speech transcripts,
perform comparably to standard LLMs.1

1Source code, pretraining data and benchmarks are avail-
able at https://github.com/rszia/sp2bench

1 Introduction

The performance levels achieved by current large
language models (LLMs) are impressive across all
natural language processing tasks, including those
from the Discourse and Dialogue traditions, which
have traditionally been considered more challeng-
ing. However, these results are typically obtained
by pretraining models on enormous amounts of
data. In contrast, humans learn to speak and com-
municate through dialogue and spontaneous speech
with only a fraction of the language exposure re-
quired by artificial models. More broadly, there
is growing interest in evaluating whether much
smaller and carefully selected pretraining datasets
can support performance on specific tasks.

Initiatives like BabyLM (Warstadt et al., 2023b)
explore this question by providing English pre-
training datasets of 10M and 100M tokens, as
well as evaluation benchmarks, including BLiMP
(Warstadt et al., 2020a), which aims to evaluate the
linguistic competence of LLMs. Such pretraining
datasets include a majority of spontaneous speech
transcripts originating from child-directed speech
(MacWhinney, 2014) and everyday conversations.

The evaluation metrics employed, while a good
starting point, appear however biased in two ways:
(i) they tend to favor canonical written forms ;
and (ii) prioritize syntactic, semantic, and com-
monsense pragmatic competence. Language and
communicative competence include many other
dimensions, in particular if one focuses on spon-
taneous speech in a conversational context. In-
deed, most benchmarks concerned with language
are centered on high-level tasks and relatively stan-
dard morphological and syntactic tasks revolving

https://github.com/rszia/sp2bench
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around the idea of grammaticality. Grammatical-
ity is an ill-defined concept when used to analyze
spontaneous speech productions. In this context,
discourse and interactional marking, as well as lin-
guistic performance-management like disfluencies,
are crucial.

Moreover, most of these benchmarks are for En-
glish, whereas English constitutes the exception
rather than the norm, at least with regard to data
availability. Due to data scarcity, it is still impos-
sible to gather a 100M-token dataset based solely
on real spoken conversational data, but the 10M-
tokens dataset is accessible for a few languages like
English, French, Mandarin, and a few others.

Our stance focussing on ‘Conversational speech’
is adopted because it is the genre through which
humans acquire their basic language skills, and it
is also of special significance with regard to lan-
guage emergence (Levinson, 2020; Christiansen
and Chater, 2022). Moreover, it is quite distant
from the usual written or web content on which
LMs are trained, increasing the risk of biases
against this crucial genre in the resulting models.

Our focus in this paper is to assess the ade-
quacy of LLMs with respect to conversational and
spontaneous speech phenomena. We construct
“small” (10M-tokens) pretraining datasets from dif-
ferent sources (conversational vs. Wikipedia-style
text). We also create evaluation benchmarks ex-
tracted from high-quality spoken corpora in En-
glish, French, and Mandarin. More specifically,
we focus on discourse and interactional markers
(Schiffrin, 1987) and fillers (Shriberg, 1994). Fol-
lowing the approach of BLiMP (Warstadt et al.,
2020a), we design zero-shot classification tasks
based on these phenomena. Our results show that
pretraining data type has a clear impact on the
model’s ability to handle these features: conver-
sational data offers an advantage over written en-
cyclopedic text. Moreover, standard LLMs do not
seem to have a strong advantage compared to our
small models trained on spontaneous speech tran-
scripts.

The paper is organized as follows. We present
the related work (Section 2) and justify our pro-
posal in more detail in Section 3. We then detail our
methods and describe the creation of the pretrain-
ing datasets and benchmarks (Section 4). The next
section presents the experiments, their hypotheses,
and the results (Section 5). We conclude with a dis-
cussion of the limitations of this work and future
directions.

2 Related Work

Since the emergence of large language models,
there has been interest from the computational
linguistics community in understanding why they
are so successful. Warstadt et al. (2020b) explore
the conditions (e.g., the amount of training data)
under which ROBERTA develops and leverages
linguistic features, such as part of speech (POS)
and morphology, as opposed to relying on simpler
surface-level features like position-based or length-
based cues. More recently, several studies have
probed LLMs to better characterize their perfor-
mance across various domains, particularly with re-
gard to linguistic competence versus commonsense
reasoning. These studies have also examined the
relationship between model performance and the
amount of training data required for different tasks.
In particular, Zhang et al. (2021) used training sets
of varying sizes (1M, 10M, 100M, and 1B tokens)
to show that syntactic and semantic competence
becomes robust in the 10M–100M range, whereas
larger datasets are needed to achieve strong results
in pragmatic and commonsense reasoning tasks.

More broadly, there have been proposals for eval-
uating the performance of LLMs on diverse lin-
guistic tasks. Warstadt et al. (2019b) leveraged
a substantial body of generative syntax-semantics
literature to develop benchmarks based on accept-
ability judgments, drawing either from the linguis-
tic literature, as in the COLA benchmark, or by
exploiting more sources and data augmentation
methods, as in BLiMP (Warstadt et al., 2020a).
In addition to these binary decision tasks, Zhang
et al. (2021) combined three other types of eval-
uation metrics: classifier probing (following (Et-
tinger et al., 2016; Adi et al., 2017)), which in-
cludes tasks from POS tagging to coreference reso-
lution; information-theoretic probing based on the
minimum description length (MDL) principle; and
fine-tuning on higher-level tasks such as those in
the SUPERGLUE benchmark.

BLiMP (Warstadt et al., 2019a) has inspired
a series of language-specific benchmarks, such
as CLiMP for Mandarin Chinese (Xiang et al.,
2021), as well as benchmarks for other languages
like Japanese (Someya and Oseki, 2023), Dutch
(Suijkerbuijk et al., 2025), Russian (Taktasheva
et al., 2024), German (Bunzeck et al., 2025), Ital-
ian (Suozzi et al., 2025), and now a multilingual
BLiMP (Jumelet et al., 2025). These are impor-
tant additions to the evaluation landscape. While
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these benchmarks represent important extensions
to the general evaluation framework, they all rely
on syntax-semantics structures mostly derived from
introspection and textbook data.

Turning now to conversational training data,
even before the LLM era, Pannitto et al. (2020)
trained a model on child-directed speech. In terms
of specialized language models, Cabiddu et al.
(2025) developed LMs based on child-directed
speech transcripts and evaluated them on word-
sense disambiguation tasks. They concluded that
word acquisition trajectories could be better cap-
tured by multimodal models that incorporate acous-
tic features, among other aspects.

The discourse and dialogue phenomena we in-
vestigate to increase awareness and methods for
making LLMs more conversation-aware2 are well-
studied phenomena. Discourse markers (Schiffrin,
1987) have been extensively studied in terms of
their definition, analysis, and use in discourse pars-
ing (Schilder, 2002). There are different sorts
of discourse markers, ranging from discourse-
semantic connectives (but, because, ...) to attitudi-
nal or interpersonal markers (ah, oh, ...), adverbs
(frankly, actually, ...), or conversational feedback
markers (yeah, ok, ...). Recently, Sadlier-Brown
et al. (2024) compared human and LLM perfor-
mance in predicting the presence of actually.

Disfluencies (Shriberg, 1994) have long been
known as a hallmark of spontaneous speech. There
is a vast literature on their detection, processing,
and, more recently, their generation by LLMs to
produce fluent yet natural-sounding speech (Zo-
haib Hassan et al., 2024). These two dimensions
(discourse markers and disfluencies) benefit from
being studied jointly, as they are known to interact
deeply (Crible and Pascual, 2020).

3 A Proposal for a New Source of Metrics

Most initiatives for linguistic LLM evaluation
are grounded in text-based and/or handcrafted
paradigms, potentially coupled with behavioral
and/or physiological lab measures. In contrast, we
propose using actual spontaneous conversational
transcripts to build complementary benchmarks
that test real-world language use in spontaneous
speech. These metrics will remain fundamentally

2Conversational AI has become an important keyword
nowadays. However, although conversational AI systems can
be efficient and interactive, they do not exhibit many features
of real human-human conversation.

linguistic in nature rather than focusing on end-to-
end evaluation.

Language is acquired, especially in its early
stages, within spontaneous, conversational environ-
ments. While conversational language shares gram-
matical structures with other genres, its unique
characteristics suggest that simply listing syntactic
“errors” or semantic incongruities does not fully
capture linguistic competence. Furthermore, in a
conversational context, what may be considered
a production error from a normative grammati-
cal perspective is often perfectly acceptable and
successfully achieves its communicative purpose.
Therefore, we aim to develop a complementary ap-
proach that provides a broader set of metrics for
evaluating language models from both cognitive
and communicative perspectives.

Specifically, we propose using spontaneous
speech corpora, as they offer insights into human
language processing through various observable
production phenomena. Our approach is a form of
classifier probing (Ettinger et al., 2016; Adi et al.,
2017; Warstadt et al., 2019b), but rather than focus-
ing on meta-linguistic tasks (e.g., predicting syntac-
tic categories), we aim to predict phenomena that
serve as partial indicators of language processing.
(Prévot et al., 2024; Wang et al., 2025) explored the
prediction of speech-production variables, such as
speech reduction and prosodic prominence; how-
ever, this approach requires fine-tuning a pretrained
model, which obscures the overall interpretation of
the results. We propose here a preliminary set of
simple tasks exploiting lexical markers related to
spontaneous speech, discourse, and interactional
competence.

We approach the question by designing tasks
involving several kinds of discourse markers and
fillers (See Table 3 for examples). Different types
of discourse markers are prototypical of different
genres (e.g., conversational vs. textual) and there-
fore constitute an ideal testing ground for our ex-
periments. Fillers are a crucial device and hallmark
of spontaneous speech. Our work follows the idea
that fillers are a crucial ingredient to consider when
modeling language, especially when addressing the
issue of written bias in linguistic and NLP models
(O’Connell and Kowal, 2004). Moreover, fillers are
closely associated with discourse markers (Crible,
2018), making their inclusion in our set of tasks an
obvious choice.
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4 Data and Method

We built the reference datasets from existing high-
quality linguistic corpora and created the “tasks”
based on these reference datasets; and, how we
selected and processed the base pretraining data
(from a wider range of sources) to create our LLMs.
Crucially, there is no overlap between the pretrain-
ing data and the reference sources.

4.1 Reference Data Sets

lge pretraining benchmark
en BNC, Switchboard Buckeye

CHILDES CANDOR
fr CHILDES, ORFÉO SUMM-RE

OpenSubtitles
tw-zh CHILDES, ASBC, MCDC

NCCU, CallFriend,
Parliament meetings,
TV show

Table 1: Spoken data in the pretraining data and the
benchmarks. tw-zh correspond to Taiwan Mandarin.

The reference data for the benchmarks come
from linguistic conversational corpora, as listed in
Table 1. For English, we used two sources to build
two different components of the benchmark. For
the distribution of fillers, we used the Buckeye Cor-
pus3 (Pitt et al., 2005), which contains 38.1 hours
of spontaneous speech (40 speakers) recorded in
an interview format. For the task involving dis-
course markers, since Buckeye’s interview format
is less dynamic compared to true conversation, we
used the CANDOR corpus (Reece et al., 2023), a
7M-token multimodal dataset of naturalistic conver-
sation. For French, we used SUMM-RE (Hunter
et al., 2024), a 1M-token meeting corpus, with
about 20% of the corpus provided with manually
checked fine-grained transcriptions. For Mandarin,
we used the Sinica Mandarin Conversational Dia-
logue Corpus (Sinica MCDC8)4 (Tseng, 2013).

The main reason for choosing these corpora is
the high quality of their transcriptions, in which
disfluencies are accurately rendered.

4.2 Tasks

Discourse Markers Task Organizing the typol-
ogy of discourse and interactional lexical devices

3https://buckeyecorpus.osu.edu/
4https://www.aclclp.org.tw/use_mat.php#mcdc

is a delicate issue (Crible and Degand, 2019). How-
ever, the markers we selected are among the most
frequent items and are generally uncontroversial.
More precisely, we work with two types: semantic
connectives vs. attitudinal markers. See Table 2
for the complete list. These lists were established
by examining the distributions of first tokens5 of
all utterances in the benchmarks, and selecting the
most frequent discourse markers, excluding “and”,
which has been considered problematic due to its
systematic ambiguity between discourse-level and
clause-internal usage.

To create minimal pairs involving discourse
markers, we identified utterances from our ref-
erence corpora that were initiated by one of the
semantic or attitudinal discourse markers. The
utterance and its immediate successor were used
as the positive example of the minimal pair. No-
tably, in addition to the type of discourse marker
involved, the minimal pairs are categorized ac-
cording to whether the two utterances (delim-
ited by a discourse marker) belong to the same
or different speakers, that is, whether the dis-
course marker starts a new turn (monologic vs.
dialogic).6 Overall, this gave us four differ-
ent tasks: semantic-monologic, semantic-dialogic,
attitudinal-monologic, and attitudinal-dialogic.

The negative example of the minimal pair was
created by replacing the discourse marker with an-
other one from the same category. Thus, the task
evaluates a model’s ability to prefer the authentic
discourse marker given an utterance pair. As a san-
ity check, we also created a set of minimal pairs
where the negative example consists of a shuffled
version of the entire sequence.

While creating the final tasks, we faced a trade-
off between benchmark size and balance. Dis-
course marker distributions are prototypically Zip-
fian, making it difficult to maintain both diversity
and balance. We optimized this trade-off for each
category, aiming to keep the discourse marker dis-
tribution as uniform as possible within each task,
as illustrated in Table 2.

Fillers Task To complement our discourse mark-
ers tasks, we created another set of tasks focus-
ing on fillers. Our tasks rely on the following list
of conventionalized filler transcriptions: ‘euh’ for

5Utterance initial position is known to have a discourse
flavor.

6As mentioned earlier, since Buckeye’s transcripts mainly
focus on the interviewee, we used the CANDOR corpus to
build the minimal pairs.

https://buckeyecorpus.osu.edu/
https://www.aclclp.org.tw/use_mat.php#mcdc
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en zh fr
dial-att like, oh, well (3x167) 像(6),喔(31),就是* (21) ah, ben (2x250)
dial-sem because, but, so (3x158) 但是(17)*, 因為(11), 所

以(11),然後(2),而且(2)
donc, mais, alors, après
(4x75)

mono-att like, oh, well (3x167) 像(7),喔(4),就是* (21) ah, ben, oh, enfin, bon
(5x15)

mono-sem but, because, so, then
(4x125)

但是* (16), 因為(8), 所
以(10),然後(14),而且(3)

donc, mais (2x100)

Table 2: Discourse Markers used in the experiments. In parentheses, the number of ocurrences for each DM. It does
not always sum to 500 (our target) due to lack of reference data in some cases. See Table 5 for translations. (The
counts for就是 include the counts of variants such as ‘就’ and ‘就是說’, while the counts for ‘但是’ include ‘可是’
and ‘不過’)

French (Pallaud et al., 2019), ‘um’ and ‘uh’ for
English (Clark and Tree, 2002), and ‘uhn’, ’en/un’,
and ‘nage’ for Mandarin (Tseng, 2013).

More precisely, each minimal pair consists of
a genuine utterance featuring one of these fillers
(positive example) and an altered version in which
the filler has been randomly moved to another posi-
tion within the same utterance (negative example).
Evaluation of a model involve using them to assign
a probability to each sequence. If the model as-
signs a higher probability to the (positive example),
it scores on that minimal pair.

BLiMP Tasks The recent proposal of a multi-
lingual BLiMP benchmark (Jumelet et al., 2025)
(which does not include Mandarin) and the exis-
tence of Chinese BLiMP (CLiMP) (Xiang et al.,
2021) allow us to complement our experiments
on discourse and dialogue phenomena with more
standard linguistic tasks related to grammatical-
ity. While this is not the main focus of our work,
we considered it an interesting addition to better
understand both the differences between the tested
models and the nature of our own tasks. For French
and Mandarin, we used the aforementioned bench-
marks, while for English, we used the filtered and
supplemented version of BLiMP (Warstadt et al.,
2020a) employed in the 2024 BabyLM Challenge
(Choshen et al., 2024).

For each language–model combination, we per-
formed stratified bootstrapping over 1000 itera-
tions, with the number of samples (with replace-
ment) matching the benchmark sizes across subcat-
egories (67 for BLiMP and 16 for CLiMP) in order
to obtain a distribution of scores.

4.3 Pre-training LLMs

For each language, we tested five models, includ-
ing three RoBERTa models pretrained from scratch
on three types of data: conversational, written,
and a mixture of these two. Motivated by the
BabyLM initiative (Warstadt et al., 2023a; Choshen
et al., 2024), these models were trained on datasets
with moderate sizes (10M words for English and
French, and 5M characters for Mandarin). The
complete figures about the pretraining data can
be found in Appendix Table 4. We also included
XLM-ROBERTA-BASE7 and XLM-ROBERTA-
LARGE8 (Conneau et al., 2020) in the experiments
to serve as potential topline performers. To accel-
erate the experiments, we performed vocabulary
pruning (Yang et al., 2022) of the RoBERTa mod-
els on the corresponding training data.

Another purpose of using RoBERTa models was
to better contextualize our proposed metrics as a
form of sanity check. The underlying idea is that
if full-fledged LMs like RoBERTa fail to perform
the task, it is likely that the task cannot be achieved
given the provided data.

For pretraining English RoBERTa models, we
drew on the training data provided in the 2024
BabyLM challenge (Choshen et al., 2024). As the
training data itself was a mix of spoken (Switch-
board (Godfrey et al., 1992), BNC (Consortium
et al., 2007) dialogues, and CHILDES) and writ-
ten data (Gutenberg and Simple Wikipedia), we
directly took the 10M version for our mixed model
pretraining. The Switchboard and BNC dialogues
were used as the pretraining data for the spoken
model, while the Simple Wikipedia part was used

7https://huggingface.co/FacebookAI/
xlm-roberta-base

8https://huggingface.co/FacebookAI/
xlm-roberta-large

https://huggingface.co/FacebookAI/xlm-roberta-base
https://huggingface.co/FacebookAI/xlm-roberta-base
https://huggingface.co/FacebookAI/xlm-roberta-large
https://huggingface.co/FacebookAI/xlm-roberta-large
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Discourse Marker (attitudinal)
Original you should go to new york # well when they open # i mean things are so different now
Replaced DM you should go to new york # oh when they open # i mean things are so different now
Shuffled you they now different when to should new york mean well i things # go are open # so

Discourse Marker (semantic)
Original that’s what i wanted to say # but i didn’t say # i’m like # yeah # that’s my dog
Replaced DM that’s what i wanted to say, then i didn’t say # i’m like # yeah # that’s my dog
Shuffled i yeah # say i’m what that’s but say # like # didn’t # to dog wanted that’s i my #

Filler
Original i i uh # i would find that hard to believe * # personally
Moved Filler i i # i uh would find that hard to believe * # personally
Shuffled to i believe i i find that hard * # would personally uh #

Table 3: Example of corpus example manipulation to generate the disfluency benchmark

to pretrain the written model.
For pretraining French models, we used a conver-

sational dataset inspired by the original BABYLM
data mix (ORFÉO9 (Benzitoun et al., 2016),
CHILDES-FR10 (MacWhinney, 2014; Rose and
MacWhinney, 2014)) and completed with Open-
Subtitles (Lison and Tiedemann, 2016) and a 10M-
token dataset from Wikipedia. 50% of the afore-
mentioned two datasets were combined to pretrain
the mixed model.

For Taiwan Mandarin, conversational data was
derived from the NCCU Spoken Corpus of Taiwan
Mandarin (Chui and Lai, 2008), the Taiwan Corpus
of Child Mandarin (TCCM)11 (Chang et al., 2011),
the media interview sections of the Academia
Sinica Balanced Corpus (Chen et al., 1996), and
automatic transcripts from three sources: a sub-
set of meeting recordings from Taiwan’s Legisla-
tive Yuan12, the CALLFRIEND Mandarin Chinese-
Taiwan Dialect corpus (Canavan et al., 2020), and
116 episodes of ‘PTS Theme Night SHOW,’ a show
featuring interviews and discussions13. The writ-
ten data was from a subset of Traditional Chinese
Wikipedia14. A similar mixed dataset was created
to pretrain the third model.

To have more consistent formatting between con-
versational and written data, we inserted line breaks
after all major punctuation marks (e.g., periods,
exclamation marks, question marks), while also

9https://hdl.handle.net/11403/cefc-orfeo
10https://phon.talkbank.org/access/French/
11https://lope.linguistics.ntu.edu.tw/tccm/
12https://www.parliamentarytv.org.tw/
13https://www.youtube.com/playlist?list=

PLSzfF9jXmOMOrWt5brkz9FudYKJGbQuYG
14https://huggingface.co/datasets/zetavg/

zh-tw-wikipedia/

changing colons to commas. For the Mandarin
data, we standardized the orthography of one of the
common particles, ‘eh’.

Tokenization was performed with SentencePiece
tokenizers (Kudo and Richardson, 2018) trained
on the corresponding data with the Unigram model
(Kudo, 2018). Vocabulary size was set to 10,000
with a minimum token frequency threshold of 2.
Models were trained with hyperparameters similar
to those used for languages with ‘small’ data (i.e.,
5–10 MB) in the Goldfish LM project (Chang et al.,
2024): 4 layers, 8 attention heads, and a hidden
layer size of 512. Batch size was set to 64, with a
learning rate of 5e-4 for English and French, and
1e-3 for Mandarin.

4.4 Evaluation

The evaluation of the models on the benchmarks
follows the minimal-pair paradigm: Given a model
and two sequences forming a minimal pair in the
benchmark (one genuine, one “modified”), the
model is considered correct if it assigns a higher
probability to the positive sequence—defined in
our benchmark as the naturally occurring sequence,
and in BLiMP as the grammatical one. The mean
log probability of each sequence was estimated us-
ing the minicons package (Misra, 2022) in Python.
For English and French, within-word left-to-right
masking was applied following (Kauf and Ivanova,
2023). A model’s prediction is deemed correct
when it assigns a higher probability to the positive
example.

https://hdl.handle.net/11403/cefc-orfeo
https://phon.talkbank.org/access/French/
https://lope.linguistics.ntu.edu.tw/tccm/
https://www.parliamentarytv.org.tw/
https://www.youtube.com/playlist?list=PLSzfF9jXmOMOrWt5brkz9FudYKJGbQuYG
https://www.youtube.com/playlist?list=PLSzfF9jXmOMOrWt5brkz9FudYKJGbQuYG
https://huggingface.co/datasets/zetavg/zh-tw-wikipedia/
https://huggingface.co/datasets/zetavg/zh-tw-wikipedia/
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5 Experiments

5.1 Hypotheses

The different categories of discourse markers,
together with fillers and BLiMP tasks, allow us to
form a complete set of hypotheses with regard to
the models we test in this paper. Regarding the
DMs, both their types (SEM-antic vs. ATT-itudinal)
and their interactional context (MONO-logic
vs. DIAL-ogic) correspond more or less closely
to conversational spontaneous speech. More
precisely, SEM DMs are important in all discourse
genres, while ATT DMs are more present in genres
in which the speaker tends to systematically signal
their attitude toward discourse elements. The
latter corresponds to dialogical situations in which
new information is regularly brought in by the
interlocutor, and it is expected to position oneself
with regard to those. MONO-logical contexts are
the prototypical ones for written genres, even
if present to varying degrees in conversational
contexts. On the contrary, DIAL-ogical situations
are rare in written documents while being the
majority of cases in many conversations. In
addition, fillers are frequent in spontaneous speech
(conversational or not) but are absent from written
documents, and even removed to some extent
from a wide range of transcripts and other written
dialogical productions (Prevot et al., 2019). Finally,
BLiMP tasks are based on normative and canonical
resources, not spontaneous speech.

Taken together, these observations led us to make
the following hypotheses based on four families of
models: written (Wikipedia), conversational,
mixed, and roberta, whose overall properties are
summarized in Table 4 in the appendix.

First, we expect to observe a clear advantage
for conversational over written (and fillers)
for the categories DIAL-DM and ATT-DM, and the
strongest advantage when the two are combined.
We also expect to see our small models perform
relatively well compared to larger roberta models.

There might be an advantage for the other cate-
gories as well due to the reduced distance between
training and testing data. However, we do not form
strong hypotheses about them, particularly for the
combination MONO+SEM, for which the written
(and roberta) models might even have some ad-
vantage, since it is the canonical case in written-
based training data.

Regarding BLiMP, we only expect RoBERTa

to be much better than our small models and do
not form particular hypotheses about differences
between our small models.

5.2 Results: DMs and fillers
The main results of discourse marker replacement
are shown in Figure 1. Across languages, the sys-
tematic result is that models trained with conversa-
tional data outperformed the models trained with
Wikipedia data. The only exception is the task with
semantic discourse markers in Mandarin dialogues.
This exception is actually in line with another gen-
eral pattern in the results, i.e., the difference be-
tween conversational and written models is
not as large for semantic discourse markers (e.g.,
because, so) as for attitudinal ones (e.g., that is,
well, oh), which likely reflects the fact that the use
of semantic discourse markers tends to be similar
across written and conversational genres, both in
frequency and in function. Another anomaly con-
cerns the results of ROBERTA for French MONO-
logical contexts, for which we do not have a clear
explanation, since this is not the case for the other
languages.

Regarding the mixed categories, they do
not seem to be very different from the
conversational category for French and
English but appear to perform worse for the
Mandarin version.

Similar results are observed for fillers,
with a clear difference between written and
conversational models, a more complex situa-
tion for the mixed model, and a slight benefit for
ROBERTA, as shown in Figure 2.

5.3 Results: BLiMP tasks
As hypothesized and illustrated in the Appendix
figure 5, the results show that RoBERTa models
display apparent advantages in the typical BLiMP-
style minimal pair tasks that target syntactic, se-
mantic, and morphological phenomena. Among
the smaller models, the differences are more con-
trasted across languages, without a clear winner
between written, conversational, and mixed.

Interestingly, when we ran the supplementary
English BLiMP task (Warstadt et al., 2023b),
which targets a wider variety of phenomena, we
observed, in Figure 3, trends showing the con-
versational model’s advantage in the following
tasks: QA congruence (Easy: What did you get?
I got a chair/*teacher’; Tricky: Who studies?
David/*Math studies.’), turn-taking (David: Should
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Figure 1: Overall Accuracy results on replacing discourse markers. The top and bottom of a box indicate the range
between the first and the third quartiles, while the line in the box indicates the median. The whiskers (error bars)
extend to the most extreme data point within 1.5 times the Interquartile Range (IQR) from the edges of the box.
Model comparisons are based on Bayesian regression analyses where MODEL is the fixed predictor and SET is
a random intercept. Dial. vs. Monol. = Dialogic vs. Monologic. Att. vs. Sem. = Attitudinal vs. Semantic. The
models were run with weak (uniform) priors using the brms package in R, with post hoc testing comparing three
small models (Wiki, conversational, mixed). Stars in the figure indicate a one-sided hypothesis with a posterior
probability above 95%.

you/*she quit? Sarah: No, I shouldn’t’), and
subject-auxiliary conversion (Is the novel he is
putting away from the library’ vs. ‘*Is the novel he
putting away is from the library?’), as well as the
so-called turn-taking task, which concerns pronoun
use coherence across turns. These tasks test seman-
tic and anaphoric congruence in a dialogue setting
(albeit very simple), suggesting a direct benefit of
conversational data pretraining in tasks involving
speaker interactions. The hypernym task from the
supplement is a purely semantic task for which
there was no reason to expect a benefit from more
conversational data pretraining. It is actually sur-
prising to observe that RoBERTa models do not
perform better on that one.

6 Discussion and Conclusion

From a machine learning perspective, it might seem
trivial that models trained on data similar to test
sets perform better than models trained on other

types of data. First of all, it is worth emphasizing
that the pretraining datasets and benchmarks in our
experiments are completely independent, as they
do not come from the same raw corpora. Also, the
pretraining datasets and the corpora used to build
benchmarks have been curated by different teams
and transcribed with different conventions. Nev-
ertheless, we cannot deny that the conversational
datasets are, in all aspects (sentence length distribu-
tion, lexical frequencies, etc.), more similar to the
benchmarks than the Wikipedia datasets are. As
trivial as it may seem, this is in fact one of our main
points: to produce models more closely related to
spontaneous speech, one should use datasets made
of spontaneous speech (and not generic textual/web
content).

Through this set of experiments, we aim to
demonstrate the value of the proposed approach
and to generalize it to other conversational, and
spontaneous speech phenomena. From a broader
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Figure 2: Overall results on fillers. Model comparison done with the same method as Figure 1.

Figure 3: BLiMP supplement results

perspective, we hope to show that benchmarks from
the rapidly expanding “BLiMP-family”, which re-
quire significant amounts of expert and naive hu-
man input to build, can be complemented with
benchmarks derived from numerous existing high-
quality linguistic corpora, without additional hu-
man effort.
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A Characteristics of Pretraining Data

Table 4 provides statistics on pretraining data, including the number of utterances, words, and unique
words. Figure 4 presents the utterance length distributions for the training splits.

Table 4: The characteristics of pretraining data. For Taiwan Mandarin (tw-zh), each character is counted as one
“word”. The “segments” column counts the separated by punctuations (in particular, .,?! and their Chinese
counterpart)

Lang Split Source
Utterance Count Word Statistics Unique

words
Lines Segments Total words

Avg words
per line

Avg words
per segment

en

train
wiki 737,776 1,214,526 8,910,644 12.08 7.34 212,758
conv 981,747 1,734,651 9,531,387 9.71 5.49 67,713
mixed 1,253,464 2,232,350 9,349,902 7.46 4.19 137,325

dev
wiki 69,726 116,903 860,230 12.34 7.36 53,219
conv 105,261 183,273 917,598 8.72 5.01 21,503
mixed 128,562 252,385 903,845 7.03 3.58 29,725

fr

train
wiki 607,959 1,244,188 8,972,811 14.76 7.21 250,722
conv 1,708,359 1,884,569 9,143,990 5.35 4.85 84,821
mixed 1,278,525 1,597,684 9,047,415 7.08 5.66 189,327

dev
wiki 64,799 143,112 1,152,831 17.79 8.06 69,227
conv 239,965 260,580 979,949 4.08 3.76 12,658
mixed 179,018 215,966 1,080,586 6.04 5.00 43,493

tw-zh

train
wiki 210,376 424,018 4,494,896 21.37 10.60 46,826
conv 570,457 599,189 4,644,140 8.14 7.75 19,364
mixed 392,829 513,037 4,594,104 11.69 8.95 41,614

dev
wiki 22,673 46,690 479,870 21.16 10.28 13,860
conv 64,668 66,593 506,526 7.83 7.61 4,973
mixed 44,074 56,886 490,082 11.12 8.62 10,208
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Figure 4: Utterance length distributions for the training splits. Blue bars show distributions based on line-separated
utterances; red bars show distributions based on punctuation-separated segments.
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B Markers used in our experiments

Table 5: Translation of the markers used in our experiments. In bold markers actually used. The other ones are only
provided for exhaustivity.

english mandarin french type
but dan4-shi4但是, ke3-shi4可是, bu2-guo4不過 mais sem
because yin1-wei4因為 parce que sem
then ran2-hou4然後 après, alors sem
and er2-qie3而且 et sem
so suo3-yi3所以 donc sem
oh ah, oh att
well bon, ben att
well enfin att
like xiang4 genre att
that-is (to say) jiu4就, jiu4-shi4就是, jiu4-shi4-shuo1就是說 att
um, uh uhn, en, un嗯, nage那個 euh filler
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C Additional results

Figure 5: BLiMP results across languages.

Figure 6: Overall results on the DM-shuffling baseline task.
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