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Abstract

Interaction theories argue that mutual understanding between
speakers in natural conversations arises from building shared
knowledge (common ground), but no model specifies what
information is retained or under what conditions. Previous
studies have used Information Theory metrics to quantify the
dynamics of information exchanged between participants but
lack an efficient way to identify which information becomes
common ground. These attempts furthermore limited them-
selves to the study of conversation transcripts, overlooking
nonverbal cues like visuals and intonation. To address this,
we propose a method for annotating new corpora using models
trained on a subset of annotated utterances. Results show a fair
applicability (κ ≃ 0.3) across corpora, though this is strongly
modulated by the conversational task being investigated.
Keywords: informativity, multimodal learning, dialog act,
prediction

Introduction
Humans’ ability to understand each other despite differences
in experience and personality remains a challenge to model
in detail. Grounding theory holds that a contribution to di-
alogue is only successful once the interlocutors demonstrate
mutual evidence of understanding (Clark, 1996). Therefore,
successful communication depends on efficiently sharing in-
formation with others in ways that ensure being understood.
Interaction theories link this ability to the gradual alignment
of linguistic representations between speakers (M. Pickering
& Garrod, 2021; M. J. Pickering & Garrod, 2004). In these
frameworks, all conversational tasks, whether they involve
collaboration or competition, rely on the speakers’ ability
to build a set of shared knowledge (also known as common
ground); the higher their ability to align on such knowledge
and develop their understanding, the deeper and higher qual-
ity the interaction, and the stronger the convergence at lexical,
syntactic, prosodic, gestural, and behavioral levels.

However, no comprehensive model explains how and un-
der what conditions information enters common ground. One
hypothesis is that the convergence phenomenon - and espe-
cially its semantic component - indicates a specific coordina-
tion between participants in terms of information exchange,
which can be further analyzed by studying the amount of ex-
changed information and its dynamics during a conversation.
Previous studies have looked at information transfer through
Dialog Act annotation or Information Theory metrics (Shan-
non, 1948). However, these do not provide with an efficient
way to study individual exchanges or quantify the amount of

information transferred by an utterance. Building on Clark
(1996) theory of grounding, we take the view that the nov-
elty of an information is not the only thing that matters for
inclusion in the common ground; other factors, such as infor-
mation understanding and speakers’ relative interest for the
topic at hand, will also affect this process.

The present study contributes five elements toward that
goal. (1) We formalise strongly informative utterances as a
four-level scale of Information Content (LEV) that unifies
insights from information-status tagging and dialog-act re-
search. (2) We annotate a subset of two multimodal French
corpora with LEV and dialog-act labels, including both free
conversation tasks and a conversational task. (3) We inves-
tigate the impact of each modality (audio, video, text) in the
modeling of this content using transformer encoders and re-
current networks. (4) We benchmark a model fusing lexical,
prosodic and visual cues, showing that multimodality yields
consistent, if modest, gains. (5) We open a path for cognitive
scientists to correlate high-LEV windows with downstream
behavioural or neural measures, thereby investigating theo-
ries of grounding.

The paper is organized as follows. We first situate our re-
search in its context, with our reasons for undertaking these
experiments. The next section is dedicated to the developed
annotation scheme and the corpora it was applied to. An ac-
count of the models used for the prediction is then given,
before detailing our results and the conclusions drawn from
them.

Previous Works
Studying Common Ground in Conversation
The complexity in the study of common ground develop-
ment arises from the inherently dynamic nature of dialogs.
Convention and assumptions are rarely imposed by just one
speaker, most pieces of information being added upon by all
interlocutors, co-constructing utterances. Co-occurring utter-
ances may also refer to different pieces of information, with
their grounding therefore occurring out of order. In addition,
interlocutors do not always manifest overt signs of having
grounded.

For this reason, most studies on common ground focus on
conversational tasks - rather than free conversation - that al-
low for simpler dialogue with more limited and controlled
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vocabulary, yet higher engagement making participants strive
for mutual understanding. Investigations also usually focus
on one specific phenomena - conversational feedbacks (Clark
and Brennan (1991) or Roque and Traum (2008), opera-
tionalising common ground through evidence of acceptance),
repetitions, speech dynamics (Bertrand & Espesser, 2017),
speaker beliefs (Markowska et al., 2023)... - with limited in-
vestigation of how these different features interact together.

Informativity in Conversation

A direct study of information transfers in conversation could
give another angle on the development of the common
ground. Indeed, despite most utterances serving some infor-
mative role, not everything shared has a direct impact on the
shared knowledge between speakers: some information is not
as interesting to a speaker as it is to the other, and will be
forgotten upon hearing; in other cases, a larger buildup of in-
formation is required in order for a point to be understood,
leading to a ”eureka” moment.

Various approaches have been investigated to quantify and
analyze how speakers share information. Purely based off lin-
guistics features, feedback mechanisms provide insight into
information uptake, as listener reactions signal whether an
utterance meaningfully updates the common ground. Dia-
logue act classification, while useful in identifying informa-
tive utterances (”inform” or ”statement” label), remains broad
and often task-specific, making it less suited for open-ended
conversations (Klein et al., 1998). Kravtchenko and Dem-
berg (2022) noticed that utterances that are informationally
redundant can also trigger pragmatic inferences. Finally, non-
verbal cues can modulate perceived importance(Roettger et
al., 2019) or help locate ”hot-spots” of informative content in
dialog (Wrede & Shriberg, 2003).

Another angle into this topic is uses Information Theory,
relying on the correlation between the surprisal of a word in
a sentence and the cognitive load associated with its parsing
to introduce an utterance-based entropy metric (Giulianelli et
al., 2021; Xu & Reitter, 2018) to explore information patterns
at the scale of a conversation. The finer results of this met-
ric are however highly dependent on the training of a given
model, which makes their use adequate for exploring general
patterns, but less so for the exploration of unique or more
localised phenomena. Conversation summarization (Maës et
al., 2024) offers another perspective, as the process of sum-
marization implicitly selects the most informative content,
mirroring speakers’ real-time evaluation of relevance.

Khebour et al. (2024) also reports on training a model for
Common Ground Tracking model to identify both the current
set of beliefs and the associated level of evidence, using a data
structure to differentiate between facts and evidence known to
the group, and topics that are being discussed.

Multimodal Learning

Until recently, multimodal exploration was limited to easy to
model phenomena with large corpora available for training

models, such as emotion prediction (Kalateh et al., 2024; Ra-
maswamy & Palaniswamy, 2024) in conversation. The de-
velopment of more foundation models and widens the scope
of problems which can be investigated, though the question
of the adequate handling of these features remains a ques-
tion: how can we best highlight the co-occurrences of events
across the channels.

Corpus
We focus on two corpora for the development of our method:
the BrainKT corpus (Maës et al., 2023) which contains mul-
timodal data including brain activity - which will enable the
future investigation of cognitive processes behind produc-
tion and reception of information - and the PACO-CHEESE
dataset, which was partially annotated for informativity con-
tent in previous experiments (Maës et al., 2024).

BrainKT is a multimodal corpus containing the audio,
video and neurophysiological (EEG, heart rate, skin con-
ductance) recordings of 28 interactions between dyads of
participants talking through two conversational tasks. Con-
versations are in French and lasting about 30 minutes (15
minutes for each task). Through the tasks, the participants
would familiarize themselves with one another, build com-
mon ground and use increasingly unconstrained vocabulary
and references. The first task is a collaborative game; after
a short dilemma serving as the discussion prompt, they were
then free to discuss the topics of their choice.

PACO-CHEESE is a multimodal corpus containing audio
and video recordings of 26 interactions between dyads of
participants. Conversations are in French and last between
15 and 20 minutes. Participants were given a short prompt
to read (donkey joke, frog joke) to elicit conversation before
continuing the talk on the topics of their choice. For 16 out
of the 26 recordings, participants were not acquainted. The
corpus is furthermore enriched with annotations for noise,
laugh, pauses, feedbacks, head nods and smiles (Amoyal,
2018; Amoyal & Priego-Valverde, 2019). Expert thematic
annotation has been added to 16 of the dialogues.

For both corpora, the manual transcription was aligned to
the audio signal. Consequently, the speech segments we con-
sider here are utterances or inter-pausal units (IPUs), seg-
ments of speech of which boundaries are defined by pauses
longer than 200ms of silence.

Informativity Annotation
The working assumption for the current study is that infor-
mation transfers may occur continuously throughout conver-
sations but the quantity of information being conveyed and
the impact on the conversation varies, with for instance pos-
itive feedback amounting to a negligeable amount of infor-
mation compared to the answer to an open-ended question.
Those utterances are more likely to have an impact on the
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cognitive processes involved in common ground building. We
take inspiration from existing studies looking into common
ground and information annotation. The emergence of the
common ground can be described at the scale of the conver-
sation through the progressive alignment between speakers. It
is more however most often described at smaller scales, such
as one or several neighboring utterances, or even word-level.
For instance, testing language models’ ability to locate events
or information uses the frame annotation. Turn-Taking and
language prediction investigation are two other cases using
word-level annotation, with Bögels et al. (2015) warranting
this requirement by noting that participants answering quiz
questions for which response planning could start early would
do so. At the utterance level, Dialog Acts are a common oc-
curence in dialogue analysis; they can be used (for instance)
to annotate and investigate dialogue structure and speaker in-
tent. The belief-based annotation used by Markowska et al.
(2023) details events mentioned (uttered or inferred) through-
out dialogue utterances and whether and how strongly each
speaker believes them; this is a rare instance of a scheme
keeping track both speakers’ knowledge in parallel, though
this requires a higher level of implication from annotators
who are required to postulate the internal representations of
the speakers. Finally, Common Ground Units described by
Nakatani and Traum (1999) are groups composed of a few
utterances that may or may not be adjacent and are relative to
the exchange of one information.

The information transfers we are targeting are thus those
which are going to steer and organise the conversation. They
have a mostly local scope - they may be recalled or have
an impact later in the conversation, but they are agreed on
right after being mentioned. Previous experiments Maës et
al. (2024) however showed the difficulty in describing the im-
pact, in terms of informativity, of utterances. Supplementary
labeling was thus added to better describe the conversation,
with a small set of Dialog Acts (see Table 2) and a word-
scale annotation for words being empathized by a speaker or
carrying most of the expected information. Considering the
schemes have to fit both free conversation and game tasks,
we added a label to separate utterances where the speaker is
reading instruction out aloud rather than mindfully sharing in-
formation. Table 1 lists the labels used for this Informativity
Content (LEV) annotation.

Inter-annotator agreement and annotation validity A
first round of annotation led to the simplification of the origi-
nal set of labels chosen for the Dialog Act annotation, as the
inter-annotator agreement (computed on one file) was quite
low, with cohen’s kappa score: κDA = 0.45. The agreement
for informativity content was lower (κLEV = 0.27) but not un-
expected. As a reference, κLEV on the PACO-CHEESE anno-
tation was also quite low on average (0.326 ± 0.101, reach-
ing 0.493 for only one pair of annotators), despite focusing
on selected themes of natural conversations rather than com-
plete dialogues. The agreement was higher on DA labels on

Level Description Percent.

1

The IPU conveys major information,
strongly correlated to the currently
discussed theme, which has never
been mentioned before

7.61%

2

The IPU conveys information, but of
secondary importance to the conversa-
tion; it can include utterances that de-
tail previously mentioned information

18.96%

3
The IPU conveys little to no informa-
tion, or a repetition of aforementioned
information

73.43%

4 The speaker is reading experiment
guidelines out loud

Table 1: Description of labels used in the Information Content
(LEV) annotation

General Sub Description Percent.Label categories

Statement ST-New Facts useful to the
speaker (new) 40.0%

ST-Expl
Facts useful to the
speaker (detailed expla-
nations, repetitions)

Feedback FDBK
Agree / Reject / Repeti-
tons / sentence comple-
tion / non understanding 20.9%

FDBK-Spe Feedback specific to the
previous utterance

Instruct Instr
Directing or guiding the
listener to perform an ac-
tion

5.5%

Others Oth
Rhetorical, self-talk, un-
interpretable, interrupted
utterances 19.6%

Oth-Opin Opinions, emotions
Oth-Q (Y/N, Wh-) Questions 9.5%
Oth-Ans Yes/No answers 4.3%

Table 2: Description of labels used in the Dialog Act (DA)
annotation

the game subset of the BrainKT corpus, but higher on LEV
labels on the free conversation part - as the more interesting
utterances are more obvious in free conversation.

Considering the cost of human annotation, we explored the
reason for this lower agreement. Recent work into annotation
aggregation has highlighted that annotator disagreement may
not always be due to errors, but rather to differences in inter-
pretation (which is however not logged during the process),
and that models would benefit from learning from these vari-
ous sources rather than from an aggregated view (Mokhberian
et al., 2023; Plank, 2022; Weber-Genzel et al., 2024).

Upon review, it was however noted that one annotator mis-
understanding of some of the annotation guidelines was lead-
ing many of the disagreements (for instance what constituted
answers to questions vs. statements or feedbacks), which led
us to only keep one set of annotations for the experiments.

5303



Models and Experiments
We train models to predict both the annotated Dialogue Acts
and Informativity levels in parallel. We hypothesize that this
might help the model determine whether an utterance is im-
portant for the conversation or not. Models are either uni-
modal (text or audio or video) or multimodal (text-audio or all
3). The prediction is done at the end of each utterance, using
utterance content (tokenized) and / or audio and video signal,
cut and 0-padded to a 2s-window. (adding more signal didn’t
not significantly improve the prediction, neither did adding
signal after the utterance end; on the other end, cutting the
window to 1 or 1.5s significantly decreased performances).

Text and audio models were adapted from HuggingFace’s
transformer (Wolf et al., 2019) SequenceClassifier mod-
els with separate Linear layers for each target. Models were
trained using the transformer Trainer with a custom loss
function, computing the sum of the CrossEntropyLoss with
adequate class weights for each target. Batches contained a
balanced number of samples for each target. 4-cross valida-
tion was used to test the stability of the predictions.

Text Embeddings For unimodal models, we compared the
performances of two encoder models (FlauBERT (Le et al.,
2020), DeBERTa (Antoun et al., 2023)) and one decoder
model (DialoGPT1 (Zhang, 2019)) for the classification both
of LEV and DA values. For multimodal models, only the De-
BERTa embeddings were kept.

Audio Embeddings We chose to use wav2vec2 (Baevski
et al., 2020) embeddings for the audio signal. Pretrained
weights were taken from either Parcollet et al. (2023) (base
model, 12 hidden layers) and Grosman (2021) (large model,
24 hidden layers). Rather than using the last layer’s hidden
state for the classification, we used learnable parameters to
get the optimal weight distribution for the weighted average
of the information from the hidden layers.

Video Representation We trained RNN-based models on
OpenFace data (features are described in Table 3) which are
commonly used in this kind of task. We especially focused
on eye and action unit features.

Modality Fusion For models using 2 or 3 modalities, we
separately obtain embedding representations for each modal-
ity then concatenate them before the classification step.
Weights were initialized using pretrained models for the text
and audio modalities, and randomly initialized for the video
(see Figure 1).

Label distribution Due to the lack of representation and
difficulty to identify some categories, only 6 (out of 9)
DA labels and the first 3 LEV labels were kept. (Groups
are indicated in the percentage column in Tables 2 and 1).

1models finetuned from emil2000/dialogpt-for-french-language

Features Number of Description
features

gaze 8
eye lmk 280 eye landmarks (gaze details)
pose 6
x , y , 124x2 landmarks in 2D
X ,Y , Z , 124x3 landmarks in 3D

p 40
Rigid and non-rigid shape pa-
rameters - identity

AU r 17 Facial Action Units (intensity)
AU c 18 Facial Action Units (exists)

Table 3: Description and number of OpenFace features

Weights were applied to the loss to take this imbalance
into account, with experiments showing that using inverse
proportion of labels compared to the most common label
(max({p})/p(label), making weightsDA ≃ [1,2,8,2,4,9] for
labels in the order given the table) got close to optimal re-
sults. Increasing the weights for underrepresented samples
more than that had a negative impact on the performance of
the more common labels.

Results
Model results are described in Table 4. Various experiments
were run to try and better understand predictions with regards
to the task and the corpus subset. We use both the f1 score
and Cohen’s Kappa Score κ (which takes label probabilities
into account) for the evaluation.

Label Prediction
We obtain much better results for the prediction of DA la-
bels than LEV labels, with κDAsimeq 0.52. Most DA labels
are well classified, with the Oth and Oth-Ans labels being
the exception to this rule - which is understandable since the
model does not have access to previous utterances, making
Yes/No answers and more conversational utterances difficult
to distinguish from feedbacks. Adding context however did
not improve the prediction.

LEV labels, on the other hand, are less easily classified
(κLEV ≃ 0.3 on BrainKT, 0.4 on PACO-CHEESE), as weights
included in the loss do not seem to be enough to completely
offset the imbalanced learning. This is however not too far
from the agreement between human annotators on the corpus,
which is a good sign considering the difficulty of the task.

Models trained on the different data splits also show varia-
tions in their prediction of the labels, stressing the need for a
larger dataset to train on. Model agreement (computed with
Fleiss’ Kappa) is fair, with an average of κDA ≃ 0.69± 0.7
for the DA prediction task and κLEV ≃ 0.48 ± 0.1 for the
LEV task for the models, with similar agreement on each
corpus subset. Most utterances receive the same predicted
label across splits, indicating that variance is concentrated in
a small subset of borderline cases. This variability however
seems to improve performances for models with good enough
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Figure 1: Description of the architecture of the multimodal model used (here with 3 modalities). A concatenation step enabled
the fusion of information from the different modalities.

n modality pretrained fusion
κLEV f 1

LEV κDAtype
1 audio large 0.250±0.018 0.346±0.005 0.479±0.011
1 audio base 0.279±0.013 0.484±0.013 0.350±0.009
1 video RNN 0.134±0.014 0.399±0.015 0.182±0.01
1 text DeBERTa 0.276±0.028 0.476±0.015 0.550±0.007
2 text+audio DeBERTa+base concat 0.276±0.023 0.474±0.022 0.514±0.052
3 text+audio+video DeBERTa+base+RNN concat 0.293±0.047 0.477±0.022 0.525±0.08

Table 4: Summary of the main results by modality(ies) tested. In bold the model with the best results for each target. f1 is only
indicated for LEV prediction as the imbalance in labels more strongly affects the metric.

performances, as the fused prediction (most common label
being selected for an utterance) leads to slightly better perfor-
mances than the split models on their own (κLEV,agg = 0.341
and κDA,agg = 0.607 for the 3-modal model in Table 4).

The joint learning of LEV and DA labels does not signifi-
cantly improve performances for most models - the exception
being text encoder models, which benefit the most from it.
With audio models, the choice of the model had a stronger
impact on performances than variations in the length of the
signal window chosen, with large models being better at clas-
sifying DA labels, but base models being better at LEV labels.
The impact of the fusion of modalities is also limited, which
can either be linked to the difficulty of the task or to the sim-
plistic way this fusion was handled (a simple concatenation
layer) which does not represent accurately enough the com-
plex interactions between the audio and semantic contents,
and the facial features.

Conversational tasks specificity

Models were trained separately on the game and free conver-
sation corpora subsets to check on models ability to gener-
alise to other corpora - an important question as most cor-
pus / experiments only focus on conversational tasks. De-
spite both LEV and DA labels appearing in similar propor-

tions, performances on one subset did not propagate to the
other (see Figure 2). This confirms the need to study con-
versational tasks and free conversation in parallel to better
understand how common ground building works. Game ut-
terances appear closer to those in the free conversation than
to the dilemma discussion. This might be a specificity of
the BrainKT corpus as speakers were unacquainted and relied
more on questions when learning about one another, whereas
opinions were more frequent in the dilemma. Models per-
formed as well on BrainKT free conversation as on PACO-
CHEESE. Audio and Text models trained on PACO-CHEESE
however do not perform as well on BrainKT, which could
be linked to the construction of the PACO-CHEESE anno-
tation, which only includes long themes but no theme tran-
sitions, making those utterances in other corpora difficult to
predict for the model. Video models, on the other hand, per-
form similarly to slightly better, which would underline the
benefits of learning on cherry-picked samples. One surpris-
ing result was the performances of the game-trained audio
model, which performed better on free conversation corpora.
This could indicate that similar prosodic patterns are used be-
tween the subtasks, but that the game subset is overall harder
to analyse in terms of informativity as most utterances trans-
fer some information.
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Figure 2: Performances in the prediction of the LEV labels by text models (similar trends are obtained with DA / audio and video
modalities) depending on the subset of corpus on which the model was trained (game, free conversation, PACO-CHEESE).

For models trained on both subsets, DA prediction was eas-
ier on the game corpus - where utterances go more to the point
- whereas LEV prediction was easier on the free conversation
task - where the distinction between important information
and feedbacks or anecdotes shared just to empathize a point.

Annotating the rest of the corpus
Only 7 of the BrainKT conversations were initially annotated
with DA and LEV labels; in order to fully profit from the
corpus, we used the best model to predict classes on the 21
remaining dialogues. A total of 1300 LEV-1 utterances are
obtained throughout the corpus, out of which 66% are State-
ments.

LEV Label 1 2 3
Annot. (7) 390 (72%) 950 (75%) 14000 (27%)
Predict. (21) 910 (64%) 4750 (70%) 3700 (33%)
Whole 1300 (66%) 5700 (75%) 17700 (32%)

Table 5: Amount (approximated) of each LEV label on the
whole corpus after prediction on the un-annotated dialogues.
Between brackets is the fraction of utterances that are labeled
as ”Statement”.

A manual check of the predictions however revealed a very
different outlook for the two conversational tasks. In the
game subset, the models relied heavily on the identification
of certain keywords to label the informative content of utter-
ances, missing the point in a large number of dialogues. The
free conversation prediction is on the other hand much more
reliable. Though a cherry-picking step might still be required
prior to the brain activity analysis, the number of utterances
available makes this prediction step a much needed gain of
time.

Discussion
These experiments aimed both at exploring the developed an-
notation and the impact of combining modalities for the pre-
diction of moments where information transfer is more em-
phasized in the conversation, with the goal of pre-annotating
the BrainKT corpus for future investigation of cognitive ac-
tivity during common ground building in conversations.

Though some aspects of the training (notably the limited
impact of the combination of multimodal features, or the ex-
act impact of the video features) underlines the necessity for a
more in-depth analysis, some lessons can still be learned from
it. The different strategies used to share information during
either during free conversation vs conversational games have
an impact on a model’s (trained on any modality) ability to
predict to another kind of corpus, which both validates their
investigation separately and underlines the need for more par-
allel studies.

Overall, we have shown that grounding-oriented informa-
tivity can be detected — even if imperfectly — directly from
naturalistic conversational signals. The resulting multimodal
predictor already matches the lower range of human agree-
ment and thus offers a practical filter for large corpora, open-
ing the way for a more in-depth analysis of speaker behav-
iors, both with ”perceivable” features (voice, facial expres-
sion, choice of words) but also of the cognitive processes in
play during conversation.
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