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Abstract

Different people have different dialog interac-
tion styles, but our understanding of how these
are perceived is limited. We approach this prob-
lem by making two working assumptions: that
interaction style perceptions are largely just
the result of utterance-by-utterance perceptions
of a speaker’s pragmatic intent, and that prag-
matically typical utterances for a speaker can
be informative regarding their overall interac-
tion style. We accordingly applied a recently-
developed vector-space model of pragmatic
functions to identify speaker-typical utterances.
We found, among other things, indications that
people are able to infer useful style information
from single utterances, and that the space of
interaction styles is very broad.

1 Motivation

In terms of dialog interaction style, we may per-
ceive people variously as domineering, laid-back,
no-nonsense, chatty, good listeners, and so on.
While the notion of "interaction style" has no
standard definition, we here, inspired by (Tannen,
1980), consider an interaction style to be constella-
tion of linguistic features and interactive behavior
propensities that enable others to predict a person’s
likely behaviors and responses in conversational
interaction, and thereby infer how to effectively
interact with them.

Studies of conversation and dialog currently tend
to seek general findings by abstracting away from
individual differences. While this has been a pro-
ductive strategy, the field may be approaching readi-
ness to start exploring the effects of such differ-
ences, specifically in interaction styles. Doing so
could benefit both empirical studies of conversa-
tion phenomena and the endeavor of building di-
alog systems better able to satisfy individual user
preferences.

However, there have been very few explo-
rations of interaction style differences and how

they are perceived. Here we approach this ques-
tion in a novel way, through speaker-typical ut-
terances, leveraging a recently-developed vector-
space model of pragmatic functions, and building
on research on perceptions of thin slices of behav-
ior.

2 Use Cases

One of our motivations for exploring interaction
styles is a practical one: giving someone advance
knowledge of a new interlocutor’s interaction style
may be useful.

In daily life, talking with other people about
the interaction styles of third parties is not uncom-
mon, and this can sometimes enable us to enter a
conversation with a new interlocutor with useful ex-
pectations. Such information sharing often occurs
informally, when we happen to meet someone who
knows the other person. However, in modern soci-
ety, the number of potential interaction partners is
huge, and we generally lack connections who can
provide such information.

We accordingly conceived of an alternative way
to convey such information: through a single typ-
ical utterance. We suspected that a truly typical
utterance could serve as a “distillation” of a sub-
stantial sample of behavior, helpful to enable a
listener to quickly grasp enough about the person
to feel better prepared to enter an interaction, or to
predict the likely value of choosing to interact with
that person at all. Figure 1 illustrates the concept.
More specific use cases include:

1. Preparation for a Conversation. Before meet-
ing someone for the first time, we commonly look
them up on the web or social media, to get a feel
for what they will be like to talk to, but this only
helps a little. If instead their interaction style could
be represented by a single typical utterance, we
could quickly listen to that first, to get a rough idea
of who we will be dealing with and what conversa-



Figure 1: Our Applications Concept: A user, bottom,
interested in potentially interacting with someone new,
top, might learn something about them from a mutual
acquaintance, left. As an alternative, we propose to
support the user by providing a typical utterance that is
automatically extracted from a corpus of speech by the
potential dialog partner, right.

tional style might work best with them: directive,
relaxed, businesslike, friendly, etc.

2. Partner Selection. Informed choice of team-
mates, tutors, romantic partners, consultants, and
other interaction partners is important, for individ-
uals and for society. There are many established
processes and resource types to support this (Lyk-
ourentzou et al., 2017; Palea et al., 2024), but these
may give little idea of what the person would be
actually like to interact with (Azuma et al., 2025).
If a person’s authentic interaction style could be
represented by a single utterance, then people could
potentially match up faster with more suitable in-
teraction partners. As a special case, users may
want similarly to select among variant personas
for a dialog system, or use an exemplar utterance
to indicate their ideal for what the system should
be like (Lilley et al., 2025; Ostrowski et al., 2022;
Metcalf et al., 2019).

3. Helping Patients and Clients. Insofar as peo-
ple with autism, and possibly other conditions, have
characteristic interaction styles (Scheeren et al.,
2012; Matyjek et al., 2026), typical utterances
could be useful in clinical work. We recently sur-
veyed 18 speech-language pathologists regarding
some possible ways in which technology could sup-
port their workflow, inspired by (Klatte et al., 2022)
and (Ward et al., 2025). We asked them to rate the
idea that “clinicians might appreciate the ability
to quickly find and hear a ‘typical’ utterance by a
speaker of interest, as that could serve as a useful
summary of the properties of many utterances. This
could be useful for providing examples in assess-

ment reports.” Of the 18 participants, 11 agreed or
strongly agreed that this would be a use case worth
pursuing. Their reasons included, beyond the idea
of identifying examples to include in reports, help-
ing parents and children understand the diagnosis
and recommendations, as in: “The ‘typical’ utter-
ance may open up conversation regarding what the
expectations are for both listener and speaker as
well as clarify purposes of communicative behav-
iors and why behaviors are expected or considered
‘atypical’.”

3 Research Questions

We accordingly set out to explore the space of in-
teraction styles and how they are perceived. As an
exploration, we did not have specific expectations
for what we might find, but our research questions
included, vaguely:

RQ 1 What interaction styles exist?

RQ 2 Do observers agree on what styles are
present in speech samples? and

RQ 3 Can observers perceive interaction style in-
formation from even just a single typical ut-
terance?

We also aimed to lay the groundwork for building
out the use cases. The associated research ques-
tions were:

RQ 4 how best to select typical utterances, and

RQ 5 whether people find them of value for rapid
identification of interaction styles.

4 Related Research

We survey related research around five themes: in-
teraction styles, thin slices, inferring user properties
from speech data, pragmatic functions in conversa-
tion, and modeling typicality.

Work on interaction styles, starting from Tan-
nen’s (Tannen, 1980, 1990) seminal work on con-
versation styles, has identified many dimensions
of variation. The general focus of this work has
been identifying cultural, group, or demographic
differences, rather than characterizing individuals’
styles (Geertzen, 2015), as surveyed by (Ward and
Avlia, 2023). An important observation is that in-
teraction styles are not stable properties of people,
but behavior instead varies based on factors such
as the interlocutor and the context (Selting, 1989;
Zhao et al., 2026; Ward and Avlia, 2023). However,



in order to make progress identifying styles in the
first place, we here accept the limitation of only
addressing those aspects of interaction styles that
are relatively stable for each speaker.

There is also some computational work on this
topic. Some work treats only a small number of
styles, such as awkward, friendly, or flirtatious
(Ranganath et al., 2013). Dimensional models, in
contrast, can describe greater variety, and naturally
reflect the fact that various nonverbal features tend
to co-occur (Tannen, 1980; Grothendieck et al.,
2011; Ward and Avlia, 2023). In such models, a
person’s style is described in terms of its values
on the dimensions, or, equivalently as a vector in
a space spanned by those dimensions. Proposed
dimensions cover attributes such as a content focus
versus an interlocutor orientation, being engaged,
taking a fatalistic/accepting stance, being upbeat,
and favoring the listener role.

Work on “thin slices” in the fields of social and
personality psychology has shown that observa-
tions of short behavior samples often enable lis-
teners to make social-construct judgments that are
highly predictive of judgments made on the basis of
much more data (Murphy and Hall, 2021; Ambady
and Rosenthal, 1992). This phenomenon has been
seen in predicting, for example: suitability for hir-
ing from interviews, the likelihood of couples stay-
ing together, ratings of teacher effectiveness, and
speed-dating outcomes. Thin-slicing research has
mostly used video data, but judgments from audio
alone are sometimes even more informative (Kraus,
2017). Thin-slice observation is effective for slices
of various sizes (Ambady and Rosenthal, 1992;
Knops and Hagen, 1989; McAleer et al., 2014; Hall
et al., 2014; Holliday, 2023; Lavan et al., 2024;
Chakravarthula et al., 2021; Wang et al., 2021), but
previous work has not explored the utility of single-
utterance slices. To date, the question of whether
some slices are more informative than others (Car-
ney et al., 2007; Ingold et al., 2024; Le et al., 2024;
Azuma et al., 2025; Wang et al., 2021; Hall et al.,
2021), has been only sporadically examined, and
only as a question of pure scientific interest. Here,
motivated by the use cases, we are working with un-
commonly short slices, so effective slice selection
is an important issue.

In speech technology, there is a long tradition of
work on inferring speaker properties from speech,
such as personality traits, communication skills,
and interaction styles (Schultz, 2007; Li et al.,
2024; Nguyen and Gatica-Perez, 2015; Völkel

et al., 2020; Gallardo and Weiss, 2018; van Rijn
et al., 2024; Ranganath et al., 2013; Tannen, 1980;
Grothendieck et al., 2011; Ward and Avlia, 2023;
Okada et al., 2016). This work largely relies on the
same types of features that underpin the success of
thin slicing: fast, subtle nonverbal signals, often
prosodic, that are generally below the level of con-
scious awareness (Pentland, 2007; Vinciarelli et al.,
2011). Such classifiers often perform very well, at
least on curated data.

A related thread of research has explored per-
ceptions of voices and interaction styles for auto-
mated agents. Some work, inspired by the problem
of selecting personas or voices for spoken dialog
systems, has explored the relationships between
perceived voice properties and higher-level speaker
characteristics (Gallardo and Weiss, 2018; van Rijn
et al., 2024), including interpersonal characteristics
such as “likable, attractive, competent, childish,”
and so on. However we doubt that any small finite
set of adjectives will be adequate for describing
the rich variety of human interaction styles, as sug-
gested by the work of (Völkel et al., 2020). Fur-
ther, while personality attributes are often exploited
in agent design (Kim et al., 2019), (Völkel et al.,
2020) shows that the well-studied Big 5 personality
attributes are not adequate for describing the inter-
action style elements attributes that are most impor-
tant to conversational interaction. They present a
more complete personality model with dozens of
associated descriptive adjectives (mostly organized
into 10 factors), but note that, in the end, even this
will not be enough for characterizing interaction
partners in general.

Our understanding of the pragmatic functions
employed in interaction has grown with detailed
analysis of conversation behaviors (Clark, 1996;
Couper-Kuhlen and Selting, 2018): there are many
things that people do with language beyond just
conveying information. Beyond the well-known
speech acts and dialog acts — question, answer,
command, request, confirm, acknowledge, and so
on — people also do things like mark something as
new information, yield the turn, invite a backchan-
nel, assess something positively, cue action, ground
an ambiguous referring expression, signal a topic
change, indicate confidence, defer to the interlocu-
tor’s superior knowledge, show empathy, and so on.
Many, if not most, utterances in daily conversation
simultaneously convey several such functions, in
goal- and situation-tailored combinations. There
are clear connections between pragmatics-related



behaviors and social meaning, but research at the
intersection has been scant (Beltrama, 2020).

Regarding the notion of typicality, an influential
perspective defines the most typical member of a
set to be the one that is most similar, on average,
to all others in that set (Belohlavek and Mikula,
2024). This idea works well with embeddings:
mathematically, if we use a vector representation
that behaves as a metric space, then the utterance
that is nearest to the centroid (the average), will
be closest, on average, to all the other utterances
in the set (Rossiello et al., 2017). Many vector
spaces have this property, including, in practice,
most embeddings. Averages have seen some use in
speech processing (Oplustil Gallegos et al., 2020;
Fontaine et al., 2017; Bruckert et al., 2010), and
caricatures have been used in voice manipulations
(López et al., 2013), but neither has been consid-
ered for utterances.

Thus, despite a good body of related work, our
understanding of interaction styles is still limited.

5 Methods and Quantitative Results

Our research strategy was to initially focus on the
use cases. Among other advantages, this gave our
participants a sense of purpose and focus: rather
than try to involve them in blank-slate contempla-
tions, we engaged them in our aim of creating util-
ity. They were particularly enthusiastic about the
potential to help children through Use Case 3.

5.1 Model

We needed a model able to find utterances that are
typical in a specific way: in terms of interaction
styles. As already noted, we chose to try, as a
proxy, an embedding that represents pragmatic-
function-related behavior. As a side note, we might
have tried many feature sets, relating to turn taking,
lexical content, or prosody (Grothendieck et al.,
2011; Miehle et al., 2020, 2022; Ward and Avlia,
2023; Wong and Ginzburg, 2018), but we opted for
an embedding (Wang et al., 2024), expecting it to
encode much more information.

Given this choice, only one model was available:
our own previous work (Ward et al., 2024). In
technical terms, this model is simply a subspace
of the HuBert Large embedding (Hsu et al., 2021),
consisting of 103 features (dimensions), selected
for utility for predicting human judgments of prag-
matic similarity among utterance pairs. Importantly
for our purposes, this may capture more detail than

Figure 2: The Caricature Concept. Squares represent
utterances from the speaker being modeled, and dots
represent utterances from other speakers.

classic dialog-act taxonomies, reflecting not only
such top-level pragmatic distinctions as question
versus statement, but many more nuances of what
people are trying to do in conversation and how
they do it.

We must digress to acknowledge here that not
all elements of style are utterance-internal, with
turn-taking dynamics only the most obvious ad-
ditional factor to consider (Roberts and Francis,
2013; Blohm and Barthel, 2025). We nevertheless
limit our scope here to what we can learn from ut-
terances without context. This is not unreasonable,
because we are working with speech data from con-
versations, in which even a single utterances can
portray many aspects of interaction style, especially
since 5 second clips usually contain enough infor-
mation to infer something about what came just
before. For example, from the following utterance
(Switchboard 3003@0:05.7)

well, no, it’s probably going to be a very
old used one; my husband had an acci-
dent . . .

it’s easy to infer (in part from the prosody) that the
topic is buying cars, that the speaker had earlier
said that she was in the market for one, and that the
interlocutor had made a comment or asked a ques-
tion that presupposed that she would be shopping
for a new one and looking forward to it.

For choosing typical utterances we developed a
way to find “caricatures.” Given the vector space, a



straightforward implementation of typicality would
be to compute the average of all of the speaker’s
utterances, namely the centroid, and return the ut-
terance closest to it. (Here, based on a pilot study,
we chose to compute closeness using Euclidean dis-
tances rather than cosines.) However, most people
are rather alike: the average behavior for one per-
son is generally not far from the average population
behavior. To convey more information, we decided
to try using utterances that exaggerate the differ-
ences: caricature utterances. Figure 2 illustrates
the concept. Specifically, for finding the caricature,
we used C = S + α(S–G), where G is the group
centroid and S the speaker centroid. We set α to be
1.5, based on a pilot study.

5.2 Evaluation Methods
The first evaluation instrument, addressing RQ 4,
was based on the idea that a typicality model is
better if its selections of typical utterances are
indeed more speaker-typical according to human
judgments. Inspired by previous studies of typical-
ity (Le Mens et al., 2023; Belohlavek and Mikula,
2024), we accordingly had participants “rate the
following utterances in terms of most typical to
least typical,” using a slider with 1 and 5 as the
endpoints. We hypothesized that the caricatures
would be judged highly typical, and, in particular,
more typical than the centroids and the utterances
from three other conditions: chosen randomly, cho-
sen as the one closest to the middle of one of the
conversations, and chosen as a “first,” that is, an
utterance that was closest to the beginning of one
of the conversations.

The second instrument, for RQ 5, asked the par-
ticipants to: “On a scale of 1-5, please rate the value
of having the most typical utterance of a speaker,”
where the anchors were “1: no value” and “5: very
valuable.” There were five sliders, one for the gen-
eral scenario of meeting a new person (Use Case 1),
and four for specific scenarios, of choosing a guide
to a new city, a counselor, a teammate, and a con-
versation partner (Use Case 2). We hypothesized
that participants would consider typical utterances
to generally have value. We asked these questions
after they had heard five candidates for typical ut-
terances and identified the best, so they knew what
“the most typical utterance” might be like.

Third, we asked participants to “please provide
adjective(s) to describe each utterance in terms of
what it reveals about the speaker’s conversational
style or personality,” giving them a list of sugges-

tions but also asking them to add some of their
own. The suggestions served to guide them to fo-
cus on speaker traits, rather than voice properties
or ephemeral intents. Having participants provide
descriptors also helped keep them engaged and per-
ceptive.

The procedure had four phases. 1) Participants
listened to each of 5 clips and chose some descrip-
tors for each. The five clips were presented in
random order. Any participant could request that
we replay any clip, any number of times, and par-
ticipants did this often. 2) They listened to substan-
tial conversational speech data for the speaker and
chose more descriptors. 3) They listened again to
the 5 clips and made judgments of typicality, again
being able to request any number of replays. 4)
They made judgments regarding utility. The entire
procedure took about 15 minutes and was repeated
for each of 11 speakers. The protocol was approved
by our Institutional Review Board.

The training of participants was brief. We mo-
tivated our interest in typical utterances with the
use cases. We told them that we were especially
interested in which clips were highest rated, to
guide them to consider the task as one of rank-
ing as well as rating. We did not define “typical”
nor delimit what might be included in “interac-
tion style,” instead allowing them to interpret these
terms to mean whatever speaker properties they
thought were relevant to the use cases. After the
first and second data sets we had group discussions,
to help the participants sharpen their awareness and
perhaps become more consistent in the judgments
they made.

Participants needed to be able to listen closely,
make sensitive judgments, reflect on why they
made these judgments, and maintain sustained at-
tention. We therefore recruited participants care-
fully: 10 who all had previously participated in
other studies and were comfortable with close lis-
tening. All participants were part of our university
community, mostly undergraduates, and were com-
pensated generously by local standards: US$70
plus snacks and lunch for coming in for four hours
on a Sunday.

5.3 Stimulus Selection and Preparation
Our stimuli were taken from the Switchboard cor-
pus (Godfrey et al., 1992; Deshmukh et al., 1998),
because our interest in dialog behaviors demanded
a dialog corpus, because we needed a corpus with
dialects familiar to our participants, and because



source average std. dev.
caricature 3.51 ±0.89
first 3.46 ±0.87
centroid 3.26 ±0.83
random 3.24 ±0.97
middle 3.19 ±1.06

Table 1: Typicality Ratings for the 5 conditions.

we are interested in the typical behavior of speakers
across their interactions with multiple partners.

To find the centroids and caricatures for each
speaker, the model used utterances of at least 5 sec-
onds from all conversations involving that speaker,
totaling around 25 to 100 minutes of data. It being
infeasible to present all of a speaker’s conversations
to the participants, they only heard 1 minute each
from 3 conversations, taken towards the middle of
each conversation, each with a different interlocu-
tor.

5.4 Typicality and Value Rating Results

Regarding RQ 4, the caricatures were on aver-
age rated more typical than utterances from the
other conditions (Table 1). This was significant
by a Linear Mixed Model (LMM), where the de-
pendent variable was the log-scaled ratings (n =
550). We chose log-scaling because the distribu-
tion was skew, with very few low typicality values,
and log scaling provided a better model fit than
the unmodified ratings. We thus used the model
log(Rating) ∼ Condition + (1|JudgeID) +
(1|SpeakerID) + (1|OrderID) (in Wilkinson
notation). We used the condition (the utterance
source) as the fixed effect, and the participants
(n = 10), speakers (n = 11), and order of the
utterance per speaker (n = 5) as the random ef-
fects. This yielded a strongly positive coefficient
for the caricature condition (p < .0001), mean-
ing that the caricature was rated as more typical.
While the “first” condition was on average rated
slightly less typical than the caricature condition,
this difference was not significant (p = .48). How-
ever, the advantages over the centroid and random
utterances were significant, as hypothesized.

Regarding RQ 5, participants felt that typical
utterances usually did have value, as hypothesized:
of the 550 utility judgments, only 4% were a 1 (no
value), and 90% were rated 3 or higher. We also
found that the perceived value rating was especially
high for the teammate-selection scenario, for which

there were zero “no value” judgments, and for the
counselor-selection scenario, which had the highest
average rating: 4.0 on the 1–5 scale.

5.5 Implications for the Use Cases

We found that caricatures are perceived as speaker-
typical, that people can perceive a lot of informa-
tion from typical utterances, and that they consider
this useful. These suggest, in general, potential
utility for the use cases. The potential utility is
especially high for the scenario of finding some-
one to serve in a role where interaction skills are
paramount, such as a counselor or a teammate.
Nevertheless, deployment of any such application
would need to come after examination of ethical
and practical concerns. Only for some contexts,
such as dating sites or institution-internal tracking,
is it easy to imagine that people would be willing
to have their utterances archived, searched, and
displayed in this way. However concerns might
be mitigated if the typical utterances were not ac-
tual utterances from real conversations, but syn-
thetic ones, perhaps created using style transfer
techniques (Wang et al., 2018; Sigurgeirsson and
King, 2024), to illustrate the interaction style with-
out violating privacy.

6 Observations and Qualitative
Discussion

Returning now to our broader questions, we re-
port what we learned from participants’ comments
during discussions and from the descriptors they
chose.

6.1 The Space of Interaction Styles

First, we note that the concept of interaction style
was meaningful to the judges: none reported dif-
ficulty with the concept of interaction style, and,
with one exception, ascribed at least one descriptor
to each clip or segment, and usually two or more.

Regarding RQ 1, we found that participants’ con-
cepts of interaction styles were very broad. The
most frequently chosen descriptors were among
those on the list of suggestions: friendly, confident,
agreeable, etc., other common descriptors were
thoughtful, calm, and engaged, as summarized in
Table 2. However participants also used a long
tail of idiosyncratic descriptors, such as abstract,
blustery, cursory, lightweight, modern, puerile, res-
olute, and transparent, each used only once. The
combined number of unique descriptors across the



cumulative count for:
minute-

single long
descriptor utts. samples total

friendly* 49 90 139
confident* 70 50 120
agreeable* 22 78 100
mature* 41 41 82
extroverted* 29 30 59
introverted* 34 25 59
thoughtful 24 21 45
calm 26 16 42
insecure* 28 12 40
engaged 8 32 40
open-minded* 10 28 38
pleasant* 12 24 36
conscientious* 16 20 36
hesitant 17 11 29
closed-minded* 9 19 28
irritating* 23 4 27
uninterested 10 13 23
interested 6 14 20
curious 4 16 20
opinionated 8 12 20
supportive 3 15 18
kind 7 10 17
unsure 8 8 16
attentive 0 14 14
distant 5 9 14
caring 8 6 14
chatty 9 4 13
judgmental 6 7 13
bored 8 5 13
reluctant 9 3 12
happy 3 9 12
humorous 7 5 12
disagreeable* 7 5 12
passionate 5 7 12
dominant 4 7 11
monotone 10 1 11
careful 4 6 10
respectful 2 7 9
polite 2 7 9
careless* 7 2 9
timid 7 2 9
. . .
Total 908 1047 1955

Table 2: Descriptors used 9 times or more. * marks
those on the list of suggested descriptors.

short utterances and the conversations was 345, af-
ter correcting variant spellings. Thus, while a hand-
ful of dimensions may explain most of the variance,
the idea of boiling everything down to just 10 or
5 or 2 dimensions (Abele and Wojciszke, 2013;
McAleer et al., 2014; Su et al., 2025; Yan et al.,
2026), would likely be inadequately informative
for many purposes (Freeman and Lin, 2025).

6.2 Agreement Among Participants
Regarding RQ 2, judges partly agreed in their per-
ceptions of the speakers. In free discussion this fre-
quently came up as a topic of interest. Consider, for
example, clip 4 for speaker 1039 (sw2190@0:43),
in which the speaker said

well, th- they talked nuclear winter, and,
and I suppose that’s the ultimate, uh

The descriptors this garnered, across the 10 judges,
were: jumpy, anxious; close-minded, confident;
timid, caring; insecure; mature, agreeable; intro-
verted; thoughtful; uncertain, reluctant; calm; and
confident, mature.

Regarding differences, some judges’ impres-
sions really differed, as seen by the fact that two
used the word confident, and two others chose un-
certain and timid. The reasons for such differences
were generally hard to discern. Participants never
suggested that someone else’s judgments might
have been mistaken, but there was no tendency
to groupthink: during discussion, no one ever ex-
pressed a desire to change their descriptors after
hearing what someone else thought. Generally,
they seemed to accept different perceptions as all
valid.

Regarding similarities, many descriptors were
quite consistent, for example, here within the set
{introverted, thoughtful, calm, mature}, and within
the set {jumpy, anxious, timid, insecure, uncertain}.
Overall there seemed to be more similarities than
differences, and, in discussion, judges were often
pleased to discover that they had agreed in noticing
some aspect of the speaker, especially when some-
one else’s descriptor was a particularly apt term for
something that they had perceived.

We also investigated how well humans perform
the same task, of choosing a typical utterance for
a speaker. We wanted to know whether people
agreed with each other more than with the model-
chosen caricatures. We can answer this questions
only approximately with this data, since we do not
know which utterances the participants would truly



have felt most typical, had they judged all of those
uttered by a speaker. But we could measure agree-
ment over the 5 utterances that they all judged. We
found, first, that the average typicality rating of the
top picks of other participants was 3.58, slightly
higher than the 3.51 for the caricatures, but not sig-
nificantly so, by an unmatched-pairs t-test. Second,
when considering only which utterances were rated
highest, we found that the caricature was ranked
most typical 24.5% of the time, and the utterance
that was selected as most typical by another partic-
ipant 25.5% of the time. Thus, by both measures,
the humans agreed with the caricature-picking al-
gorithm only slightly less than they agreed with
each other.

6.3 Reliability of Single-Utterance Perceptions

Regarding RQ 3, Table 2 reveals that some de-
scriptors are much more common after extended
listening than after the single utterances, notably
engaged, curious, supportive, and attentive. These
all relate to interactive behaviors, which are, of
course, rarely evident from utterances without con-
text.

Conversely, some descriptors are more common
for the single utterances. Some of these relate
to transient speaker states, such as hesitant. Oth-
ers involve negative judgments, notably monotone
and irritating, and including also disagreeable, in-
flexible, distracted, sad and dominant. We did a
post-hoc comparison of the prevalence of negative
descriptors for the utterance samples versus the
minute-long samples. There was indeed a bias:
they were more common for the single utterances
(p < .00001 by a post hoc chi-square test). Over-
all the difference between the negative-descriptor
ratios in the two conditions is 10% (29% - 19%),
which suggests that judgments based on the single
utterances are partly misleading at least 10% of
the time, although this ranged from 0% for some
participants to 26% for one, probably reflecting
variation in interpersonal sensitivity (Shoda, 2011).
Learning may have taken place: the excess neg-
ativity was 33% for the first speaker judged, but
only 7% for the last, suggesting that the bias might
fade with more experience, or might be mitigable
through training.

7 Future Work

This study represents only a case-study ex-
ploration of the research questions, and has

many limitations. To support further investiga-
tions, we make the judgment data available at
https://www.cs.utep.edu/nigel/typical/, along with
code for the model and analysis scripts.

Despite the limitations, this work could be a
stepping stone to deeper and more focused explo-
rations. One could work to turn our rough list of
interaction style descriptors into a proper taxon-
omy. One could use this to revisit earlier work on
group propensities. One could explore the utility of
these interaction style descriptors for customizing
agent behavior, beyond the usual bland prompting
of large language models with "you are a helpful
assistant." One could explore how conversation par-
ticipants’ utterance-level behaviors are affected by
how they perceive their interlocutor’s style.

8 Summary

Our contributions include: 1) Perceptions of inter-
action styles are diverse. 2) Perceptions are partly
shared among observers. 3) Utterances presented
without context, as thin slices, have value for form-
ing perceptions of interaction style, 4) While judg-
ments based on such utterances tend to be biased,
the bias declines with experience, and 5) There is,
indeed, a connection between pragmatic-function
usage tendencies and perceived pragmatic styles.
We also contribute 6) An algorithm and proof of
concept for a new application for speech technol-
ogy, in which speaker-typical utterances are used
to support people needing information about an-
other’s interaction style.
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A Appendix: More About the Experiment

This appendix provides more details on the ex-
periment. The judgments and scripts are at
https://www.cs.utep.edu/nigel/typical/.

A.1 Data
Our main reason for choosing to work with audio
data alone was that this is more realistic for most
of our use case scenarios.

Our main reason for choosing to work with ut-
terances, rather than larger or smaller slices, was
also because this seemed appropriate for our use
cases. We chose to set a minimum utterance du-
ration. In pilot studies, utterances of 5-seconds
or more, unlike many shorter utterances, generally
enabled listeners to form impressions about many
speaker properties. For the experiments, we chose

https://doi.org/10.1109/ICASSP48485.2024.10448400
https://doi.org/10.1109/ICASSP48485.2024.10448400
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to take only the first 5 seconds from every utterance,
so that slice duration would not be a confounding
factor for the comparisons.

We chose to examine the typical behavior of a
speaker across their interactions with multiple part-
ners. While previous thin-slicing work has focused
on slices as representing a single, longer interac-
tion, our use cases involve predicting something
about the speaker in interaction with a new partner,
so we chose to use information sampled from inter-
actions with multiple others. This, however, raises
the issue of style stability. Some aspects of style
may be stable across partners, and for the others,
a broad sample should ensure that less-common
behaviors do not greatly affect the average.

To illustrate the nature of these conversations
and clips, here are four examples of utterances that
participants rated highly typical for a speaker:

uh, a landmark pool, it’s, uh, a
very excellent design (Switchboard
sw2422@1:37)

personally I guess my, my initial feel-
ing is that, it, it would be a, a great
(sw2272@0:08)

what I was doing at, at home (in
fact, I work nights here, and so that’s
another long story, we’ll talk about)
(sw2629@0:03, )

I know, you can’t find what, you used to,
could find some for, you know, seventy-
five dollars, a hundred dollars a month
(sw3003@4:38)

Incidentally, while these look very disfluent
when transcribed, they sound natural and normal
when listening.

As control conditions, we included three utter-
ances selected without regards to our typicality
model. One was randomly chosen, as the baseline.
Another was the one closest to the middle of one of
the conversations. Finally there was a "first," that
is, an utterance that was closest to the beginning of
one of the conversations, although, given the nature
of the Switchboard recordings and the requirement
for at least five seconds duration, this was never
actually the first utterance of a conversation. Never-
theless we expected "first" to be a strong contender,
because early utterances may be "purer" expres-
sions of the speaker’s true nature, since being less
affected by the influences of the interlocutor and
the vagaries of topic development.

As a technical detail, since the number of utter-
ances was finite, we needed the selection algorithm
to avoid duplicates. To do so, we chose the five
utterances in order: first we chose the utterance
closest to the centroid S. Then we chose a carica-
ture utterance. If the one closest to the caricature
point C was the same as the one already chosen,
we picked the second closest. Similarly we then
chose the first, the middle, and a random utterance.

A.2 Instruments

To get direct estimates of the likely utility of having
typical utterances (RQ2), we asked the judges to
rate their value for five scenarios. Scenario 1 repre-
sents our first use case, adaptation to an interaction
partner, and Scenarios 2a-2d represent the second,
choice of an interaction partner, with the specifics
chosen to variously evoke situations where the in-
terlocutor is mostly talking, mostly listening, or
doing a lot of both.

As a side note, we did consider obtaining these
utility ratings separately for each of the candidate
typical utterances, but pilot studies showed that
judges found it hard to do this. Instead, we asked
these questions after they had heard five candidates
for typical utterances and had chosen the best.

While direct ratings of typicality directly mea-
sure what we most care about, they have little
ecological validity. We therefore included the
descriptor-choice phases, representing a very com-
mon real-world activity: describing other people.
We expected that the descriptions based on hear-
ing a truly typical utterance would align with the
descriptions after hearing a substantial behavior
sample.

The judges did this first based on hearing each
putative typical utterance: they choose descriptors
to describe the speaker as he or she appears in that
utterance. The prompt was:

• Please provide adjective(s) to describe each
utterance in terms of what it reveals about the
speaker’s conversational style or personality.

• Please use some adjectives from the following
list, and add a few of your own.

• Adjectives:

– Positive: Agreeable, Friendly, Pleasant
(to listen to), Mature, Confident, Extro-
verted, Conscientious, Open-minded



Value for Rating st.d.
1. If you knew you were going to meet this person, knowing in advance what sort of
speaking style or interaction style you might use to connect well with them

3.5 ±1.1

2a. Deciding whether you’d choose this person as your guide to a new city 3.0 ±1.2
2b. Deciding whether you’d like this person to be your counselor, as a sensitive and
supportive listener

4.0 ±1.0

2c. Deciding if you’d choose this person to be on your team 3.7 ±1.0
2d: Deciding if this is someone you wouldn’t mind having a 10-minute conversation
with

3.6 ±1.1

Table 3: Utility Ratings, on a scale from 1 (no value at all) to 5 (very valuable)

– Negative: Disagreeable, Unfriendly, Irri-
tating (to listen to), Immature, Insecure,
Introverted, Careless, Closed-minded

These suggested adjectives were selected from
among the Big 5 personality traits and the descrip-
tors from (Gallardo and Weiss, 2018).

Then, after participants listened to more data,
specifically a minute of the speaker in a conversa-
tion, we solicited descriptors again:

Please provide adjective(s) to describe
the speaker as he/she appears in conver-
sation #1.

and repeated this for one minute each from two
more conversations.

We expected, relating to RQ 3 and RQ 4, that
the descriptors chosen based on the caricature utter-
ances would have a good amount of overlap with
the descriptors chosen after the longer listening,
and in particular greater than the overlap found for
randomly chosen utterances.

Incidentally, we note that our decision to have
participants choose their own descriptors departs
from common practice in thin-slicing research,
where people are given one or more attributes to
judge. Using a small, fixed list of attributes makes
it easy to compare the results of the thin-slice judg-
ments to the full-session judgments, using simple
measures such as correlation. However our choice
aligns with what people would likely care about in
our use cases.

A.3 Procedure

We chose to limit the set of candidates to only 5
utterances, to avoid tiring the judges.

We combined the methods into a single, four-
phase protocol, because all three methods require
participants to listen to a substantial amount of

speech from each speaker, in Phase 2. Since this
dominates the time cost, it was efficient to do this
once per speaker and share that cost across all the
judgments. While this is entirely appropriate for
the first and second instruments, it is not so for
the third, since it makes the descriptor choices not
independent. In theory, ideal judges could perhaps
have ascribed speaker descriptors based on each
sample independently, without being swayed by the
descriptors they had just given to a previous sample
from the same speaker, but our real judges did not
attempt this, as discussed below. Thus the actual
value of obtaining descriptors was only for keeping
the judges engaged and perceptive during Phases 1
and 2 and for post-hoc qualitative analyses.

A.4 Participants

All participants had connections with other par-
ticipants, as friends, co-workers, and/or relatives,
which likely motivated them to perform well. Dur-
ing the experiments, all sat around a large table, so
they could see that everyone else was also paying
close attention.

A.5 Results

We expected the descriptor overlap to be greater
for the caricature condition, but there was no such
effect. (Specifically, we ran a Poisson General-
ized Linear Mixed Model (GLMM). Because the
dependent variable, the number of overlapping ad-
jectives, is a count, we used the Poisson family
of distributions. The model had the condition as
a fixed effect, and the judges (n = 10), speak-
ers (n = 11), and the order of the utterances per
speaker (n = 5) as the random effects, yielding the
equation #DescriptorOverlap ∼ Condition +
(1|JudgeID)+ (1|SpeakerID)+ (1|OrderID).
as the GLMM.) In fact none of the differences
among conditions were significant, likely because



the overlap counts are all very low. There are two
reasons for this. The first reason is that, with an
unbounded set of descriptors, terms close in mean-
ing but with slightly different nuances did not con-
tribute to the overlap counts. The second reason is
that, as hinted earlier, the judges apparently per-
ceived their task to be, not making a sequence
of independent judgments, but cumulatively dis-
coving more facets of the person. We saw this in
the discussion, and also in two aspects of their be-
havior. First, while we offered them the option
to flag descriptors from the single-utterance case
that they felt were not truly applicable, in light
of subsequently listening to the three minutes of
conversation, they never took this option. Second,
they seldom bothered to repeat descriptors ascribed
from the single-utterance case when picking de-
scriptors for the 1-minute samples. Overall we do
not regret our choice to allow our judges to choose
descriptors freely, but it did thwart our desire for
an additional way to show statistical significance.

Table 3 shows the utility ratings. As a secondary
effect, we observed that the utility ratings varied
with the speaker being judged, and were unusually
low for one speaker. Listening, we found that all
the clips for her were instances of cheerfully telling
stories, which were apparently felt by the judges to
provide little insight into her likely behavior in the
various scenarios.
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