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Abstract
We present the Korean Multimodal INteraction Data (K-MIND), a large-scale corpus of dyadic Korean dialogue that is
designed to capture the multimodal richness of social interaction. The dataset includes 292 participants and 200 sets
(935 clips) spanning 115 hours and 30 minutes, all aligned across verbal, paraverbal, and nonverbal modalities such
as transcripts, acoustic features, and visual signals. For these modalities, we propose a comprehensive annotation
scheme that enables nuanced yet consistent labeling of complex communicative behaviors, balancing theoretical
soundness with practical feasibility. We further report analysis results of the corpus, including label distributions,
within- and cross-layer analyses. These analyses illuminate the key properties of dyadic K-MIND and demonstrate
its utility for advancing research in human–computer interaction as well as in interdisciplinary domains. To ensure
continuous refinement, the corpus and framework are being validated in complementary studies and have been ex-
tended to triadic interactions (K-MIND Triadic) that model group dynamics, which will be included in upcoming releases.

Keywords: multimodal interaction corpus, conversational AI, annotation scheme

1. Introduction

Figure 1: K-MIND Structure

Understanding the dynamics of human conver-
sational interaction requires data that capture the
full range of communicative behaviors. Over re-
cent decades, numerous corpora have been devel-
oped with varying scales, modalities, and interac-
tional settings (Serban et al., 2018). While early
resources centered on audio or text (Godfrey et al.,
1992; Canavan et al., 1997; Forsythand and Martell,
2007; Sordoni et al., 2015), the demand for mul-
timodal corpora has grown (Serban et al., 2018),
enabling analyses of not only what is said but also
how it is expressed.

Among early multimodal efforts, the D64 Cor-
pus (Oertel et al., 2013) and AMI Meeting Corpus
(Kraaij et al., 2005; Renals et al., 2007) provided
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Figure 2: K-MIND Recording Environment and Ac-
quisition Setup

key insights into face-to-face interaction. Projects
such as CCDb (Aubrey et al., 2013) and its 4D
extension (Marshall et al., 2015) emphasized high-
resolution video and motion tracking. MELD (Poria
et al., 2019) has been widely used for multimodal
emotion recognition, while SIMMC and SIMMC 2.0
(Moon et al., 2019; Kottur et al., 2021) target sit-
uated, task-oriented dialogues. A large-scale ad-
vance is represented by CANDOR (Reece et al.,
2023), with unscripted video-mediated dialogues
totaling over 850 hours. More recently, the Seam-
less Interaction corpus (Agrawal et al., 2025) scales
face-to-face dyadic recordings to over 4,000 hours
and enables interaction-conditioned modeling of
audiovisual behavior. In parallel, large-scale multi-
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modal emotion recognition datasets such as SAM-
SEMO (Bujnowski et al., 2024) provide multilingual
video-based resources for modeling affect at the
level of individual scenes or segments.

Despite these advances, existing corpora still fall
short of capturing the full complexity of human inter-
action—which unfolds through intertwined verbal,
paraverbal (e.g., intonation, speech rate, stress),
and nonverbal (e.g., gaze, gesture, posture) sig-
nals that jointly convey meaning and emotion in
real time. Some resources achieve ecological va-
lidity at a small scale (e.g., CCDb), while others
reach large scale through task-based, segment-
centered, or behavior-generation-oriented designs
(e.g., MELD, SIMMC, SAMSEMO, Seamless Inter-
action). However, few provide a hierarchically inte-
grated representation that aligns these modalities
within spontaneous, face-to-face conversational
settings. Consequently, large-scale, naturalistic,
and multimodally coordinated interaction data re-
main scarce, particularly in languages beyond En-
glish.

This scarcity is especially evident for Korean,
where existing multimodal resources are limited in
both scale and interactional coverage. The Korean
Multimodal Discourse Corpus (Kim, 2015), for ex-
ample, provides detailed gesture annotation but
covers only six short dyadic cartoon-narration ses-
sions (about 35 minutes), which constrains its rep-
resentativeness for large-scale modeling of spon-
taneous interaction. The KEMDy20 corpus (Kim
et al., 2020) offers a multimodal conversational
dataset integrating speech, text, video, and physio-
logical signals for emotion recognition, compris-
ing approximately 7 hours of dyadic interaction
(about 9,900 utterances from 80 participants). How-
ever, the interactions are elicited through emotion-
inducing stimuli and are primarily designed for af-
fective computing rather than for capturing the fine-
grained dynamics of naturally unfolding discourse.

To address this gap, the present study introduces
the Korean Multimodal INteraction Data (K-MIND)1,
a corpus capturing spontaneous dyadic interac-
tion in real-time. Unlike task-based or scripted
corpora, K-MIND prioritizes unscripted, naturalistic
exchanges, recording extended conversations that
reflect everyday communication. An overview of
the dataset’s hierarchical annotation structure is
illustrated in Figure 1, which shows how verbal, par-
averbal, and nonverbal signals are systematically
organized and integrated into higher-level affec-
tive dimensions. The dataset encompasses a rich
range of communicative cues—speech, prosody,
gesture, facial expression, and interactional tim-
ing—across synchronized audio, video, and text. It
further distinguishes itself through its scale, dura-
tion, and diversity of participant relationships, which

1https://github.com/AIRC-KETI/K-MIND

are described in detail in Section 2.
As a large-scale and realistically grounded re-

source, K-MIND complements existing corpora and
extends empirical foundations in an underrepre-
sented language. This contribution supports cross-
linguistic research and provides a foundation for
developing culturally adaptive and socially aware AI
systems. The remainder of this paper is organized
as follows: Section 2 details the dataset design
and collection, Section 3 outlines our multimodal
annotation scheme, Section 4 reports data analy-
sis results, Section 5 discusses implications, and
Section 6 concludes the paper.

2. The Corpus

A total of 292 native Korean participants (165 fe-
males, 127 males; ages 10–79) were recruited.
To ensure diversity, they were paired across rela-
tionship types (e.g., couples, friends, siblings, col-
leagues, grandparents–grandchildren), with some
pairs real and others simulated. Each engaged in
everyday social topics (e.g., relationships, stress,
sports) to elicit varied emotions.

Conversations were recorded over a three-year
period (2022–2024) using a five-camera setup con-
sisting of two close-up shots (face), two waist shots
(upper body), and one full shot (entire scene), along
with a three-microphone configuration comprising
one boom mic and two pin mics (Figure 2). Partic-
ipants interacted either while seated or standing.
Recordings were stored in MP4 format (1920×1080,
29.97/30 fps) and WAV format (48 kHz), captur-
ing multimodal cues such as facial expressions,
gestures, gaze, and vocal tone. The dataset com-
prises 200 sessions and 935 clips, totaling 115
hours and 35 minutes of recordings, with an aver-
age clip length of 7:02 (ranging from 2:01 to 17:04).

All sets were transcribed and temporally aligned
with audio for verbal, paraverbal, and nonverbal an-
notation using a custom-built tool (Section A, Figure
9) in a three-stage process. Due to the scale of
the dataset, the fine-grained temporal alignment
of multimodal signals, and the complexity of the
hierarchical annotation scheme, full double anno-
tation was not feasible. Therefore, we designed a
multistage expert review protocol to ensure consis-
tency and validity of the annotations. In the first
stage, verbal content was transcribed, and nonver-
bal behavior descriptions were documented using
predefined dictionary entries specifying the agent,
action, and object of each movement, thereby con-
straining annotator interpretation. In the second
stage, annotation labels were assigned to each tem-
porally aligned verbal, paraverbal, and nonverbal
unit. In the third stage, two reviewers sequentially
conducted error checking; disagreements were re-
solved through adjudicated consensus with the orig-
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Intent (Abbrev) Description and Example
(a) Request Subjective
(Req.Subj)a

Speaker asks about listener’s personal preferences, experiences, or opinions.
e.g., Do you like traveling?

(b) Elaboration Subjective
(Elab.Subj)

Speaker expresses own personal preferences, experiences, or opinions. e.g., I
like traveling.

(c) Request Objective (Req.Obj) Speaker seeks factual knowledge, explanations, or meanings. e.g., Where is
Gyeongbokgung Palace located?

(d) Elaboration Objective
(Elab.Obj)

Speaker provides factual knowledge, explanations, or meanings. e.g.,
Gyeongbokgung Palace is located in Jongno-gu, Seoul.

(e) Agreement (Agr) Listener expresses consent or concurrence. e.g., Totally agree.
(f) Disagreement (Disagr) Listener expresses opposition or disapproval. e.g., If I were in your position, I

wouldn’t do it.
(g) Evaluation Listener conveys judgment or emotional response. e.g., That is great!
(h) Completion Listener predicts and completes unfinished sentence. e.g., A: It was so. . . B:

Unexpected.
(i) Clarification Listener verifies or confirms information. e.g., A: It broke. B: The window?
(j) Suggestion Speaker advises or proposes. e.g., It’s better not to touch to avoid infection.
(k) Recall Speaker evokes previously shared information or memories. e.g., Haven’t you

said your mom majored in English literature?
(l) Social Acts (Soc.Acts) Speaker conveys apologies, gratitude, greetings, etc. e.g., I’m sorry.
(m) BC Continuer (BC Cont) Backchannel encouraging continuation. e.g., Mm-hmm./Uh-huh.
(n) BC Understanding (BC
Ustand)

Backchannel signaling comprehension. e.g., Ah~

(o) BC Negative Surprise (BC
NegSurp)

Backchannel expressing shock or disapproval. e.g., Oh no!/What?

(p) BC Positive Surprise (BC
PosSurp)

Backchannel expressing amazement or delight. e.g., Wow!/Oh!

(q) BC Request Confirmation
(BC Req.Conf)

Backchannel seeking confirmation/clarification. e.g., Really?

(r) BC Affirmative (BC Affirm) Backchannel conveying agreement. e.g., Yeah./Right.
(s) Encouragement Utterances conveying support or uplifting message. e.g., Everything will be

fine./You can do it!
(t) Reflection Listener interprets speaker’s cues and verbalizes inferred meaning. e.g., A:

(laughs) B: Judging by your smile, it seems something fun happened.
(u) Unclassifiable Cannot be categorized into the above types

Table 1: Categories of Verbal Intents
a Request Subjective was refined into two subtypes: Closed (yes/no, choice, confirmation) and Open (what, why,

how, and others such as when, where, who).

Function Description and Example
Amplification Emphasizing content words via speed, stress, or pitch e.g., I went to the market YES-

TERDAY. (emphasizing time)
Expressivity Conveying emotions or attitudes through vocal modulation e.g., I wanted to . . . try it. . .

(lowering volume and slowing down to express disappointment)
Grammar Marking grammatical functions with intonation e.g., You’re coming? (raising intonation

to indicate a question)
Others None of the above

Table 2: Functions of Paraverbal Behaviora

a Utterances could carry multiple labels.

inal annotator.

This annotation process was conducted over a
period of two years and five months (2023–2025)
by a total of 21 contributors. In total, 19 individ-
uals participated in transcription and labeling as
annotators and 5 individuals served as reviewers
for validation and quality control, with 3 contributors

participating in both roles. To ensure consistency
and accuracy, regular feedback meetings were held
at least once a week during the first and the sec-
ond year and at least once a month during the third
year. In addition to the full review of the dataset,
random spot-checking was performed to identify
and correct potential annotation errors.
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Function Description and Example
Representational Depicts objects, actions, or concepts e.g., arm swinging to depict ‘running’
Highlighting Emphasizes amount, strength, or degree e.g., spreading arms while saying ‘a lot’
Pointing Indicate referents e.g., pointing to oneself while saying ‘I’
Focusing Marks distinguishing points in discourse, often rhythmic or repetitive e.g., tapping

fingers on the table to emphasize a key point
Responsive Shows affective response or attentiveness e.g., nodding to show agreement
Attitudinal Expresses attitudes or emotional states e.g., yawning to show boredom
Conventional Conveys culturally established meaning e.g., waving for greeting

Table 3: Funtions of Nonverbal Behavior

Label Description and Example
Happiness Positive state toward a subject/object e.g., happiness, excitement, enthusiasm, delight
Sadness Mild sadness or disappointment e.g., sadness, regret, sorrow, melancholy, disappointment
Anger Resistance or confrontational mindset e.g., anger, displeasure, annoyance, irritation
Surprise Spontaneous reaction to the unexpected e.g., surprise, astonishment, amazement, wonder
Afraid Unease from perceived threat or danger e.g., concern, worry, anxiety, distress, restlessness
Fear Intense fear response to threat e.g., fear, dread, terror, fright
Disgust Strong aversion to something offensive e.g., disgust, aversion, antipathy
Contempt Disrespect or disdain toward someone/something e.g., contempt, mockery
Shame Embarrassment over flaws/mistakes e.g., humiliation, guilt, disgrace
Hope Hope or anticipation for the future e.g., hope, desire, dream, eagerness
Interest Interest in ongoing topics e.g., interest, amusement, attention
Boredom Lack of interest in ongoing topics e.g., boredom, indifference, weariness
Thinking Hesitation or indecision e.g., hesitation, indecision, uncertainty
Humour Humor through wordplay or comedy e.g., joke, wordplay
Neutral Emotionally flat state not fitting other categories

Table 4: Categories of Overall Affective States

3. Annotation Levels for Multimodal
Interaction Data

The multimodal annotation was organized into three
independent layers—verbal, paraverbal, and non-
verbal—with dedicated annotator groups for each
layer. All features were manually annotated accord-
ing to modality-specific guidelines, as described
in the following subsections, except for gaze and
prosodic features, which were automatically ex-
tracted.

3.1. Verbal Level
Verbal communication here refers to verbal be-
haviors in spoken interaction, represented through
grammatical and semantic structures. While draw-
ing on prior verbal studies(Kim, 2002; Clark and
Haviland, 1975; Ito et al., 2020; Lee, 2016), our
own discourse analysis of communicative patterns
observed in the K-MIND corpus allowed us to iden-
tify seven core features of human communication:
people (i) exchange both subjective and objective
information (see Table 1 (a–d)); (ii) respond em-
pathically to their partner’s utterances (see Table 1
(e–g)); (iii) actively engage by predicting, complet-
ing, or clarifying what is said (see Table 1 (h–j, s, f));
(iv) offer advice or suggestions when appropriate

(see Table 1 (l)); (v) retrieve content by recalling
shared experiences or history (see Table 1 (k));
(vi) perform social speech acts such as apologiz-
ing, expressing gratitude, and greeting (see Table
1 (l)); and (vii) provide timely backchannels that
signal understanding and engagement (see Table
1 (m–r)).

3.2. Paraverbal Level
The paraverbal level includes prosodic properties
that convey emotions, attitudes, and emphasis
beyond literal meaning. In K-MIND, these fea-
tures—specifically loudness (intensity), pitch (F0),
and speech rate were automatically extracted using
openSMILE(Eyben et al., 2010, 2013), and anno-
tators classified segments deviating from neutral-
ity into four functions—Amplification, Expressivity,
Grammar2, and Others—based on modified cate-
gories from prior studies (Eggins and Slade, 2004;
Martin and White, 2003; Chun, 2002) (Table 2).

3.3. Nonverbal Level
The nonverbal level focuses on facial expressions
and movements of the hand, head, and upper body.

2Grammar was identified through automatic extraction
of intonation patterns marking grammatical functions.
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Agent Action Theme
Hand (one/both) clapping, covering, counting, folding, folding

arms, grabbing, hitting, lifting, pointing, scratch-
ing/rubbing, spreading, touching, unfolding,
waving, shapinga

arm, back, belly, chest, ear, face, fore-
head, hand, head, jaw, mouth, nail, neck,
nose, shoulders, waist

Head circling, head up, leaning back, nodding, shak-
ing, turning left or right, turtle neck

oneself, someone, others

Upper Body (Torso) leaning, moving, sitting back, sitting straightly NA
Shoulder circling, shaking, shrugging NA
Face (Mouth) biting lips, biting nails, fully smiling, laughing,

opening, pouting, pressing lips, puffing, smirk-
ing

NA

Face (Eye(s)) closing, opening wide, narrowing, winking, rais-
ing, rolling

NA

Face (Eyebrows) raising, frowning NA

Table 5: Tagging Categories for Nonverbal Behavior Annotation
a Unlike other labels, the label ‘shaping’ requires a natural language description.

Only clearly manifested gestures were annotated,
using the [agent:action:(theme)] format (Kim, 2015;
Son, 2012), where ‘agent’ denotes the moving body
part, ‘action’ the gesture, and ‘theme’ the affected
part or object (optional). Annotators marked on-
set/offset and described the primary stroke3, draw-
ing from a predefined dictionary or natural language
when necessary (Table 5). Gestures were classi-
fied into seven categories—Representational, High-
lighting, Pointing, Focusing, Responsive, Attitudi-
nal, and Conventional (Table 34) (Tan et al., 2010).
Gaze information was extracted from video using
an automated gaze estimation method (Ryan et al.,
2025). Based on the estimated gaze likelihood
toward the interlocutor, gaze was labeled as on-
person when the participant was estimated to be
looking at the interlocutor, and off-person other-
wise.

3.4. Emotion and Overall Affective State
To describe emotions, we adopted the six basic
categories—Happiness, Sadness, Fear, Surprise,
Anger, Disgust (Ekman, 1992), and —and extended
them to nine by adding Neutral, Contempt, and
Other (Öhman, 2020). Emotion was annotated
from transcripts at the verbal level, excluded for
paraverbal cues, and confined to facial expressions
for the nonverbal level, as other body movements

3Rather than distinguishing gesture phases such as
preparation, stroke, hold, and retraction (Kendon, 1967),
we focused on the communicative functions conveyed
by each gesture.

4Annotators reported some difficulty in distinguish-
ing meaningless movements from the focusing function;
however, no systematic confusion was observed for the
other categories due to distinct operational criteria in the
guidelines. Highlighting, in particular, was anchored to
adverbial modifiers and therefore did not overlap with
other functions.

were less reliable indicators. Unlike prior studies
that analyzed channels separately (Öhman, 2020),
K-MIND introduces an additional layer—Overall
Affective State—to capture holistic impressions
of speakers’ emotions or attitudes, acknowledg-
ing that verbal, nonverbal, and paraverbal cues
cannot be cleanly weighted5. Beyond emotion
and overall affective state, two further dimensions
were annotated: Sentiment, targeting evaluative
verbal content (e.g., preference, approval, disap-
proval), with neutral otherwise; and VAD—Valence
(positive–negative), Arousal (activation), and Dom-
inance (sense of control) (Mehrabian and Russell,
1974; Russell, 1980; Russell and Barrett, 1999).
Together, these layers support analyses of how dif-
ferent perspectives, alone or combined, capture
multiple aspects of affect in multimodal interaction.

4. Descriptive Statistics and
Interactional Patterns in K-MIND

This section analyzes annotation distributions to
highlight key properties of the dataset.

5Unlike previous studies reporting confusion or
increased difficulty in distinguishing negative emo-
tions (Laukka et al., 2005; Busso et al., 2008; Singh
et al., 2023), confusion between negative emotions such
as fear and anger was not prominent in our data, likely
due to the everyday conversational topics used in our
corpus, which rarely elicited fear, and the multimodal
integration of verbal, paraverbal, and nonverbal cues.
Annotators favored a finer-grained affective inventory,
while the overall affective state was intentionally designed
as an impression-based label, making its subjectivity a
theoretically motivated property rather than a source of
inconsistency.
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Figure 3: Top 10 Verbal Intents

Figure 4: Relative Frequency of Backchannel
Types by Gender

4.1. Verbal Behaviors
In total, 133,595 verbal labels were annotated, with
the top 10 intents collectively accounting for 95.23%
of all labels (Figure 3).The top three verbal intents,
Elaboration Subjective, BC Continuer, and BC Un-
derstanding, together accounted for 71.09% of all
utterances, indicating that most interactions cen-
tered on personal sharing supported by listener
feedback. Within the top ten, empathic backchan-
nels (BC Continuer, BC Understanding, BC Affir-
mative) comprised 39.14%, underscoring the role
of attentiveness and approval in sustaining dia-
logue. Request Subjective (7.11%) and Clarifica-
tion (3.17%) further highlight how listeners con-
tributed to the interaction by asking questions and
verifying information.

To assess the single-channel feasibility of verbal
analysis, we analyzed six verbal backchannel sub-
types (per 1,000 utterances)(Figure 4). Gender (Fe-
male/Male) ratios revealed clear demographic vari-
ation: BC Continuer (0.96) and BC Understanding
(0.93) were close to balance, showing little gender
difference in basic conversational flow. By contrast,
BC Affirmative (1.18), BC Request Confirmation
(1.53), and both BC Negative Surprise (1.45) and
BC Positive Surprise (1.72) were considerably higer
for women, indicating that women employed these

Figure 5: Paraverbal Function Distribution by Topic

Figure 6: Overall Affective State Distribution by
Topic

affective backchannels more frequently.

4.2. Paraverbal Behaviors

As for paraverbal functions, Expressivity (44.55%,
n=33,733) and Amplification (42.57%, n=32,235)
predominated, followed by Amplification & Ex-
pressivity (7.84%, n=5,940) and Others (5.04%,
n=3,814), indicating that paraverbal cues were
mainly realized through emphasis and emotional
expression.

When analyzing the distribution of paraverbal
functions by topic (Figure 5), clear domain-specific
patterns emerged. Expressivity was most frequent
in topics such as Romance/Marriage/Parenting
(52.6%, n=5,767), Hobbies/Entertainment (47.3%,
n=3,832), Food/Drinks (67.3%, n=798), Fash-
ion/Beauty (43.9%, n=683), and Travel (50.1%,
n=245), whereas Amplification dominated in
Health/Self-management/Stress (49.8%, n=6,524),
Employment/Career/Workplace (45.8%, n=6,262),
Family/School/Interpersonal Relations (45.8%,
n=5,057), Sports/Leisure (58.8%), and Others
(45.6%). Amplification & Expressivity appeared in
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most topics at a supplementary level (0.2–10.0%).
Overall, the distribution highlights topic-sensitive
tendencies: affective domains favored Expressiv-
ity, whereas informational or pragmatic domains
favored Amplification, with hybrid realizations con-
sistently remaining secondary across topics.

4.3. Nonverbal Behaviors
In total, 233,492 gestures were annotated, with the
20 most frequent agent–action combinations (Ta-
ble 6) accounting for 84.76%. Head movements
were most prominent: nodding alone represented
over one-third of all gestures and predominantly
served responsive functions. Additional head ges-
tures—tilting, shaking, lifting, and thrusting for-
ward—raised their share to nearly 45%. Hand ges-
tures were more diverse, including pointing, waving,
raising, spreading, hitting, unfolding, and shaping,
and were mainly used for rhythmic marking, deictic
functions, or emphasis. Facial gestures such as
smiling, fully smiling, eyebrow raising/narrowing,
and eye-widening were less frequent but essential
for affective expression. Overall, the distribution
highlights the centrality of head movements in reg-
ulating interaction, the multifunctionality of hands
for focusing and deixis, and the specialization of
facial gestures in emotional communication.

The top three nonverbal function cate-
gories—Attitudinal (31.26%, n=72,980), Re-
sponsive (31.24%, n=72936), and Focusing
(21.72%, n=50,710)—accounted for about 84% of
all behaviors, suggesting that gestures primarily
conveyed stance, feedback, or discourse marking.
Representational (7.50%, n=17,505) and Pointing
(7.16%, n=16,718) served secondary but notable
roles, whereas Highlighting (1.00%, n=2,337) and
Conventional (0.13%, n=306) were rare.

4.4. Integrative Analysis of Verbal,
Paraverbal, and Nonverbal
Behaviors

4.4.1. Overall Affective State

This study introduces the annotation of overall af-
fective state (n=133,596), acknowledging that hu-
mans process verbal, paraverbal, and nonverbal
cues holistically and instantaneously without fixed
weights. About three-quarters of the data were
Neutral (76.03%), while positive affect—Interest
and Happiness—accounted for 15.47%. The non-
neutral remainder was 8.50%, comprising nega-
tive affect (6.00%; Sadness, Anger, Afraid, Dis-
gust, Fear, Shame, Contempt, Boredom) and other
states (2.51%). This indicates that K-MIND mainly
captures everyday conversations marked by neutral
and positive affect, rather than strong or extreme
emotional expressions.

Table 6: Top 20 Agent–Action Gesture Combina-
tions

Rank Agent+Action Frequency (%)
1 Head+Nodding 36.22
2 Eyebrows+Raising 5.54
3 One Hand+Pointing 4.88
4 Two Hands+Waving 4.70
5 One Hand+Waving 3.85
6 Mouth+Smiling 3.47
7 Two Hands+Spreading 2.74
8 Head+Tilting 2.71
9 Head+Shaking 2.28
10 Head+Lifting 2.17
11 Two Hands+Pointing 2.10
12 Mouth+Fully Smiling 2.10
13 One Hand+Raising 1.76
14 Eyebrows+Narrowing 1.74
15 One Hand+Hitting 1.54
16 Eyes+Widening 1.50
17 Head+Thrusting Forward 1.44
18 One Hand+Spreading 1.41
19 Two Hands+Shaping 1.32
20 Two Hands+Unfolding 1.28

When analyzing Overall Affective State by topic
(Figure 6), Neutral dominated most categories. In
Romance/Marriage/Parenting, however, Interest
(10.9%) and Happiness (6.0%) co-occurred with a
wider range of negative affects such as Sadness
and Anger. Positive affects were more prominent in
Hobbies/Entertainment (Interest 12.6%, Happiness
6.1%) and Fashion/Beauty (Interest 8.3%, Happi-
ness 17.4%), whereas negative affects were rela-
tively higher in Family/School/Interpersonal Rela-
tions (Sadness 2.6%, Anger 1.3%) and Health/Self-
management/Stress (Sadness 4.5%, Anger 0.8%),
reflecting conflict and stress. Anger was notably
more frequent in Sports/Leisure (16.5%) and Travel
(19.8%) than in other topics6.

4.4.2. Cross-Layer Analyses: Multimodal
Integration

K-MIND’s structure enables both independent and
aligned analyses across channels. When ver-
bal intents were paired with prosodic emphasis
(Figure 7), paraverbal functions showed clear
intent-specific patterns. Speaker-driven contribu-
tions—Elaboration Subjective, Elaboration Objec-
tive, and Recall—relied on Amplification highlight-
ing the role of prosody in clarifying information and

6Normalized test results (per 1,000 utterances) also
revealed clear patterns by gender and age. Women
expressed Surprise (2.59×), Fear (1.94×), Happiness
(1.43×), and Sadness (1.37×) more frequently than men,
but used Humor less (0.32×). Age-related tendencies
showed that teenagers displayed more Happiness, young
adults more Interest, and older groups more Neutral.
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Figure 7: Paraverbal Function Distribution by Ver-
bal Intent

asserting stance. By contrast, listener-oriented in-
tents—backchannel subtypes including BC Con-
tinuer, BC Understanding, BC Negative/Positive
Surprise, BC Request Confirmation, and BC Af-
firmative—were marked almost exclusively by Ex-
pressivity. Mixed profiles appeared in Clarification,
Suggestion, Disagreement, and Agreement. Over-
all, prosodic cues align systematically with interac-
tional roles: speakers use amplification to deliver
and highlight content, while listeners employ ex-
pressivity to signal attunement and sustain coordi-
nation.

Figure 8 shows the distribution of overall af-
fective state–verbal text emotion–nonverbal facial
emotion combinations, normalized per state (Neu-
tral excluded). Emotional cues are broadly dis-
tributed across channels, often non-overlapping
and incongruent. Thinking is most strongly as-
sociated with Other (97.5%), followed by Interest
(87.4%), Shame (76.3%), and Hope (74.4%). Dis-
gust (74.5%) and Fear (72.5%) are predominantly
verbal, whereas Humour shows a relatively high
proportion of facial-only signals (32.9%). Cross-
channel co-occurrence (Both) remains low overall,
peaking at Surprise (6.7%). These findings indicate
that while Other (non-text/face) channels dominate
affective signaling, verbal, paraverbal, and non-
verbal modalities function in complementary ways
across different affective states.

5. Discussion

Regarding verbal intents, speakers primarily shared
personal thoughts, opinions, and experiences, re-
flecting the everyday and socially oriented nature
of the topics. Listeners, in turn, responded empath-
ically, sustained the conversational flow through
questions, and verified information. These interac-
tional dynamics—shaped by subjective sharing and

Figure 8: Distribution of Overall Affective State-
Verbal Text Emotion-Nonverbal Facial Emotion
Combinations

active listening—align with prior findings that ev-
eryday talk serves primarily affective and relational
rather than factual functions (Eggins and Slade,
2004; Coupland, 2014).

Building on these findings, the verbal behaviors
captured in this dataset open up opportunities for
both verbal and applied studies. A finer catego-
rization of Request Subjective utterances (Closed
vs. Open) may reveal which question types most
effectively sustain conversational flow. In addition,
analyzing less-examined phenomena such as Re-
flection, Recall, and Completion can highlight sub-
tle patterns of language use that are crucial for
modeling human-like conversational AI.

Moving to paraverbal behaviors, this layer pro-
vides a useful basis for examining how prosodic
cues vary across topics. Deviations from neutral
prosody not only signal emotional involvement but
also highlight semantically salient content. At a
broader level, the contrast between Amplification
in affective domains (e.g., personal relationships)
and Expressivity in task-oriented domains (e.g.,
work, career) reveals how cultural values and social
norms shape conversational styles. Such contrasts
warrant further analysis of generational, gender,
and cultural variation. From a psychological per-
spective, contexts characterized by Expressivity
illuminate when speakers foreground emotion over
information. From an applied perspective, topic-
sensitive paraverbal patterns can guide conversa-
tional AI, and integrating paraverbal with nonverbal
cues enables deeper insight into multimodal coor-
dination and turn-taking.

With respect to nonverbal behaviors, interaction-
related gestures—such as Attitudinal, Responsive,
and Focusing—were dominant, while Represen-
tational and Pointing gestures were less frequent.
This suggests that gestures primarily served coor-
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dination rather than lexical concretization. Head
and hand movements were the main expressive
channels, whereas facial gestures, though less fre-
quent, specialized in conveying emotional nuances.
These patterns invite further research into how
gestures shape turn-taking (Kendon, 1967; Stivers
et al., 2009; Levinson and Torreira, 2015) and how
the use of specific body parts varies across cultures,
genders, and topics. Despite their smaller propor-
tion, facial gestures act as crucial affective signals,
allowing distinctions such as joyful vs. social smiles
(Ekman and Friesen, 2015; Niedenthal et al., 2010)
and revealing context-dependent meanings. The
differentiated use of gestural channels by speak-
ers (e.g., hands for amplification, head for stance)
and listeners (e.g., nods, facial expressions for em-
pathy) provides valuable cues for designing mul-
timodal dialogue systems capable of role-based
gestural responses.

Concerning the overall affective state, the
dataset primarily captures stable, everyday interac-
tions—reflecting ordinary rather than conflict-driven
conversations. Nevertheless, topic-specific affec-
tive spectra reveal distinct emotional patterns, of-
fering a foundation for studying how empathy and
positivity are organized in neutral and supportive
exchanges, and for contrasting them with dialogues
involving conflict or extreme emotion.

Finally, cross-layer analyses demonstrate sys-
tematic alignment between verbal and paraverbal
cues: speaker-driven intents were typically associ-
ated with Amplification, whereas listener-oriented
backchannels were marked by Expressivity. This
suggests that prosody reinforces interactional roles
by distinguishing content delivery from affective
attunement. Importantly, the integration of Over-
all Affective State, Verbal Emotion, and Nonverbal
Emotion across time-overlapping segments shows
that multiple modalities operate in complementary
ways. Together, these findings underscore that
real-life language use relies on multimodal inter-
play rather than single-channel expression.

These insights have direct implications for con-
versational AI. Multimodal agents should model
interactional roles, enabling speaker-oriented am-
plification and listener-oriented backchanneling as
distinct behaviors. Because affective meaning is
distributed across modalities without full temporal
overlap, unimodal emotion recognition is inherently
limited; multimodal integration is therefore essen-
tial for detecting implicit and relational signals in
everyday interaction.

Beyond these observations, the K-MIND corpus
provides a foundation for advancing multimodal
and socially grounded research. Rather than a
static dataset, it serves as a platform for exploring
how language, emotion, and embodiment interact
across communicative layers. Future work may ex-

tend these findings by examining cross-linguistic
and cross-cultural variation, longitudinal shifts in
communication styles, and multimodal modeling
for adaptive conversational AI. Through its scale,
diversity, and fine-grained alignment, K-MIND con-
tributes to both the theoretical understanding of
human interaction and the development of affect-
aware, culturally adaptive dialogue systems.

6. Conclusions

The Korean Multimodal INteraction Data (K-MIND)
provides a large-scale, naturalistic corpus that cap-
tures the multilayered nature of human interaction
across verbal, paraverbal, and nonverbal dimen-
sions. By offering synchronized multimodal signals
with systematic annotation, it establishes a solid
foundation for empirical research on communica-
tion and affective dynamics in Korean. Beyond its
linguistic value, K-MIND supports interdisciplinary
exploration in multimodal human–computer interac-
tion, social cognition, and AI-driven dialogue mod-
eling. Future extensions—such as the planned Tri-
adic K-MIND for multiparty interaction—will enable
investigation of more complex dynamics including
turn management, role negotiation, topic transi-
tions, and cross-cultural variation, thereby broad-
ening both the scope and the societal relevance of
this resource.

Limitations

While K-MIND provides a large-scale, multimodal
view of Korean interaction, it has certain limita-
tions. The recordings are confined to dyadic set-
tings and may not fully capture broader social dy-
namics. Camera presence might also have influ-
enced participants’ behavior, leading to slight devi-
ations from their usual conversational style.
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A. Annotation Tool

Figure 9: K-MIND annotation tool interface: (top) verbal, (middle) paraverbal, and (bottom) nonverbal.
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