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Abstract

Emotion is a key characteristic that differentiates humans from machines. It
is intricate, encompassing a wide variety of emotional states, and is expressed
through both verbal and non-verbal communication channels. Different modali-
ties contribute in unique ways to the integrated expression of emotion. However,
in most of the existing multimodal datasets, there is only one unified emotion
label for the various modalities, ignoring the heterogeneity and complementar-
ity of the different modalities. To bridge this gap, we introduce UniC, a novel
multimodal emotion dataset featuring both integrated multimodal labels and
independent unimodal labels. UniC is comprised of 965 emotion-rich video clips
selected from YouTube, annotated in text, audio, silent video, and multimodal
setups with both categorical and dimensional labels. We outline the steps taken
to construct the dataset and analyze different modality perspectives in UniC.
Our findings indicate that while in most cases the modality of text shares more
emotional resemblance with the multimodal setup, other modalities can exhibit
different, sometimes even opposite emotions that might contribute more to the
overall emotion state. This dataset offers a modality-specific perspective on mul-
timodal emotion analysis and has the potential to provide valuable insights for
further research in human emotion understanding.

Keywords: Unimodal and Multimodal Labels, Text, Speech, Video, Sentiment and
Emotion Modelling
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1 Introduction

We chat with big smiles, question with frowned eyebrows, and argue with glaring eyes.
“People are their emotions” (Denzin, 1984). Thanks to verbal and non-verbal aids, we
can express our emotions and understand those of others.

Since the computational study of emotion was explicitly suggested (Pfeifer, 1982),
scholars have explored various methods for analyzing and modelling emotion to enable
machines to better understand human affect and emotions, with the ultimate goal of
“emotional intelligence” (Picard, 1997). The emergence of single-modal corpora has
significantly advanced emotion recognition research, such as the SemEval-2018 Affect
in Tweets Dataset (Mohammad, Bravo-Marquez, Salameh, & Kiritchenko, 2018), the
EMO-DB (Burkhardt et al., 2005) and the FER2013 dataset (Goodfellow et al., 2013)
for textual, audio and facial emotion recognition, respectively. While single-modal
research on emotion recognition has yielded promising results, it focuses on only one
aspect of emotion. In daily life, emotions often manifest as multimodal, dynamic pat-
terns of behaviour (Keltner, Sauter, Tracy, & Cowen, 2019), involving vocalization,
facial expression, and more.

By considering multiple modalities together, multimodal emotion modelling aims
to jointly model these different expressions of emotions, ultimately striving for better
performance in automatic emotion detection (D’Mello & Westlund, 2015). However,
this task is still hindered by the challenge of fusing information from multiple modal-
ities. Often, consistent emotion information across modalities can be represented by a
unified single emotion label. Yet, there are many cases where the different unimodal
emotion expressions complement each other, or where the emotion expressed in one
modality is different from or even contradicts another. For example, imagine a person
enthusiastically saying “This movie was awesome!” Both the text and audio signals
clearly indicate a positive emotion, but if the same person also rolls their eyes upward
while expressing their review, the visual modality reveals irony, indicating a negative
emotion.

In most multimodal emotion datasets, only a single emotion label is annotated
for all modalities, thus ignoring the independent emotions which may be expressed
through each unimodality. To better understand the added value and interaction
between each unimodality in multimodal emotion labelling, this paper introduces
UniC, a multimodal multilabel emotion dataset with independent unimodal labels.
The name stands for “Unimodality Counts”, highlighting the unique contributions of
different unimodalities to tasks such as emotion recognition and emotion modelling.

The remainder of this paper is structured as follows. In Section 2, we start with
a brief introduction to NLP approaches for emotion detection from both unimodal
and multimodal perspectives. We also discuss various prominent multimodal emotion
datasets. Given the lack of datasets with natural emotion expressions and more fine-
grained annotations, Section 3 introduces a novel approach for building a multimodal
multilabel emotion dataset with independent unimodal labels based on YouTube video
material. Section 4 presents the results of a detailed inter-annotator agreement study,
including comparisons before and after annotator training, a methodology to enhance
agreement through emotion label clustering, and a general agreement study on the
entire dataset. Using the independent unimodality and multimodality annotations as
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input, Section 5 investigates the emotion complexity in the data by exploring the
relationship between emotion states, modalities, and annotators. Section 6 provides an
example of the dataset to illustrate differences in emotion across modalities. Finally,
we conclude the paper in Section 7.

2 Related Work

From a computational perspective, the study of emotion has gained more and more
attention over the last decades. To enable machines to understand human affect and
emotion, achieving so-called “emotional intelligence” (Picard, 1997), researchers have
worked on different modalities, including text, audio, and facial expressions, to model
human emotions. Scholars in natural language processing (NLP) specifically focus on
the text modality. Their research ranges from investigating and modelling the overall
sentiment or polarity in a given text (Nasukawa & Yi, 2003; L. Yang, Li, Wang,
& Sherratt, 2020) to the fine-grained detection of specific polarities associated with
different aspects of a product or event (Nazir, Rao, Wu, & Sun, 2020; Pontiki et
al., 2016; Zhong et al., 2023), emotion detection in text from tweets or other sources
(De Bruyne, De Clercq, & Hoste, 2021b; Ghafoor et al., 2023), and other emotion-
related topics such as humour and irony (Barbieri & Saggion, 2014; Maladry, Lefever,
Van Hee, & Hoste, 2022; Winters, Nys, & De Schreye, 2018).

Closely related to text, speech can be transcribed into text for emotion analysis,
while paralinguistic information such as prosodic and spectral features also aids in
emotion classification (Anagnostopoulos, Iliou, & Giannoukos, 2015; Lu, Cao, Zhang,
Chiu, & Fan, 2020). Extracting this information from speech is challenging, as features
like pitch and energy contours are easily affected by factors such as speakers, speaking
styles, and speaking rates. Furthermore, spontaneous speech often features authentic
emotion expressions that are more subtle and harder to distinguish than acted emo-
tions (S. Zhang, Zhao, & Tian, 2019). Since speech is always intertwined with text,
they typically appear together in emotion-related tasks (Hajek & Munk, 2023).

As for facial emotion recognition, the conventional approach is composed of three
major steps: face detection, feature extraction (converting facial features into vectors),
and expression classification. The combination of powerful spatial feature extraction of
convolution neural networks (CNNs) and temporal feature detection with long short-
term memories (LSTMs) (and their variants) has become state-of-the-art (Canal et
al., 2022), achieving an accuracy of 78.2% on the FER2013 image dataset (Ming,
Qian, Guangyuan, et al., 2022). Transfer learning has also been introduced in facial
emotion recognition (Akhand, Roy, Siddique, Kamal, & Shimamura, 2021; Chowdary,
Nguyen, & Hemanth, 2023) to speed up training and address the lack of big datasets.
This shortage of datasets is especially problematic for the detection of spontaneous
emotions in video data.

Due to the rich characteristics and complex distribution of human emotions, it is
challenging to identify emotion expressions through unimodal information only. There-
fore, multimodal emotion recognition (Gao, Li, Chen, & Zhang, 2020) was introduced
to capture this rich emotion information by jointly modelling text, speech, and facial
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expressions (Mittal, Bhattacharya, Chandra, Bera, & Manocha, 2020). Recent multi-
modal models, such as GPT-4V (vision) (Z. Yang et al., 2023) and MultiModal-GPT
(Gong et al., 2023), have demonstrated the huge potential of combining text with
other modalities, e.g., audio, images, and even videos. Some studies also take elec-
troencephalogram (EEG) and electrocardiogram (ECG) signals as emotion indicators
(Pan et al., 2023; H. Zhang, 2020).

Since all the mentioned approaches, both unimodal and multimodal, are data-
driven methodologies requiring annotated data for training or fine-tuning, a number of
emotion-annotated corpora have been created over the past decades. Given the scope
of this paper, we will focus exclusively on multimodal emotion datasets, which can be
categorized into acted emotion datasets and natural emotion datasets (see Table 1 for
an overview). Acted emotion datasets often include soap operas and movies, which are
performed by professional actors with scripted lines and plots, while natural emotion
datasets usually consist of recordings of spontaneous speeches from non-professional
actors.

IEMOCAP (Busso et al., 2008) is an acted dialogue dataset in English, featuring
seven professional actors and three drama students, with five women and five men. The
subjects used fixed scripts in the scripted sessions and improvised their own words in
the spontaneous sessions. Two schemes were used for emotion annotation: a categorical
scheme with labels like anger, sadness, happiness, frustration, and a neutral state, and
a continuous scheme using valence, activation and dominance (VAD) attributes with
the Self-Assessment Manikin (SAMs) (Fischer, Brauns, & Belschak, 2002). IEMOCAP
contains 10,039 dialogue turns.

MSP-IMPROV (Busso et al., 2016) is another acted multimodal emotional
database in English, featuring 12 theatre students. Unlike IEMOCAP, the actors were
free to use their own language in the set scenarios, as long as they also included spe-
cific lexical content that was designed to express a target emotion. In this sense, it
might be better to classify MSP-IMPROV as a half-acted dataset. The scenarios were
based on 15 sentences believed to be generic enough to trigger target emotions (anger,
happiness, sadness, and a neutral state). The corpus was manually segmented into
dialogue turns and annotated using crowdsourcing. Emotion annotation used a mul-
tilabel strategy, including one primary emotional label and one or more secondary
emotion labels, along with VAD attributes. The database consists of 8,438 utterances.

CHEAVD 2.0, also called MEC 2017 (Li et al., 2018), is a multimodal emotion
database with 7,030 clips selected from Chinese movies, soap operas and TV shows.
For emotion labelling, a discrete emotion annotation scheme was adopted with eight
labels: happiness, sadness, worry, anger, anxiety, surprise, disgust, and neutral.

CMU-MOSEI (Zadeh, Liang, Poria, Cambria, & Morency, 2018) is a collection of
3,228 videos with 23,453 sentences from YouTube. To broaden the range of topics, 250
commonly used topics in online videos were selected as seeds and the number of videos
from each channel was limited to 10. After several filtering rounds, including quality
control and gender balancing, the final video pool contains 3,228 videos, with the most
frequent topics being reviews (16.2%), debates (2.9%), and consulting (1.8%). The
videos were annotated by three crowdsourced judges from Amazon Mechanical Turk
with both sentiment and emotion labels.
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Table 1 Summary of available datasets for multimodal sentiment/emotion recognition, featuring
audio-visual data. For each dataset, the source (src), language, (lang), average segment length in
second (avglen), agreement (agr) and used annotation scheme (categorical = cat; VAD; sentiment =
sent) is mentioned.

Dataset Src Lang Segments Avglen Agr Annot

IEMOCAP (Busso et al., 2008) lab EN 10039 4.5s κ = 0.35 cat + VAD
MSP-IMPROV (Busso et al., 2016) lab EN 8438 1.9-3s κ = 0.49 cat + VAD
MEC 2017 (Li et al., 2018) TV CN 7030 κ = 0.43 cat
M3ED (Zhao et al., 2022) TV CN 24449 7.39s κ = 0.59 cat
CMU-MOSEI (Zadeh et al., 2018) YT EN 23453 7.28s N/A cat + sent
CH-SIMS (Yu et al., 2020) TV CN 2281 3.67s N/A sent
CH-SIMS v2.0 (Liu et al., 2022) TV CN 4402 3.63s N/A sent

M3ED (Zhao et al., 2022) is a multimodal, multiscene, multilabel emotion-
annotated dialogue dataset, including 990 emotional dialogues from Chinese TV series.
Emotion labels cover the six basic emotions from Ekman (1992) and one additional
label neutral. Each utterance could be annotated with multiple emotion labels, result-
ing in 11% of the utterances having multiple labels, where the emotion anger often
co-occurs with other negative emotions, such as disgust and sadness.

Whereas the previously mentioned datasets have a unified emotion label for all
modalities, the UniC multimodal multilabel emotion dataset with independent uni-
modal emotion labels draws inspiration from the CH-SIMS (Yu et al., 2020) dataset
construction. CH-SIMS (Yu et al., 2020) employs an annotation strategy in which
each modality receives an independent label, along with a label for the multimodality.
The authors did not provide fine-grained emotion annotations, and the 2,281 video
segments in CH-SIMS were annotated with negative, neutral and positive polarity
information. The authors found that the multimodality layer did not always have the
same sentiment status as one or more of the unimodality layers. They reported that
20% - 30% of unimodal annotations had inconsistent sentiment polarities compared
to the multimodal ones. To enhance and extend the dataset, an additional 4,402 video
segments were annotated and added to CH-SIMS, along with 10,161 unsupervised (not
annotated) video segments, leading to the release of CH-SIMS v2.0 (Liu et al., 2022).

3 Dataset Collection and Annotation

In this section, we discuss our methodology for both data collection and annota-
tion. Section 3.1 describes the collection and selection of videos using three filtering
strategies. In Section 3.2, we detail our approach to labelling the videos, including a
discussion of emotion frameworks, multiple rounds of multimodal annotation, and the
redesigned emotion labels with cluster analysis.
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3.1 Data Collection and Filtering

To obtain English multimodal data potentially rich in emotions, we collected videos
from YouTube, one of the biggest online video-sharing platforms. Unlike traditional
video sources (e.g., dramas, soap operas, and movies) which are largely composed of
acted emotions, YouTube offers easier access to videos with natural and authentic
emotion expressions. To collect suitable YouTube videos for the dataset, we defined
the following guiding principles:

• Each frame should feature only one subject showing their face clearly in the
video, allowing for the detection of non-verbal emotion expressions such as facial
expressions and eye movements.

• The subject in the video should speak clearly so that their speech can be easily
recognized by human ears.

• The subject should ideally express as much emotion as possible.

Since selecting a suitable dataset among a large amount of videos on YouTube is not
trivial,1 we set three filters to search more efficiently, namely a keyword filter, a
subtitle filter, and a manual filter. The keyword filter narrows down the domains
from which to sample data, targeting domains we hypothesised to contain emotion-rich
content. The subtitle filter identifies emotion-rich samples through sentiment analysis
of video transcripts, based on the hypothesis that the emotions expressed in text are
accompanied by emotions in the other modalities. Finally, a manual filter ensures the
quality and diversity of the resulting dataset.

Keyword Filter

Since we aimed to collect videos featuring clearly visible facial expressions, we started
our search by feeding the YouTube search engine with specific topic-related keywords
which we thought might involve more positive and negative sentiments. This led us
to choose the following five keywords: book review, movie review, review (excluding
book review and movie review), interview, and psychological counseling. The dif-
ferent review-related keywords were selected because reviews, such as those of hotels
(Ray, Garain, & Sarkar, 2021), movies (Rehman, Malik, Raza, & Ali, 2019) and air-
lines (Kwon, Ban, Jun, & Kim, 2021), are popular text types for research in the field of
customer sentiment analysis. Furthermore, the topic of review is frequent in another
popular YouTube video dataset, CMU-MOSEI (Zadeh et al., 2018), accounting for
16.2% of over 3,000 videos. While review videos are mainly monologues, interview
and counseling videos often feature two characters interacting, thus covering dialogue
scenarios. We aimed to collect 100 videos for each keyword, but due to factors like
advertisements, we ended up with a total of 93, 88, 94, 101, and 97 videos for the five
keywords, respectively.

1As of 2024, YouTube has more than 2.70 billion monthly active users who upload 720,000 hours of video
and consume 1 billion hours of video on a daily basis. See https://www.demandsage.com/youtube-stats
(accessed March 18, 2024).
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Fig. 1 The number of subtitle blocks containing manually annotated emotions, with one sample
video for each keyword. The X-axis represents the number of subtitle blocks, and the Y-axis shows the
absolute frequency/percentage. The left plot displays the distribution of 5 videos separately, while the
right plot combines the data of these videos. The plots suggest that more than 90% of the emotional
signal can be captured within 5 subtitle blocks.

Subtitle Filter

The dataset of 473 videos, resulting from the keyword filtering, was further refined to
focus on those videos featuring expressions of emotions. To evaluate the emotion rich-
ness in these videos, we ranked them based on the sentiment exhibited in the subtitles,
a modality more easily accessible than others (e.g., audio and facial expressions). Sub-
titles of all videos were downloaded from YouTube, with manually created subtitles
preferred over automatically generated ones. These subtitles were subsequently pro-
cessed using a RoBERTa-base model trained on approximately 58M tweets from the
SemEval2017 dataset (Rosenthal, Farra, & Nakov, 2017) and fine-tuned for sentiment
analysis (Barbieri, Camacho-Collados, Espinosa Anke, & Neves, 2020).

To evaluate the system on our data, we randomly selected a video (referred to as
Video-Zero hereafter) and found that about 80% of the subtitles were classified as
neutral. A manual check revealed that the subtitle blocks in Video-Zero had an average
duration of about 1.89 seconds with on average 5.4 words, which might be too brief for
accurate sentiment classification. To determine how many original subtitle blocks are
needed to identify an emotion, we randomly selected one video for each of the other
keywords and manually annotated them along with Video-Zero. The results, shown in
Figure 1, suggest that about 93% of the emotions can be captured when considering
video clips up to 5 subtitle blocks. With 5 subtitle blocks, the average video clip length
is about 10 seconds, similar to the average video length in CMU-MOSEI (Zadeh et
al., 2018). Therefore, we decided to use a combination of 5 subtitle blocks as input to
the sentiment prediction model.

Table 2 shows two cases where sentiment predictions shift after merging additional
subtitle blocks. In the first case, a new subtitle block with a positive sentiment is
added to four neutral blocks and retains its positive sentiment after combination. In
the second case, a variety of polarities at the subtitle block level results in a negative
sentiment after merging. These sentiment changes may stem from context variations,
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Table 2 Changes in sentiment prediction as the span extends from 1 to 5 subtitle blocks. P1, P5
and M1, M5 refer to sentiment predictions and manual annotations for 1 and 5 subtitle blocks,
respectively.

Time Subtitles P1 M1 P5 M5

0:07:34 and we’re given very clear very clear neutral positive positive positive
0:07:38 toolbox of strategies that neutral neutral
0:07:41 have been highly researched and have neutral positive
0:07:44 been proven as being neutral neutral
0:07:45 incredibly effective to help people with positive positive

0:09:02 problems so in terms of skills negative negative negative negative
0:09:04 a counselor is not going to really be neutral neutral
0:09:07 that highly skilled positive positive
0:09:09 in terms of offering really good quality positive positive
0:09:11 solutions neutral neutral

as the absence of context can lead to inaccurate predictions, whereas the proper appli-
cation of context information can improve the accuracy of sentiment analysis (Kumar
& Garg, 2020).

To evaluate the proposed subtitle filter more precisely, we selected five sample
videos, each chosen based on one of the five different keywords, and manually anno-
tated the joint subtitle blocks for sentiment. With accuracy scores ranging between
75% and 80%, we deemed these results sufficient to support the filtering process. Con-
sequently, all videos were sorted in ascending order by their percentage of neutral
classifications.

Manual Filter

The third and final filter consisted of a manual check, where one of the authors served
as the human validator. This process included not only reviewing key elements of
the character (e.g., face, voice) in the videos, but also ensuring character diversity
to prevent any single subject from dominating the topic or dataset. In this process,
we found that videos collected with the keywords interview and psychological
counseling often violated our selection criteria due to the frequent use of “reaction
shots” (or “cross-cutting”). These shots cut away from the speaker to show audience’s
facial expressions and body language (Brown, 2016). While reaction shots help video
viewers better understand the emotional content of a scene (Brown, 2016), they also
cause a mismatch between the speech of one character and the facial expressions (or
body language) of another, making the data unsuitable for our dataset. Consequently,
we decided to exclude videos under the keywords interview and psychological
counseling, leaving the dataset with only monologues.

After applying the three filtering steps, we obtained a dataset of 965 video clips, each
containing 5 subtitle blocks, for the annotation process. While we clearly described the
filters used for selecting video material, we acknowledge that each selection or filter-
ing step during corpus creation inherently introduces some kind of selection bias. For
instance, by focusing on English video material across various domains, we inevitably
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introduce some cultural and domain bias. The subtitle filtering may have led to some
textual emotion bias, while the manual filter might have introduced bias based on the
educational, social, or personal background of the human validator. Furthermore, by
focusing on the collection and annotation of emotion-rich video material, the dataset
naturally has a higher distribution of emotional content. However, the videos still
contain non-emotional (“neutral”) segments, which may mitigate this bias. This dis-
tribution should be taken into account when designing emotion detection systems
intended for randomly sampled video data.

3.2 Data Annotation

The collection of manual annotations is the primary and most time-consuming aspect
of dataset construction. In this section, we introduce the emotion taxonomy and the
multiple modality setups to be annotated. Furthermore, we provide a brief overview
of the customized annotation tool and the background of our annotators. We also
explain our decision to conduct multiple rounds of annotations to balance diversity
and agreement in the emotion annotation task. Finally, we discuss how the initial set
of 26 emotion labels was reduced to 7 through a clustering analysis of the categorical
emotion labels.

Emotions are typically annotated using categorical or dimensional frameworks. In
the categorical framework, anger, disgust, fear, happiness, sadness, and surprise are
considered the six basic universal emotions (Ekman, 1992). The dimensional model,
on the other hand, projects emotions in a multidimensional space along the axes of
valence, arousal, and dominance (Mehrabian & Russell, 1974). Both frameworks are
applied in this work. For categorical emotion annotation, we decided not to start with
the basic universal emotion framework. Instead, to capture a broad range of relevant
emotions, we began with an elaborate set of 25 emotions (anger, contentment, disap-
pointment, disgust, enthrallment, enthusiasm, envy, fear, frustration, irritation, joy,
longing, love, lust, nervousness, optimism, pity, pride, rejection, relief, remorse, sad-
ness, suffering, surprise, torment) from Shaver, Schwartz, Kirson, and O’connor (1987),
plus a neutral label. Following a pilot study in which we annotated 94 video clips, this
set of 26 emotion labels was reduced to a smaller emotion taxonomy through clus-
tering analysis. We will discuss this clustering in Section 3.2.5. For the dimensional
framework, we decided to annotate only valence and arousal, since previous stud-
ies showed that annotator agreement on dominance was too low for use in machine
learning (De Bruyne, De Clercq, & Hoste, 2021a; Labat, Demeester, & Hoste, 2024).

3.2.1 Multimodal Annotation

When communicating feelings or attitudes, emotion information is conveyed not only
through verbal communication, but also to a large extent via nonverbal modalities
(Mehrabian, 1971). While these different modalities are considered when labelling data
with a unified emotion label (as is the case for most multimodal emotion datasets
discussed in Section 2), the interplay of these modalities remains unclear with unified
labels. Since studies have shown that emotion states in unimodalities may differ from
those in a multimodal setup (Du, Labat, Demeester, & Hoste, 2023; Liu et al., 2022),
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Fig. 2 Annotation interface for the all modality (multimodality) setup with a reduced set of cate-
gorical labels following the cluster study. For audio or silent video modalities, the lower part of the
interface will not display text for the emotion trigger annotation.

we decided to annotate each video clip in four modalities, namely text, audio, silent
video, and all (combining all three modalities). To minimize interference from other
modalities, annotators received the four modalities in a shuffled order. For example,
the text of clip A is followed by the audio of clip B, the silent video of clip C, and the
all modality setup of clip D. We ensured that the four modality setups of one video
clip were never presented in neighbouring slots. For the audio modality, annotators
were instructed to focus on all audio clues while ignoring the content of the utterances
as much as possible.

3.2.2 Annotation Tool

To carry out the annotation work, we built our own in-house annotation tool, as
existing tools did not support the complexity of both unimodal and multimodal emo-
tion annotation. While ELAN (Wittenburg, Brugman, Russel, Klassmann, & Sloetjes,
2006) is a widely used annotation tool for audio and video recordings that allows for
unlimited textual annotations, it was not suitable for this project for several reasons.
First, ELAN is designed for multimodal annotations as a whole and lacks the flexibility
to consider each unimodality independently. Additionally, the text-based annotations
in ELAN are more time-consuming to enter via the keyboard. To make the annotation
process as efficient as possible, we tried to minimize the required human input.

Our annotation tool, shown in Figure 2, is an online tool that facilitates the
distribution of assignments across different modalities to annotators and allows for
monitoring the annotation process. In the upper left corner of the interface, the raw
material (text, silent video, sound, or all modalities combined, as in Figure 2) is pre-
sented. In the upper right corner, valence and arousal (activation) are represented
using two series of visuals with 5-scale Self-Assessment Manikin (SAM) scores (Bradley

10



& Lang, 1994). The scores are intended to depict the primary emotion, which is the
emotion most clearly conveyed in the data. In addition to the primary emotion, anno-
tators can also annotate peripheral emotions within the categorical framework. While
there can be multiple peripheral emotions in the data, annotators must select the one
that is most obvious. Each raw material is divided into five parts, as shown in the
lower left section, to be clicked as the emotion trigger. The emotion trigger is defined
as the word(s), phrase(s), audio, and video span(s) in the data that most strongly
convey the emotion. Multiple triggers can be selected. There is also a button for irony,
defaulted to “no”, to mark the presence of irony for future research.

3.2.3 Annotators

To reduce the noise in the annotation process, we decided to work with expert annota-
tors rather than crowdsourced workers. We hired three students from Ghent University,
selected from 14 candidates based on their performance in an annotation test on a
transcribed speech sample from a video. All were proficient in English and were paid
based on their working time rather than the number of annotations produced. We
imposed a time limit of 300 seconds per annotation to ensure that annotators had
sufficient time without rushing through the task. Before the annotation task started,
annotators received a set of initial guidelines, including dictionary definitions of the
different emotions and instructions on using the annotation tool.

3.2.4 Multiple Rounds of Annotation

Emotion annotation is an inherently subjective task, influenced by an individual’s
background, personal experiences, and world knowledge. To minimize discrepancies
among annotators and establish a standardized approach, while preserving the diver-
sity and subjectiveness of emotion annotation, we structured the annotation process
into three sessions:

• Session 1: Independent annotation without interference of other annotators. This
session was carried out on a subset of the full dataset, referred to as subset-A, which
includes 94 video clips. These clips were annotated in four modality setups, namely
text, audio, silent video, and the multimodal setup combining all three, abbreviated
as t, a, v and m, respectively.

• Session 2: A training session of approximately 4 hours, where the three annotators
worked together on an annotation assignment. The first two hours were dedicated
to jointly annotating the four modality setups for each video clip, which resulted
in the annotation of 11 clips (named subset-A1 ). The remaining time was spent
jointly annotating 53 clips in the multimodal setup (named subset-A2 ). The initial
part aimed to consolidate the annotators’ understanding of each modality, while the
latter part focused on reaching a consensus on unified emotion evaluation criteria
across modalities.

• Session 3: Return to independent annotation. This session involved annotating the
remaining 30 clips of subset-A, referred to as subset-A3, and continued with all other
video clips in the UniC dataset (named subset-A’ ). Both Subset-A3 and subset-A’
were annotated in the four modality setups.
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Table 3 Annotation sessions. In total, there are 965 clips in UniC, composed of subset-A,
subset-A’ and subset-A”, while subset-A contains 94 clips, further composed of subset-A1,
subset-A2 and subset-A3. Set(s) of annotation result means the number of unique annotation
results from individual annotators. T, A, V, M stand for the modality setups of text, audio,
silent video and the multimodality setup, respectively.

Session Clips Annotated jointly
or independently

Set(s) of annota-
tion result

Modalities
annotated

subset-A 1 94 independently 3 4 (T, A, V, M)
subset-A1 2 11 jointly 1 4 (T, A, V, M)
subset-A2 2 53 jointly 1 1 (M)
subset-A3 3 30 independently 3 4 (T, A, V, M)

subset-A” 3 60 independently 3 4 (T, A, V, M)
subset-A’ 3 811 independently 1 4 (T, A, V, M)

Fig. 3 Dataset UniC segmentation, with UniC containing 965 clips and composed of subset-A,
subset-A’ and subset-A”, while subset-A containing 94 clips and further composed of subset-A1,
subset-A2 and subset-A3.

During annotation sessions 1 and 3, annotators worked independently, labelling
instances according to their own knowledge and cognitive competence, with or without
the influence of the training session. The training session aimed to produce a set
of annotations agreed upon by all annotators (gold standard) by considering and
summarizing each annotator’s perspectives into a single consensus. To ensure equal
weight for each perspective (Cabitza, Campagner, & Basile, 2023), we controlled the
discussion and negotiation process by appointing one annotator as the chair to lead
the session, with the role of chair rotating among annotators.

Subset-A was used in all three sessions, making it possible to compare annotation
differences before, during, and after training. In a pilot study on the annotations of
subset-A, subset-A1, subset-A2 and subset-A3, we found that the training in session
2 positively influenced annotator agreement while maintaining sufficient diversity in
perspectives (Du et al., 2023). We will revisit this agreement study in Section 4.

3.2.5 Redesigned Categorical Emotion Labels

To investigate whether we could reduce the initial set of 26 emotion labels into a
more manageable taxonomy, we performed a clustering analysis using the multimodal
annotations of the 94 video clips (subsets A1-3 ), which were fully agreed upon by the
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three annotators. By matching the emotion labels from the categorical framework with
their average valence and arousal scores from the dimensional framework, we obtained
a set of triads. Plotting these triads into a two-dimensional Valence–Arousal space
results in a distribution plot of emotions. In this space, we calculate the Euclidean
distance between two emotions.

The smaller the distance between two emotions, the more similarities they share.
This distance is used as the input for K-means and hierarchical clustering, with the
goal of reducing the large set of 26 fine-grained emotion labels into a smaller taxonomy.

The clustering analysis was conducted with the primary emotion labels from the
multimodal annotations of 94 video clips obtained from the first and the second anno-
tation sessions. Figure 4 shows the clustering space when partitioning these 94 triads
of emotions into 3, 4, 5, 6, and 7 clusters, with each pair grouped to the cluster
with the nearest mean (MacQueen, 1967). In these K-means clustering results, each
dot represents an emotion label, with the size (diameter) of the dot indicating the
frequency of the emotion labels in the 94 clips. Dots of the same colour are clus-
tered in the same group. For example, when the cluster number is set to 4 (upper
right part of Figure 4), the emotion rejection occurred 6 times and is clustered with
disappointment, which occurred 12 times. When setting the number of clusters to 3,
4, 5 and 6, the results in Figure 4 reveal some clear clustering patterns, such as (1)
disgust – frustration, (2) rejection – irritation – disappointment, (3) neutral – confu-
sion, (4) enthrallment – enthusiasm – joy – love. However, the clustering of surprise,
optimism, and contentment remains unclear. These three emotions are grouped in
the same cluster when the cluster number is increased to 5, but optimism clusters
with surprise while contentment is excluded when the cluster number is set to 6, and
the reverse occurs when increasing the cluster number to 7.

To corroborate the insights from the K-means clustering analysis, we also per-
formed hierarchical clustering. Unlike in K-means clustering, hierarchical clustering
does not require pre-defining the number of clusters, and the hierarchical structure
of the generated clusters shows the relationships between different data points in an
interpretable way, especially when visualized with dendrograms. Figure 5 presents the
hierarchical clustering results on the 94 video clips using average agglomerative clus-
tering, where clusters are built bottom-up by treating each data point as its own
cluster and iteratively combining the most similar pairs of clusters until all data points
are included in a single cluster. We observe that the clustering of negative emotions
rejection with disappointment and irritation, and disgust with frustration confirms
our earlier findings from the K-means analysis. The same holds for positive emotions
enthrallment – enthusiasm – joy – love and for the cluster neutral – confusion. For the
emotions optimism, contentment and surprise, which had scattered results in the K-
means clustering, we observe that optimism is grouped with joy, whereas contentment
and surprise are combined into one cluster. To confirm this grouping, we ran further
tests with other linking methods2; since six out of seven linking methods grouped
contentment and surprise, we decided to separate optimism from that group and
put it in the group with joy.

2The tested methods were average, centroid, complete, median, single, Ward, and weighted linking.
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Fig. 4 K-means clustering of primary emotions with the number of clusters ranging from 3 to 7.
Emotions are represented as dots, with the diameter indicating the frequency and the colour denoting
the cluster. Note that emotions within the blue triangle change clusters more often than others.

With the complementary information from the two clustering analyses, we identi-
fied 5 clusters, as shown in the upper part of Figure 6. However, upon further review, we
found some improper clusters. Firstly, although neutral and confusion were clustered
together in both clustering methods, they are conceptually different. Despite their
proximity in the Valence–Arousal space, the semantic difference between confusion
and neutral is too large to cluster them together, so each was assigned to a separate
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Fig. 5 Hierarchical clustering of primary emotions using average linking. Emotions linked to the
same node are considered members of the same cluster.

Fig. 6 Initial (upper) and final (lower) sets of emotion clusters

cluster. Additionally, surprise and contentment were initially combined in one clus-
ter. Surprise, one of the basic emotions in Ekman’s framework (Ekman, 1973), is the
feeling experienced when something unexpected happens, whether good or bad, and
is linked to high arousal. In contrast, contentment is a feeling of quiet happiness and
satisfaction, always has a positive polarity, and is characterised by low arousal. Given
these differences, we decided to split the cluster. The final set of seven emotion clusters
used for further annotation of the full dataset is shown in the lower part of Figure 6.

To select umbrella terms for the three clusters that contain multiple emotion labels,
we first chose labels from Ekman’s well-known basic emotion set (Ekman, 1992) (indi-
cated in bold in Figure 6). For one cluster, however, none of the basic emotions could
be chosen. In this case, we selected the emotion class with the highest frequency
(De Bruyne, De Clercq, & Hoste, 2019) (indicated in italics in Figure 6). The final set
of seven emotion clusters exhibits a balance in the polarity of the different emotion
labels: disgust and disappointment share a negative polarity, while contentment and
joy have a positive polarity. Both confusion and surprise can be linked to more than
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one polarity. Notably, in the 94 annotations of the pilot study, all confusion annota-
tions had a valence score of 3, while all surprise annotations had a valence score of no
less than 3, indicating that confusion is more neutral and surprise is more positive
in our dataset.

Emotion clustering from a large set of labels has been previously investigated
by, e.g., De Bruyne et al. (2019) on a corpus of emotional tweets and Labat et al.
(2024) on customer service dialogues from Twitter. After clustering, De Bruyne et al.
(2019) identified a set of 5 emotions, while Labat et al. (2024) developed a taxonomy
of 9 emotions that best represented the emotions expressed in their data. When we
compare our emotion labels with those from previous studies, we find that the emotions
confusion and surprise are unique to our set. The difference likely arises from the
domain of our data, which focuses on reviews, whereas, for example, Labat et al.
(2024) focused on customer service interactions. Another potential explanation is that
emotions like confusion and surprise are less easily detected in textual data, and the
complementary information from audio and video helps in identifying these emotions.
This is further supported by the annotation results discussed in Section 5.1.

Since the seven clusters were obtained from the emotion labels assigned in the
multimodal setup, we also mapped the labels of the unimodal setups into these clusters.
This was necessary because, in the first annotation session before training, 75 out
of 846 unimodal annotations were not covered by the clusters.3 For instance, a label
named distraction with a valence of 3 and an arousal of 3 assigned to an audio instance
was classified into the cluster of confusion, and a label named anger with a valence
of 2 and an arousal of 2 assigned to a silent video was grouped into disappointment
instead of disgust.

By reducing the initial set of categorical emotion labels to seven clusters, the
agreement value κ between the annotators (discussed further in Section 4) in the pilot
study increased from 0.212 to 0.318. This improvement led us to use the reduced
categorical emotion labels obtained from the cluster study for the annotation of the
full dataset.

4 Agreement Study

It has become a common practice to measure inter-annotator agreement (IAA) during
or after the annotation process. By comparing annotations on a given instance across
different annotators, IAA gives an indication of the reliability of the annotation pro-
cess, which is essential for proper annotations (Artstein, 2017). It also offers insights
into the difficulty of the annotation work and the variety of annotator perspectives (Du
et al., 2023). In this section, we investigate the inter-annotator agreement in different
settings.

Previous research shows that valence tends to have higher agreement than arousal
in the dimensional annotation framework (De Bruyne et al., 2021a; Labat et al., 2024).
Therefore, we choose valence as a representative measure of agreement in dimen-
sional annotations. In our experiment, valence annotations are aligned with sentiment

3846 annotations by 3 annotators individually carried out on 3 separate modalities of the 94 clips. Among
the 75 annotations not covered by the cluster set, there are 17 primary emotions, with the most frequent
emotions being sadness (21), longing (10) and nervousness (9).
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polarities, allowing us to evaluate the agreement in sentiment polarities with valence
annotations. The following agreement study was conducted on valence and emotion
annotations using Fleiss’ kappa (κ) (Fleiss, 1971) and Krippendorff’s alpha (α) (Krip-
pendorff, 2018) as evaluation metrics. Since sentiment is represented on a 5-point scale
and not as discrete values, Krippendorff’s alpha with an interval distance function was
also calculated for sentiment annotations, considering that the difference between 1
(negative) and 5 (positive) should be bigger than that of 1 (negative) and 3 (neutral).

4.1 Agreement Before and After Training

The three annotators individually annotated the 94 clips before the training session,
and after the training, they re-annotated 30 of these clips. The goal of the training
session was to establish a common ground for evaluating emotions among the annota-
tors. As shown in Table 4, the overall agreement improved after the training session
for both sentiment and emotion annotations. For the annotation of 26 emotion labels,
the audio, silent video, and all modality setups clearly show an increase in agreement
post-training, while the text modality experienced a small drop in IAA. Before train-
ing, the text modality already exhibited the highest agreement scores across different
modalities. When we consider the agreement values for sentiment annotations, we
observe a notable difference between interval α and categorical α; the higher interval
α values suggest greater agreement between adjacent labels. Furthermore, the small
difference between interval α for the 5-point scale and the 3-point scale (positive, neu-
tral, negative) indicates that most disagreement occurs between different polarities
rather than finer distinctions within the same polarity.

Table 4 Inter-annotator agreement across different modalities before (bf) and after (af)
annotator training. αc refers to Krippendorff’s α with categorical distance, and αi to
Krippendorff’s α with interval distance. The subscripts 26, 5 and 3 refer to the 26 categorical
emotions, and sentiment labels on the 5- and 3-point scales, respectively.

Modality Text Audio Video Multimodality

bf af bf af bf af bf af

Sentiment(5 labels) κ5 .325 .437 .300 .337 .105 .342 .307 .315
αc5 .332 .443 .308 .344 .115 .349 .315 .323
αi5 .702 .698 .700 .567 .414 .528 .542 .705

Sentiment(3 labels) κ3 .510 .656 .442 .413 .229 .536 .423 .560
αc3 .515 .660 .448 .419 .237 .541 .429 .565
αi3 .701 .648 .705 .502 .316 .509 .640 .736

Emotion (26 labels) κ26 .296 .279 .193 .202 .175 .221 .155 .325
αc26 .301 .287 .205 .214 .180 .230 .164 .332

4.2 Agreement Before and After Clustering

Through the process of clustering (Section 3.2.5), the number of categorical emotion
labels was reduced from 26 to 7. As the set of categorical emotion labels becomes
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Fig. 7 Inter-annotator agreement with Fleiss’ kappa on the multimodality setup for different cluster
sizes on subset-A3, before and after training. The no cluster setup refers to the full set of 26 cate-
gorical emotion labels. For emotion label clustering 1, there are 5 clusters: disgust, disappointment,
neutral, contentment, and joy. Compared to clustering 1, clustering 2 has seven clusters by sepa-
rating confusion from the neutral cluster and surprise from contentment.

smaller, inter-annotator agreement should increase accordingly, since the disagreement
caused by fine-grained emotion categories is minimized. As shown in Figure 7, the
agreement scores of the initial set of 26 emotion labels (no clustering) are κ = 0.155 and
κ = 0.325 on subset-A3 before and after the annotator training, respectively. When
grouping the 26 labels into 5 clusters (cluster type 1), the kappa scores increase to
0.279 and 0.418 on the two subsets, respectively. However, when separating confusion
and surprise from the neutral and contentment clusters, which leads to 7 clusters
(cluster type 2), the agreement score on the dataset before training drops from 0.279 to
0.218, while the agreement score on the dataset after training increases from 0.418 to
0.446. After training, annotators clearly have a better understanding of the distinctions
between the different emotions, and isolating more ambiguous emotions as separate
clusters even seems to enhance inter-annotator agreement.

4.3 Overall Agreement

Considering the entire dataset, each of the three annotators was responsible for anno-
tating a portion of the 965 video clips. There is an overlap of 115 video clips, including
the 94 clips from the pilot study (see Table 4 in Section 4.1) and an additional 61 clips
annotated thereafter. The 61 video clips, annotated by all three annotators after the
training session, were randomly sampled from the whole dataset. The sampling was
done in two stages: 32 clips were taken in the first half of annotation session 3, and the
remaining clips were taken in the second half of the same session. This approach allows
us to calculate the agreement throughout the whole annotation process, as shown in
Table 5.

It is observed that the modality of text has the highest agreement score for both
sentiment and emotions, followed by the video and multimodality setups, while the
modality of audio has the lowest agreement score. One possible reason for the higher
agreement on the text modality might be that the segment length of the video frag-
ments was based on textual transcriptions, making them better suited for textual
emotion annotation. Additionally, this higher agreement score may be attributed to
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the fact that sentiment and emotions are often conveyed through clear lexical informa-
tion, such as positive (“awesome”) or negative (“boring”) words. People tend to attach
the same emotion to a given word or phrase because we share a common understand-
ing of word meanings, while this is less evident in the modalities of video and audio.
The use of voice and facial expressions may be more subjective than text, partly due
to the lack of clear definitions for their usage.

Table 5 Inter-annotator agreement across different modalities. αc refers to
Krippendorff’s α with categorical distance, and αi to Krippendorff’s α with interval
distance. The subscripts 7, 5 and 3 refer to the 7 categorical emotions, and sentiment
annotations on 5- and 3-point scales, respectively. T, A, V, M stand for the modality
setups of text, audio, silent video, and the multimodality setup, respectively.

Modality T A V M T+A+V T+A+V+M

Sentiment (5 labels) κ5 .404 .226 .304 .247 .320 .305
αc5 .407 .231 .308 .251 .321 .306
αi5 .588 .420 .578 .504 .532 .525

Sentiment (3 labels) κ3 .548 .315 .449 .395 .444 .436
αc3 .550 .319 .452 .398 .445 .437
αi3 .645 .397 .515 .507 .510 .511

Emotion (7 labels) κ7 .468 .297 .334 .311 .380 .365
αc7 .470 .301 .337 .315 .381 .366

When comparing the agreement on the 7 emotion labels with the agreement on
sentiment using a 5-point scale (the actual scale used during the annotation process),
we could hypothesize that agreement on emotion annotation would be lower since the
emotion labels (7) outnumber the sentiment labels (5). However, as shown in Table 5,
this does not seem to be the case. Regardless of whether κ or categorical α are used
as evaluation metrics, agreement is consistently higher for emotion annotation than
for sentiment annotation. However, when joining the slightly negative and slightly
positive labels with negative and positive, respectively, the agreement on the 3-point
sentiment scale annotation improves compared to the initial 5-point sentiment scale
and even surpasses the agreement with 7 emotion labels. When we consider the interval
α scores, they remain relatively stable across 5- and 3-point sentiment scales, indicat-
ing that the disagreement among annotators mostly stems from ambiguity between
different polarities rather than ambiguity between different intensities of the same
polarity. The results in Table 5 also show higher agreement for the combination of the
three unimodal setups compared to the multimodal annotations. This suggests that
focusing annotators on the emotional information contained in single modalities leads
to a more accurate assessment of the emotional information in the video fragments.

We also compared the agreement scores on our dataset with those from other mul-
timodal datasets, as shown in Table 6. To the best of our knowledge, our dataset is the
only multimodal emotion dataset with independent labels for different unimodalities.
Therefore, we only considered the agreement on the all modality setup for the com-
parison. At first sight, the overall agreement on our dataset (κ = 0.31) seems to be on
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Table 6 Inter-annotator agreement on different multimodal (audio-visual) datasets evaluated
with Fleiss’ κ and/or Krippendorff’s α, and the categorical emotion labels used. Src means the
source of the dataset.

Src κ/α Emotion labels

IEMOCAP lab .27/- 9: excited, happy, surprise, neutral, sad, frustration,
anger, disgust, fear

IEMOCAP lab .35/- 6: happy, neutral, sad, frustration, anger, other
MSP-IMPROV lab .49/- 5: happy, neutral, sad, angry, other
MELD TV .43/- 7: joy, surprise, neutral, sad, disgust, anger, fear
M3ED TV .59/- 7: happy, surprise, neutral, sad, disgust, anger, fear
CMU-MOSEI YT -/.251 6: happy, surprise, sad, disgust, anger, fear
UniC YT .31/.322 7: joy, contentment, surprise, confusion, neutral, dis-

appointment, disgust
UniC .37/.373

1 The agreement of the CMU-MOSEI dataset is calculated on each emotion label
with Krippendorff’s α being 0.41 for happy, 0.09 for surprise, 0.12 for sad, 0.21
for disgust, 0.18 for anger, and 0.02 for fear, with a weighted mean being 0.25
in the multimodal setup (Liang, Salakhutdinov, & Morency, 2018). To the best
of our knowledge, the originally reported agreement by the authors is no longer
accessible on arXiv.

2 For annotations of the multimodal setup in UniC, the values for Fleiss’ κ and
Krippendorff’s α are 0.31 and 0.32, respectively (see also Table 5).

3 When combining annotations of the four setups in UniC, the values for κ and
Krippendorff’s α are 0.37 and 0.37, respectively (see also Table 5).

the lower end of the spectrum. However, several factors contribute to this moderate
agreement score.

First, we believe that authentic and natural emotional expressions are more chal-
lenging to annotate than acted emotions. Professional actors in TV series (e.g., MELD
and M3ED datasets) and drama students at university (e.g., IEMOCAP and MSP-
IMPROV) are trained to express emotions in a clearer and more explicit way than
in natural settings, such that the audience can understand them easily. In contrast,
YouTube bloggers (e.g., CMU-MOSEI and UniC) are not professionally trained actors
and tend to show their emotions more naturally. Moreover, the quantity and quality
of the emotion label set influence the agreement. As shown in IEMOCAP (Busso et
al., 2008), reducing the emotion label set from 9 labels to 6 labels leads to a notice-
able increase in agreement, with the all-inclusive label other alleviating disagreement.
Our clustering study in Section 4.2 shows that agreement increases as the number of
emotion labels decreases. These findings indicate that a fine-grained emotion label set
impacts inter-annotator agreement on emotion annotations.

Considering all these factors, we believe the agreement on our dataset is fairly
good, especially given the genuine input data with natural emotion expressions. This
will support the development of systems to recognize genuine and non-acted emotions.
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5 Unimodal and Multimodal Perspective on Emotion
Expression

Our dataset features both multimodal emotion annotations and independent annota-
tions for each modality, providing a rich dataset to assess the complexity of emotions
from both unimodal and multimodal perspectives. Figure 8 gives an overview of the
annotated dataset for all 965 video clips.

Fig. 8 Distribution of sentiment and emotions as primary emotional states in the UniC dataset.

In total, 323 instances are annotated with negative sentiment, while 460 instances
are annotated with positive sentiment. As for emotions, contentment is the most
frequent with 269 instances, followed by disappointment with 223 instances. Together
with joy, these three emotions account for about 70% of the dataset. Surprise is
the least frequent among the seven emotions, with only 25 instances. For peripheral
emotion annotations, about 27% of the 965 video clips were annotated with a non-
neutral peripheral emotion, making these annotations relatively sparse compared to
the primary emotions.

5.1 Emotion Interaction Across Modalities

The independent emotion annotations on each unimodal layer allow us to investigate
how emotions interact across modalities. As a first step in this analysis, we quantified
the difference in sentiment annotations between any two modalities m1,m2 ∈ M =
{T,A, V,M} (i.e., text, audio, video, and all modalities combined). This was done
by calculating the root mean squared difference of valence scores for the considered
modalities over each clip x in the dataset D, similar to Du et al. (2023):

Dm1,m2 =

√
1

|D|
∑
x∈D

(vm1 − vm2)
2 (1)
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As shown in Figure 9, the text modality has the lowest distance score when com-
pared to the multimodal setup, whereas silent video has the highest. More specifically,
the sentiment distance between video and text is almost 1.5 times greater than that
between audio and text. Furthermore, the sentiment annotations of silent video exhibit
similarly large distance scores with both text and audio modalities, which themselves
have a moderate distance score of 1.33 when evaluated on a 5-point scale.

Fig. 9 The distance scores across modalities for sentiment, evaluated on a five-point scale. The
patterns remain consistent, even when transforming the five-point scale to a three-point scale. T, A,
V, and M refer to the modality of text, audio, silent video, and the multimodal setup.

Unlike sentiment annotations, where integer scores are on a 5-point scale, emotions
are categorical and cannot be easily assigned numerical values. Instead of directly com-
paring emotion values, we compared the frequencies of emotion labels in one modality
setup to their frequencies in the multimodal setup. We considered the frequency of two
co-occurring emotions as a measure of their relative overlap. The results are shown in
Figure 10. The X-axis stands for the emotion labels in the multimodal setup, while
the Y-axis represents the emotion labels in each unimodal setup. The values in each
cell indicate the relative frequencies of an emotion in a unimodal setup compared to
the multimodal setup, averaged per column, with absolute frequencies in brackets.

Based on Figure 10, the largest overlap between emotion annotations is, unsur-
prisingly, found on the diagonal, with averaged co-occurrence frequencies reaching up
to 0.73. However, this pattern is less clear for disgust, which is often confused with
disappointment across all modalities. Considering that both disgust and disappoint-
ment share a negative valence score (as shown in Figure 4), one possible reason for the
inconsistency of disgust across modalities could be its lower prominence when consid-
ering a single modality. This leads to the annotation of another less intense negative
emotion, disappointment. By combining information from each modality, the more
intense emotion disgust tends to emerge.

Another noteworthy finding in Figure 10 is that surprise proves a difficult emo-
tion to annotate, although this should be interpreted with caution due to the limited
number of instances labelled as surprise. Among the three unimodal setups, the high-
est frequency of co-occurring with itself is found in the audio modality, suggesting
that surprise is more clearly expressed through speech. In contrast, it is often con-
fused with neutral in text and with confusion in silent video. The video clip displayed
in Figure 11 supports this finding: the plain text transcript gives little evidence of
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Fig. 10 Emotion overlaps across modalities. The upper left figure represents the combination of
three modalities, namely text, audio, and silent video, the upper right represents the text modality,
the lower left is audio, and the lower right is for silent video.

surprise, but with the addition of acoustic features (e.g., pauses, stress, tone and,
intonation), the emotion surprise becomes more discernible. Regarding facial expres-
sions, studies have found that people rarely exhibit a fully surprised facial expression
(Reisenzein, Horstmann, & Schützwohl, 2019), so eyebrow-raising is often labelled as
a sign of confusion. Consequently, a video labelled as surprise at the multimodal level
may be labelled as neutral, surprise, and confusion in the text, audio, and silent video
modalities, respectively.

When comparing emotion coherence across the three modality setups, we found
that emotions in the multimodal setup more frequently co-occur with neutral in text
than in audio and silent video. More specifically, the frequent co-occurrence of neutral
with confusion or surprise suggests that these emotions are less efficiently expressed in
the text modality. This highlights the importance of multimodal signals in accurately
detecting emotions such as confusion and surprise.
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Fig. 11 A video clip labelled as surprise at the multimodal level was annotated as neutral in text,
surprise in audio, and confusion in silent video. Acoustic features (such as pauses and stress) were
added to the transcription for this case study, but were not available during the annotation of the
text modality.

5.2 Primary and Peripheral Emotion: The Mixture of
Emotion Expression

During annotation, annotators were asked to label the most prominent emotion
expressed in each clip as the primary emotion and to identify a peripheral (or
secondary) emotion. As a result, about 27% of the video clips were labelled with
non-neutral peripheral emotions. Table 7 gives an overview of the top five combina-
tions of primary and peripheral emotions in each of the four modality setups. The
co-occurrence of positive and negative emotions (e.g., contentment & disappointment,
disappointment & joy) indicates that emotional mixtures are not limited to emotions
with the same polarity and suggests a complexity beyond simple combinations of
similar emotions.

Table 7 also shows differences in the distribution of blended emotions across modal-
ities. The video modality has the highest number of emotion mixtures, with 287 cases
(about 30% of the 965 instances), followed by the multimodal setup and the audio
modality. The modality of text has the fewest co-occurrences of primary and peripheral
emotions, with 125 cases (about 13%), less than half of those in the video modality.
We believe that this unbalanced distribution is related to differences in emotion vari-
ety and ambiguity across modalities. In particular, the ambiguity in silent video and
the difficulty of understanding individual variations in facial expressions can be high
(see for example Ekman and Friesen (2003); Liliana, Basaruddin, Widyanto, and Oriza
(2019)). Interestingly, when combining the three modalities in the multimodal setup,
the number of blended emotions seems to decrease compared to the video modality
alone. This could be a result of the complementary information provided by the text
and audio modalities, which helps to disambiguate emotions in silent video.
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Table 7 Top five frequent mixtures of emotions in the four different modality setups,
excluding combinations with the label neutral. It should be noted that the primary
emotion dominates the overall emotional state, so the mixture of
contentment-disappointment refers to contentment as the predominant emotion and
disappointment as the secondary emotion.

Modality Top 5 primary Top 5 peripheral Frequency Total Percentage

text contentment disappointment 26 125 0.13
disappointment contentment 21
joy contentment 10
contentment surprise 9
joy surprise 8

audio contentment disappointment 26 172 0.18
disappointment joy 17
disappointment contentment 15
disgust joy 11
joy disappointment 11

video disappointment confusion 30 287 0.30
joy confusion 25
contentment confusion 19
contentment disappointment 19
disappointment contentment 19

all contentment disappointment 24 264 0.27
joy disappointment 23
disappointment joy 23
contentment surprise 22
disappointment contentment 17

To gain more insights into the relationship between emotions in unimodal setups
and blended emotions in the multimodality setup, we selected the top five frequent
mixtures of emotions in the multimodality setup: contentment & disappointment,
joy & disappointment, disappointment & joy, contentment & surprise, and
disappointment & contentment. An interesting finding is that the multimodal setup
shares the same most frequent primary emotion with the unimodal setups. Further-
more, the peripheral emotion in the multimodal setup generally aligns with the second
most frequent primary emotion in the unimodal setups. More details can be found in
Figure A1 in Appendix A.

5.3 Response Times for Emotion Labelling

In addition to emotion annotations, our annotation tool also tracks the time taken to
annotate each instance, allowing us to investigate the response times across emotions
and annotators for each modality. Since the average length of the instances in our
dataset is about 10 seconds, we focused on response times exceeding 10 seconds. We
also set a ceiling of 300 seconds, which is considered sufficient to annotate a clip for
emotions.

Figure 12 shows that annotators’ response time varies across different modalities,
which is expected since different organs perceive verbal and non-verbal emotions, and
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Fig. 12 Response times across modalities.

different brain regions are involved in non-verbal emotion processing (Schirmer &
Adolphs, 2017). Comparing the response time for the four modality setups, emotions in
the text modality are perceived more quickly, with an average response time of about
37.8 seconds. In contrast, emotions in the other three modality setups are recognized
at a slower pace, with response times ranging from 49.1 to 54.3 seconds. Reading
is generally faster than listening to or watching a video, implying that at least the
average clip length (about 10 seconds) is required to process audio and video, while
less time is needed for reading. The response time gap between the text modality and
other setups is over 11 seconds, suggesting a faster response pace for text modality
annotations. With an average response time of 55.3 seconds, the annotation of the
silent video modality takes the longest, suggesting the difficulty of emotion recognition
without the cues from text and audio.

Based on the general distribution of response times across modalities, we added
the categorical emotion labels to our analysis to investigate how response times vary
across emotions in different modalities. As shown in Figure 13, surprise takes the
longest average time to be detected. Furthermore, the response time for surprise in
the text modality is the highest across all emotions in each modality setup. One of
the possible reasons is that the state of surprise requires a relatively long emotional
preparation for a brief but startling response. In the audio modality, joy and disgust
have shorter response times than other emotions. These two emotions have higher
arousal scores, as shown in Figure 4, suggesting that the more “extreme” emotions
are more easily perceived than the “non-extreme” emotions such as contentment and
disappointment. For the silent video modality, the response time for all non-neutral
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Fig. 13 Average response times for each emotion label in the four modality setups. Response times
between more than 10s and less than 301s were considered, with response times outside this range
considered as outliers.

emotions is no less than 54 seconds, while the response time for the neutral state is on
average 41 seconds. This confirms the findings of Section 5.2, indicating that visual
emotions are more ambiguous than emotions in other modalities.

Fig. 14 Average response time for each emotion in four modality setups across three annotators,
along with the overall average for the seven emotions. Only response times between 10 and 301
seconds were considered, with times outside this range treated as outliers. Each group of colours (i.e.,
blue, grey, and yellow) corresponds to a different annotator.

The previous analysis evaluated the emotional perception by averaging data from
three annotators. To account for individual differences in response times, Figure 14
shows the response times of each annotator for the seven emotional states across the
four modality setups. Generally, annotator 2 responds faster than the other two for
most emotions, except for joy. In contrast, annotator 1 has the longest response time
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for most emotions. All three annotators take the longest for surprise, while two have
the shortest response time for neutral and one has the shortest response time for joy.
This again suggests that surprise is the most challenging emotion for annotators to
detect. Another interesting finding is that annotators seem to recognize emotions in
specific modalities at different speeds. When we consider the text modality, annotator
1 spends more time (sometimes even double) than the other annotators. Annotator
2 labels emotions in audio faster than the others, while annotator 3 is the slowest in
this modality.

In summary, the response time analysis supports the findings from our previ-
ous sections, highlighting that the text modality consistently stands out from the
other modalities. The difficulty of detecting emotions varies, with surprise being more
challenging to identify than other emotions.

6 Qualitative Analysis: Emotion Difference across
Modalities

To gain more insights into differences in emotion across modalities, we selected one
instance per primary emotion at the multimodal level from all video clips in UniC.
We then exemplified how the emotion varied across modalities using one video clip.
As shown in Figure 15, the text and audio for this video clip are both annotated as
joy, partly because of the phrase so much fun and the influence of the intensifier so
much, which gives the highest valence score of 5. However, as the person lowers their
eyebrows and glowers in the silent video, the annotator marks the clip as disgust.
When combining the three modalities, the lowered eyes and abrasive voice make the
emotional signal come across as disgust rather than joy to the annotator.

Fig. 15 A disgust valence-2 video clip labelled joy valence-5, joy valence-5, and disgust valence-1
in the modality of text, audio, and silent video, respectively.
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7 Conclusion

Most of the available multimodal emotion datasets only have a single unified emo-
tion label for all modalities, ignoring the unique contributions of each modality. The
multimodal multilabel emotion dataset, UniC, is the first dataset to include both
independent unimodal labels and multimodal emotion labels.

UniC stands out in terms of dataset size, emotion authenticity, and inter-annotator
reliability. While it is not the largest dataset in the field of multimodal emotion mod-
elling, it contains 965 video clips from YouTube, with a total duration of about 160
minutes. After three rounds of filtering, we made sure to have a dataset which is rich
in emotional content. The process of filtering undeniably leads to some selection bias,
as is the case in any corpus selection process. However, we made sure to be very trans-
parent on each of the filtering steps and the inherently created cultural, topical or
emotional bias during corpus creation. We hope the corpus in the future will serve as
a stepping-stone to add more languages, more topics and a more realistic distribution
of emotional versus neutral content.

Since the individuals in these videos are not professional actors, the dataset cap-
tures natural and real-world emotional expressions, which can aid in the development
of systems that recognize genuine, non-acted emotions. Our dataset covers a wide
range of emotions with varied valence and intensity, and it demonstrates fairly good
inter-annotator agreement. While this agreement is not as high as that of lab- or
TV-based datasets featuring often exaggerated, acted emotions, it surpasses that of
other YouTube-based datasets, such as the popular CMU-MOSEI dataset (Zadeh et
al., 2018). Interestingly, we found higher agreement for the combination of the three
unimodal setups than for the multimodal annotations. This suggests that focusing
annotators on the emotion information in each single modality leads to a more accurate
assessment of the emotional content in the video fragments.

We believe the UniC dataset has significant potential for computational emotion
modelling. Previous studies have shown that using a set of unified emotion labels for
both single modalities and multimodality can potentially mislead models into learning
the intrinsic features of individual unimodal representations. By leveraging unimodal
annotations, models can acquire more differentiated information across modalities and
enhance the complementarity among them (Yu et al., 2020). The independent uni-
modal annotations in this dataset can help models to learn from a rich representation
space.

To balance accuracy and efficiency, scholars have proposed a novel multimodal
fusion approach that sets a gate to adaptively fuse inputs during inference (Xue &
Marculescu, 2023). It saves computational costs for the “easy” inputs which can be
correctly recognized using information from only a subset of modalities. Since the
definition of “easy” inputs is not clear, the independent unimodal annotations in
UniC could give insights into the emotional complementarity of different modalities.
Similarly, understanding the emotional relationships between modalities can improve
robustness in cases where information from one or two modalities is of poor quality
or unavailable. Finally, the emotion trigger annotations in the dataset allow to track
emotion shifts in videos, which might be useful for generating multimodal artificial
affective speech, another hot topic in the field of human-machine interaction.
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Appendix A Primary and Peripheral Emotion
Distribution Across Modalities

First, it is clear that the multimodal setup shares the same most frequent primary
emotion with the unimodal setups, as shown in Figure A1.

Second, the peripheral emotion in the multimodal setup generally aligns with the
second most frequent primary emotion in the unimodal setups. For instance, in the
first, third and fifth case in Figure A1, the peripheral emotion in the multimodal setup
is exactly the second most frequent primary emotion in the unimodal setups. However,
the pattern is slightly different in the second and fourth cases. In the second case
(joy & disappointment), the second most frequent primary emotion in the unimodal
setups is contentment, followed by disgust and disappointment. When grouping joy
and contentment, disgust and disappointment into two clusters, respectively, the same
trend is found. Finally, in the fourth case (contentment & surprise), surprise ranks
third in the unimodal setups but it is only outnumbered by the second emotion (joy)
with a narrow margin.

Overall, the emotion annotations in unimodal setups have shown their potential
to help understand and explain mixtures of emotion expression. More insights can be
expected with larger datasets that include peripheral emotions.
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Fig. A1 Primary and peripheral emotion distribution across modalities when mixtures of emotions
(primary emotion & peripheral emotion) in the multimodal setup are contentment & disappointment
(1-1 & 1-2), joy & disappointment(2-1 & 2-2), disappointment & joy (3-1 & 3-2), contentment &
surprise (4-1 & 4-2), disappointment & contentment (5-1 & 5-2).
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