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Abstract
Estimating the momentary level of participant’s engagement is an
important prerequisite for assistive systems that support human in-
teractions. Previous work has addressed this task in within-domain
evaluation scenarios, i.e. training and testing on the same dataset.
This is in contrast to real-life scenarioswhere domain shifts between
training and testing data frequently occur. WithMultiMediate ’24,
we present the first challenge addressing multi-domain engagement
estimation. As training data, we utilise the NOXI database of dyadic
novice-expert interactions. In addition to within-domain test data,
we add two new test domains. First, we introduce recordings follow-
ing the NOXI protocol but covering languages that are not present
in the NOXI training data. Second, we collected novel engagement
annotations on the MPIIGroupInteraction dataset which consists
of group discussions between three to four people. In this way,
MultiMediate ’24 evaluates the ability of approaches to generalise
across factors such as language and cultural background, group size,
task, and screen-mediated vs. face-to-face interaction. This paper
describes theMultiMediate ’24 challenge and presents baseline
results. In addition, we discuss selected challenge solutions.
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1 Introduction
Knowing how engaged humans are in a conversation is an impor-
tant prerequisite for many assistive systems, in particular if their
aim is to maintain a high level of participation. As a result, the esti-
mation of human engagement has become an active research field,
addressing a wide variety of approaches and scenarios. These cover
engagement prediction in human-human [13, 21], and human-agent
interactions [14, 28, 32], as well as for different age groups includ-
ing adults [12, 21], students [11, 15], or children [26, 31]. There is a
wide variety of features that are utilised for engagement estimation,
including backchannels [32], pose features [33], or gaze data [6].
The inclusion of engagement estimation in the MultiMediate ’23
challenge lead to several new multi-modal engagement estimation
approaches [13, 35, 37, 38].

What all these approaches have in common is that they are
trained and evaluated on the same dataset each. While Guhan et al.
[12] applied their model trained on the MEDICA dataset on sepa-
rately collected data, they did not evaluate engagement estimation
performance on this separate dataset. Despite clear progress on the
engagement estimation task, within-domain testing does not reflect
domain shifts that are frequent when applying approaches in the
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real world. The complex nature of engagement makes it prone to
influences of context variables. Engagement might be expressed
differently by people of different cultures, in different group com-
positions (dyadic vs. more than two people), and might be subject
to different task characteristics.

In MultiMediate ’24 we pose the challenge of creating engage-
ment estimation approaches that are able to transfer across such
context factors. To this end we significantly extend the engagement
estimation task of MultiMediate ’23 by two new out-of-domain
evaluation sets. In particular, we introduce a not-yet released mul-
tilingual variant of the NOXI corpus [7] to cover a wide variety
of additional languages and cultural backgrounds, including In-
donesian, Arabic, Spanish, and Italian. Furthermore, we employ
novel engagement annotations on the MPIIGroupInteraction cor-
pus [25], which consists of groups of three to four people engaged
in face-to-face discussions. Taken together, these evaluation sets
vary along several dimensions: language and cultural background,
group size, task, and screen-mediated vs. face-to-face interaction.
MultiMediate ’24 is embedded in a multi-year challenge with
the goal of addressing several nonverbal behaviour analysis tasks
relevant to autonomous artificial mediators. The first iteration of
the challenge in 2021 [23] has addressed eye contact detection
and next speaker prediction whileMultiMediate ’22 focused on
backchannel analysis [1, 22].MultiMediate ’23 addressed bodily
behaviour recognition [3, 21] and engagement estimation on the
NOXI corpus [7].

In this paper, we define the multi-domain engagement estima-
tion task, the evaluation criteria, and describe new annotations
collected on the NOvice eXpert Interaction (NOXI) database [7],
as well as on test and validation portions of MPIIGroupInterac-
tion [25]. Furthermore, we present baseline approaches for the
challenge task and report evaluation results. We make all collected
annotations, baseline implementations, and raw feature represen-
tations publicly available for further use, also beyond the scope of
MultiMediate ’24.1

2 Challenge Description
In the following we present challenge task and the utilised training
and testing datasets. Testing data (without ground truth) was re-
leased to participants before the challenge deadline. Participants in
turn submitted their predictions for evaluation.

2.1 Task definition
In line with MultiMediate’23 [21], the engagement estimation task
addresses the frame-wise prediction of the conversational engage-
ment level of each interlocutor on a continuous scale from 0 (lowest)
to 1 (highest). To evaluate predictions on the test datasets, we make
use of the Concordance Correlation Coefficient (CCC) [19] which
ranges from -1 (perfect negative correlation) to 1 (perfect positive
correlation). The key difference to the engagement task inMultiMe-
diate ’23 is that MultiMediate ’24 poses the challenge to address
engagement estimation in a multi-domain evaluation scenario. For
this multi-domain evaluation, we employ two new out-of-domain
test datasets: NOXI (Additional Languages) and the MPIIGroupIn-
teraction test set. Challenge participants are encouraged to develop
1https://multimediate-challenge.org

Figure 1: A participant in the NOXI corpus being disengaged
(left), neutral (center) and highly engaged (right).

methods that can generalise across these different domains and
make use of multi-modal as well as reciprocal behaviour of both
interlocutors.

2.2 Datasets
For the multi-domain engagement estimation task, we utilise three
different datasets. The training portion of the NOXI corpus [7] is
used as the main training dataset. Testing is performed on three dif-
ferent test sets. First, the in-domain NOXI test set which was already
utilised in MultiMediate’23. Second, an out-of-domain version of
NOXI that includes conversations in languages not present in the
NOXI training set. Finally, we utilise test and validation portions of
the MPIIGroupInteraction dataset [25] that were annotated with
engagement labels specifically for this challenge. In the following,
we will present each dataset in detail.

NOXI. For training, we follow MultiMediate ’23 and make use
of the NOvice eXpert Interaction (NOXI) database [7, 21]. NOXI
is a corpus of dyadic, screen-mediated interactions in an expert-
novice knowledge sharing context. In each session, one participant
assumed the role of an expert and the other participant the role
of a novice. Figure 1 shows a user during interaction. The goal of
NOXI was to obtain data of spontaneous behaviour in a natural
setting on a variety of discussion topics. Therefore, one of the main
design goals was to match recorded participants based on their
common interests. In a first step, potential experts were gathered
who expressed their willingness to share their knowledge about
one or more topics they were knowledgeable and passionate about.
In a second step, novices were recruited that were willing to discuss
or learn more about the available set of topics offered by experts.
The recording protocol furthermore introduced interruptions of
the novices in order to provoke experts’ reactions when conver-
sational engagement gets interrupted. NOXI includes interactions
recorded at three locations (France, Germany and UK), spoken in
eight languages (English, French, German, Spanish, Indonesian,
Arabic, Dutch and Italian), discussing a wide range of topics. The
dataset offers over 25 hours (x2) of interaction recordings, featuring
synchronized audio, video (25fps), and motion capture data (using
a Kinect 2.0). For training, and within-domain testing, we use a
subset of this corpus containing 48 sessions for training and 16
sessions for testing (75/25 split). These sessions cover the languages
English, French, German, and Dutch. For MultiMediate ’23, each
session was annotated in a continuous matter, meaning each video
frame has a score between 0 and 1. Each rating was performed by
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Figure 2: Setup of the MPIIGroupInteraction dataset. Repro-
duced with permission from the authors of [25].

at least two (up to 7) annotators (Average: 3.6 raters per session).
We created gold standard annotations by calculating the mean over
all raters. The NOXI dataset can be obtained from the website2.

NOXI (Additional Languages). This evaluation set includes four
languages that are not part of the NOXI training set: two sessions in
Arabic, two in Italian, four in Indonesian, and four in Spanish. As a
result, this evaluation set tests the ability of participants’ approaches
to transfer to new languages and cultural backgrounds not seen
at training time. We annotated these interactions forMultiMedi-
ate ’24, following the same protocal as in MultiMediate ’23 [21].

MPIIGroupInteraction. To test the performance of participant’s
approaches in a different social situation, we make use of the MPI-
IGroupInteraction corpus3 [25]. This corpus consists of audiovisual
recordings of group discussions between three to four participants,
each lasting for 20 minutes. MPIIGroupInteraction differs from
NOXI in several key aspects. First, it consists of group discussions
while NOXI features dyadic interactions. Second, there are no pre-
defined roles such as “novice” or “expert”, only the task to discuss on
a topic that was selected to be controversial among the group mem-
bers. Third, interactions are face-to-face instead of screen-mediated.
Finally, participants are seated throughout the whole interaction.
With these differences to the NOXI setup, MPIIGroupInteraction
presents a challenging evaluation case for engagement estimation
approaches. ForMultiMediate ’23 we collected novel engagement
annotations on the MPIIGroupInteraction test and validation sets.
The validation set with ground truth annotations is provided to
participants to monitor their performance on the out-of-domain
task. In addition it may be used as a limited set of training data to
develop supervised domain adaptation approaches. The validation
set comprises 6 recordings with 21 participants, while the test set
consists of 6 recordings with 23 participants.

3 Experiments
We first present the different features we extracted on all datasets.
These features were used for our baseline experiments, and were
also given to participants to develop their challenge solutions.

2https://multimediate-challenge.org/datasets/Dataset_NoXi/
3https://multimediate-challenge.org/datasets/Dataset_MPII/

3.1 Visual Features
On both the NOXI and the MPIIGroupInteraction dataset, partici-
pants’ locations or seating positions are known. As a result, we can
directly extract visual features, without the need to first localise
and track participants.

Head Features. We extracted features from participants’ head
and face using OpenFace 2.0 [4]. All features where extracted for
each video frame. The resulting feature vectors are consisting of 68
3D facial landmarks, 56 3D eye landmarks, presence and intensity
of 18 action units as well as markers for detection success, detection
certainty, facial position and rotation.

Pose Features. Weextract body pose estimates usingOpenPose [8],
resulting in a 139-dimensional feature representation including 2D
body, hand, and facial keypoints for every video frame.

CLIP Embeddings. As a general visual representation, we extract
CLIP (Contrastive Language-Image Pretraining) [29] embeddings
for each video frame. CLIP is trained to learn a joint embedding
space for text and images. In this way, it can capture a wide variety
of semantic content present in the videos, e.g. relating to emotional
expressions, attention, andmanymore. The clip feature embeddings
have 512 dimensions.

3.2 Audio Features
To analyse human speech for behavioural insights, it is essential to
differentiate between its verbal and vocal components. The verbal
aspect pertains to the use of words and language to express ideas,
thoughts, or information. It encompasses the content of what is said.
In contrast, the vocal component relates to the sounds produced by
the voice, including tone, pitch, volume, and other characteristics
of how something is said. Both verbal and vocal features have been
extracted using the DISCOVER framework [34].

Vocal Features. For the paralinguistic assessment of engagement,
we extracted two sets of features using a one-second sliding win-
dow with a 40 ms stride, aligned with the video stream’s frame
rate. The first set is the Geneva Minimalistic Acoustic Parame-
ter Set (eGeMAPS) [10], which includes 54 acoustic parameters
frequently used in tasks such as depression, mood, and emotion
recognition [36]. The second set of features was obtained using a
pretrained w2v-BERT 2.0 encoder [5], which provides automatically
learned representations of the audio signal. This model was trained
unsupervised on a large dataset comprising 4.5 million hours of au-
dio and has shown exceptional performance in various downstream
tasks, including speech-to-text and expressive speech-to-speech
translation.

Verbal Features. To analyze the verbal content of spoken lan-
guage, it is essential to first convert speech into text (STT). STT
systems have been a focal point of research for many years. For
our STT module, we utilize WhisperX [2], an adaptation of the
WhisperModel [30], which offers enhanced timestamp accuracy,
support for longer audio sequences, and faster transcription. When
extracting features from text, the language of the text plays a crucial
role. Since the challenge datasets are recorded inmultiple languages,
we employ multilingual textual feature extraction using the XLM
RoBERTa model developed by Conneau et al. [9]. This model is
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NOXI NOXI (Add. Languages) MPIIGroupInteraction Combined
Features Val CCC Test CCC Val CCC Test CCC Val CCC Test CCC Test CCC
Video
OpenFace 2.0 0.81 0.28 - 0.13 0.09 0.00 0.14
OpenPose 0.83 0.48 - 0.41 0.01 0.06 0.32
CLIP 0.88 0.48 - 0.38 -0.01 0.06 0.31

Voice
eGemaps v2 0.77 0.56 - 0.47 0.00 0.15 0.39
w2vbert2 0.77 0.64 - 0.51 0.05 0.09 0.41

Text
XLM RoBERTa 0.62 0.40 - 0.29 0.00 0.00 0.23

Table 1: Concordance correlation coefficient (CCC) of different featuresets on different engagement estimation validation and
test sets. For NOXI (Additional Languages) no validation set is available.

based on a transformer architecture and has been trained on a vast
collection of multilingual data from the internet. To preserve the
semantics of the transcript, every speech segment overlapping with
the sliding window is included.

3.3 Baseline Prediction Approach
We evaluated the utility of the different feature modalities presented
above for the task of frame-wise engagement estimation. We imple-
mented a fully connected neural network consists of an input layer
followed by three hidden layers of size 136 each. To prevent overfit-
ting we relied on a dropout layer after the second hidden layer with
a dropout rate of 0.25. The network was trained using the Adam
optimizer and the mean squared error loss function. All hyperpa-
rameters were optimized using the hyperband search algorithm of
the KerasTuner framework [27]. We trained all approaches on the
NOXI training set and evaluated on the three different test sets. In
particular, we did not use the MPIIGroupInteraction validation set
for training. Our baseline implementation is available online4.

4 Results
We first discuss the results of our baseline experiments and then
give an overview over the results achieved by teams participating
in the challenge.

4.1 Baseline Experiments
The baseline results are depicted in Table 1. The best average per-
formance across all test sets is achieved by w2vbert2 features with
an average CCC of 0.41, followed by eGemaps v2 features (0.39
average CCC). Video features lack behind with OpenPose reach-
ing the best performance at 0.32 average CCC. Text features from
XLM RoBERTa only achieve 0.23 average CCC. All featuresets suf-
fer from domain shifts. This is especially severe when testing on
the MPIIGroupInteraction dataset, where even the best approach
(eGemaps v2) only achieved 0.15 CCC. The impact of the domain
shift on NOXI (Additional Languages) is less severe. Nevertheless,
all featuresets are impacted when comparing to the standard NOXI
test set results. For voice and text features, the degradation ranges
4https://git.opendfki.de/philipp.mueller/multimediate24

from 0.09 CCC (eGempas v2) to 0.13 CCC (w2vbert2). For visual fea-
tures the impact has a similar range, from 0.07 CCC (OpenPose) to
0.15 CCC (OpenFace 2.0). The fact that visual features are impaired
indicates that in addition to speaking another language, there is
also a shift in how visual nonverbal behaviour expresses engage-
ment, pointing to the impact of different cultural norms that pose a
challenge to generalisation.

4.2 Challenge Solution Results
We provide the challenge leaderboard for the multi-domain engage-
ment estimation task in Table 2. Approaches are ranked by the av-
erage test error across all test datasets. In total, 10 approaches were
able to surpass the baseline. The best approach by the team USTC-
IAT-United was able to reach an average CCC of 0.68, representing
an increase over the baseline by 0.27 CCC. Two papers describing
challenge solutions were accepted for publication at ACMMultime-
dia [16, 17], both focusing on the multi-modal fusion mechanisms.
Li et al. [17] proposed to first fuse modality-specific representations
across interactants and subsequently perform modality fusion. This
approach reached an average CCC of 0.64 and also set a new state-
of-the-art on the in-domain NOXI test set with 0.76, outperforming
TCA-NET which previously reached 0.75 CCC on the NOXI test
set [13]. Kumar et al. [16] in contrast proposed an approach which
only processes features obtained from a single target participant.
They investigated different strategies to fuse modalities in a hierar-
chical fashion, reaching 0.64 average CCC in the challenge. With
respect to the cross-domain generalization abilities of participants’
approaches, the gap between the original NOXI test set and NOXI
(Additional Languages) is usually small, and in some cases non-
existent (e.g. UST-IAT-United). The approach of Li et al. [17] showed
the largest gap, but also reached the highest performance on the
original NOXI test set, indicating a larger degree of overfitting.
The domain gap between NOXI and MPIIGroupInteraction is still
much larger. Future approaches could investigate dedicated domain
adaptation protocols to close this gap.

In addition to the multi-domain engagement estimation task,
we also invited submissions to selected tasks from previous itera-
tions of MultiMediate . An especially noteworthy method was
proposed by Ma et al. [20] who reached a new state of the art on the

4
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Rank Approach NOXI NOXI (Add. Languages) MPIIGroupInteraction Combined
1 USTC-IAT-United 0.72 0.73 0.59 0.68
2 AI-lab 0.69 0.72 0.54 0.65
3 Li et al. [17] 0.76 0.67 0.49 0.64
4 Kumar et al. [16] 0.72 0.69 0.50 0.64
5 ashk 0.72 0.69 0.42 0.61
6 YKK 0.68 0.66 0.40 0.58
7 Xpace 0.70 0.70 0.34 0.58
8 nox 0.68 0.70 0.31 0.56
9 SP-team 0.68 0.65 0.34 0.56
10 YLYJ 0.60 0.52 0.30 0.47
11 Baseline (ours) 0.64 0.51 0.09 0.41

Table 2: Challenge leaderboard for the engagement estimation task. Team names are replaced by references in case of accepted
publications.

eye contact detection challenge [23, 24]. The authors proposed an
adaptive feature selection method which can reduce computational
burden while reaching high prediction accuracy. They obtained an
accuracy of 0.79, improving over the previous state of the art at
0.777 accuracy [18].

5 Conclusion
We introducedMultiMediate ’24, the first challenge addressing
engagement estimation in a multi-domain evaluation scenario. We
presented novel annotations on publicly available datasets, includ-
ing pre-computed feature representations. Furthermore, we defined
the evaluation protocol, presented baseline results, and discussed
successful challenge solutions. Overall, we observed that while
transfer between the original NOXI dataset and NOXI (Additional
Languages) tends to work well, a larger domain gap remains when
testing on MPIIGroupInteraction. Datasets and evaluation will be
accessible to researchers even beyond theMultiMediate challenge,
contributing to continuing progress on the challenge tasks.
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