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ABSTRACT

The MultiMediate challenge is a multi-year endeavour to lay the

foundations for socially capable artificial mediators that can sup-

port human interactions. In the its first years, MultiMediate has

focused on solving basic social behaviour sensing tasks including

eye contact detection, backchannel detection, and bodily behaviour

recognition. More recently, the challenge focused on the develop-

ment of algorithms that can estimate the degree by which a human

is engaged in a social interaction - a complex phenomenon that

is strongly influenced by cultural norms and the nature of the so-

cial situation. By providing a diverse set of training and testing

datasets, MultiMediate has facilitated the development of gener-

alisable engagement estimation approaches. In MultiMediate ’26,

the diversity of training and evaluation data is enriched further

by including the PInSoRo dataset of child-child and child-robot

interactions annotated with both social and task engagement. As

such, MultiMediate ’26 poses the challenging task of creating en-

gagement estimation approaches that are able to transfer between

different social situations, languages, age groups, and notions of

engagement.

1 INTRODUCTION

How social interaction unfolds has significant impacts on our pri-

vate and professional lives. For example, if a shy person does not

speak up during a brainstorming session, valuable ideas might be

overlooked, and when teachers fail to engage students, learning suc-

cess will not be optimal. One of the most ambitious, but also most

promising, ways to support humans in social interaction is via an

artificial mediator [44]. This interactive intelligent agent actively

engages in social interaction in a human-like way to positively

influence their course and/or outcomes. Among others, artificial

mediators have been studied in mental health contexts [7], educa-

tion [14, 32], or collaborative teamwork [8, 52]. While recent years

have seen rapid development in language-based assistants [1, 45],

the analysis and interpretation of fine-grained, multi-modal social

behaviour still remains challenging [25, 54].

The goal of this multi-year challenge is to contribute to realising

the vision of effective artificial mediators by measurable advances

in central multi-modal social behaviour sensing and analysis tasks.

The first iterations of MultiMediate (’21-’23) explored several

important behaviour analysis tasks: eye contact detection, next

speaker prediction, backchannel analysis, bodily behaviour recog-

nition, and engagement estimation [35–37]. MultiMediate ’24

and ’25 focused on the development of engagement estimation

approaches that generalize across domains. In MultiMediate ’24,

participants were provided with a main training set consisting of

dyadic novice-expert interactions (NOXI; Cafaro et al. [9]) and were

required to evaluate their engagement estimation approaches across

a variety of different in-domain and out-of-domain test sets, which

included different group compositions, interaction scenarios, or spo-

ken languages. MultiMediate ’25 added additional training data

of dyadic novice-expert interactions between Japanese and Chinese

speakers (NOXI-J; Funk et al. [16]). This increase in training data

variety encouraged the development of dedicated approaches for

cross-domain generalization (see e.g. Yu et al. [57]). Compared to

previous iterations of the challenge this led to clear improvements

in the ability to generalize across domains (Table 1).

In MultiMediate ’26, we will further expand the range of do-

mains covered in the engagement estimation challenge. In particu-

lar, we will incorporate the PInSoRo dataset of child-child and child-

robot interactions annotated with engagement [26]. The PInSoRo

dataset differs along several dimensions from the datasets already

included in the MultiMediate challenge. First, the participants are

from a different age group (children instead of adults). Second, it

covers a new social situation (play instead of conversational sit-

uations). Third, in addition to human-human interactions, it also

includes human-robot interactions. Finally, the structure of engage-

ment annotations differs from the datasets included in previous

iterations of MultiMediate . Instead of a single continuous engage-

ment value, PInSoRo is annotated with nominal categorical values

for social engagement and task engagement. Taken together, the

inclusion of the PInSoRo dataset in the MultiMediate challenge

will create a challenging test case for the generalization of existing

engagement estimation approaches and will facilitate the devel-

opment of novel methods able to accurately predict engagement

across a wide variety of scenarios.

To ensure continuing progress, we will also invite submissions

addressing the three most popular tasks of previous MultiMedi-

ate challenges: eye contact detection, backchannel detection, and

bodily behaviour recognition. Future iterations of the challenge
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Model NOXI NOXI-J MPIGI Additional Combined

SOTA (MM 2025)

DAPA (Yu et al [57]) 0.795 0.578 0.668 0.755 0.699

Prior SOTA (MM 2024)

DAT (Li et al [28]) 0.760 — 0.490 0.670 —

Baseline (MM 2025)

Baseline (ours) 0.570 0.440 0.130 0.470 0.400

Table 1: Results of the winning models for the multi-domain

engagement estimation task in MultiMediate ’25 and Mul-

tiMediate ’24 (Metric: CCC, higher is better). Combined is

themean across NOXI, NOXI (Additional Languages), NOXI-J,

and MPIIGroupInteraction. Inclusion of NoXi-J drastically

improved generalizability and multi-domain performance

(MPIGI, Additional).

will continue to improve the generalisability of existing tasks and

introduce novel, more complex and interactive tasks. These will in-

clude the generation of engaging agent behaviour, as well as social

reasoning tasks.

2 RELATEDWORK

Engagement has been investigated from various research angles, e.g.

how to define, annotate, or automatically predict it. Several reviews

indicate a growing interest in engagement in human-computer

interaction [13, 18, 40]. Rich et al. [49] introduced a module for

the recognition of engagement in human-robot interaction based

on backchannels and Lim et al. [30] used multi-modal features in

transformer models for engagement prediction. Sanghvi et al. [51]

predicted engagement based on body posture features. Bednarik

et al. [4] as well as Nakano and Ishii [39] focused on recognizing con-

versational engagement with gaze data. Inoue et al. [22] introduced

an approach to engagement recognition using multimodal listener

behaviours such as gaze, nodding and backchannels. Recently, Ma

et al. [33] used a fusion model incorporating gaze, facial features

and dialogue transcriptions for engagement prediction. Research in

detecting engagement in students is prolific and promising [19, 24].

Engagement is also often studied in children [48] and, more partic-

ularly, in children interacting with an artificial agent [23, 41, 43].

Guhan et al. [20] researched engagement in mental health patients

based on videos of the patient.

Some datasets also offer engagement ratings, such asMHHRI [11],

RECOLA [50], UE-HRI [6], and a conversation dataset by Hradis,

Bednarik, and Eivazi [5, 21]. Engagement estimation also was a task

in MultiMediate ’23 [35], leading to the development of several

new multi-modal engagement estimation approaches [29, 55, 56].

What all approaches discussed above have in common is that

they are trained on the same dataset on which their engagement

estimation performance is evaluated. This is in stark contrast to

common application scenarios, where training a model on the ex-

act same data distribution that is encountered during testing is

not feasible. To address this shortcoming, MultiMediate ’24 [34]

introduced the multi-domain engagement estimation challenge,

which evaluated the ability of engagement estimation approaches

to generalise across multiple domains. These different domains

Figure 1: A participant in the NOXI corpus being disengaged

(left), neutral (center) and highly engaged (right).

included conversations between speakers of different languages,

as well as dyadic and group interactions. Participants’ approaches

were ranked by the average score achieved across the different

domains. This approach was extended in MultiMediate ’25 [54]

by adding more sessions in additional languages (Japanese and

Chinese) to the training set, significantly improving its generaliz-

ability and reducing the performance gap across domains as can

be seen in the results of the engagement estimation challenge of

MultiMediate ’25 in Table 1.

3 ENGAGEMENT ESTIMATION CHALLENGE

3.1 Task Definition

Ground truth and evaluation metrics. The task includes the con-

tinuous, frame-wise prediction of conversational engagement of

each participant in the social interaction. For the datasets NOXI,

NOXI-J, NOXI (additional test languages), and MPIIGroupInterac-

tion, engagement is annotated on a continuous scale from 0 (lowest)

to 1 (highest). For PInSoRo, social and task engagement are anno-

tated with a categorical scheme. In MultiMediate ’26, we add to

our task the PInSoRo dataset, which will contain categorical en-

gagement values instead. Challenge participants are encouraged

to investigate the multimodal as well as reciprocal behaviour of

all recorded individuals. We will use the Concordance Correlation

Coefficient (CCC) [31] to evaluate predictions on all test sets with

continuous engagement annotations. For the categorical ground

truth on PInSoRo, we will employ Cohen’s Kappa. We choose Co-

hen’s Kappa because it supports multi-class classification and in

line with CCC it ranges from -1 to +1, with 0 indicating chance

performance. This alignment between CCC and Cohen’s Kappa is

valuable when combining all test set results into a global score for

the challenge.

Input features. Wewill provide amulti-modal set of pre-computed

features to participants. From the audio signal, we provide tran-

scripts generated with the Whisper model [47] and based on them

sentence embeddings using XLM-RoBERTa [12]. In addition we sup-

ply GeMAPS features [15] along with wav2vec 2.0 embeddings [2].

From the video, we provide OpenFace [3] and OpenPose [10] out-

puts to cover facial as well as bodily behaviour. We also provide the

vision features extracted by VideoMAEv2 [53], DINOv2 [42] and

ImageBind [17] as well as contrastive language-image pretraining

(CLIP) features [46]. These features will be provided on all training

and test portions of the data.
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Training Data Validation Data Test Data

NOXI [9] NOXI [9] NOXI [9]

English (23), French (7), German (8) English (3), French (4), German (3) English (6), French (6), German (4)

NOXI (additional test languages) [9]

Arabic (2), Italian (2), Indonesian (4), Spanish (4)

MPIIGroupInteraction [38] MPIIGroupInteraction [38]

German (6) German (6)

NOXI-J [16] NOXI-J [16] NOXI-J [16]

Japanese (21), Chinese (10) Japanese (6), Chinese (4) Japanese (6), Chinese (4)

PInSoRo [26] PInSoRo [26] PInSoRo [26]

Child-Child (19), Child-Robot (15) Child-Child (5), Child-Robot (5) Child-Child (6), Child-Robot (6)

Table 2: Engagement estimation datasets used in the MultiMediate ’26 challenge. Languages and subsets covered by each

dataset are given in italics, with the respective number of interactions in parentheses. The datasets without highlighting were

already part of MultiMediate ’25, the novel PInSoRo dataset containing only English interactions is highlighted in blue.

3.2 Training Datasets

We provide an overview of the different datasets used in Multi-

Mediate ’26 in Table 2. As training datasets, we provide NOXI and

NOXI-J to our participants.

NOXI. The NOvice eXpert Interaction (NOXI) database [9] is a

corpus of dyadic, screen-mediated face-to-face interactions in an

expert-novice knowledge sharing context. In a session, one par-

ticipant assumes the role of an expert and the other participant

the role of a novice. Figure 1 shows two users during the interac-

tion. NOXI includes interactions recorded at three locations (France,

Germany and UK), spoken in seven languages (English, French, Ger-

man, Spanish, Indonesian, Arabic and Italian), discussing a wide

range of topics. The languages Indonesian, Arabic, Spanish, and

Italian are not included in the training set of MultiMediate ’26.

They will serve as an out-of-domain evaluation set (described in

Section 3.3). In total, the NOXI dataset offers over 25 hours (x2)

of recordings of 84 dyadic interactions in natural settings, featur-

ing synchronized audio, video (25fps), and motion capture data

(using a Kinect 2.0). Following MultiMediate ’23, we will use 48

interactions for training (comprising English, French and German

recordings). For MultiMediate , each session was annotated in

a continuous matter, meaning each video frame received a score

between 0 and 1. Each rating was performed by 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 website
1
after signing an

EULA.

NOXI-J. The NOXI dataset was extended in 2024 by the NOXI-J

dataset consisting of 66 dyadic interactions and over 16 hours of

material recorded in Japan [16]. These additional interactions use

the same setup as the original NOXI dataset. NOXI-J features 48

interactions in Japanese with native Japanese speakers and 18 in-

teractions in Chinese with Chinese native speakers. In 34 of the

Japanese interactions and all 18 Chinese interactions, participants

gave their consent to sharing the video data with third-party re-

searchers. As a result, we included a total of 52 new interactions in

1
https://multimediate-challenge.org/datasets/Dataset_NoXi/

MultiMediate ’25. Of these 52 new interactions, we provide 31 as

training data (21 Japanese, 10 Chinese), and 10 as validation data (6

Japanese, 4 Chinese). Additionally to the training interactions used

for MultiMediate ’24, we will include 42 sessions of the NOXI-J

dataset for an overall test set of 90 dyadic conversations. Engage-

ment annotations for NOXI-J were created in the same manner as

for the NOXI dataset using a minimum of 3 (up to 5) annotators.

Similarly to NOXI, the dataset can be obtained from our website
2
.

PInSoRo. For MultiMediate ’26, we extend our challenge by the

Plymouth Interacting Social Robots (PInSoRo)
3
dataset containing

recordings of free-play English-language sessions with 45 Child-

Child and 30 Child-Robot interactions with overall 120 children and

a total duration of 45 hours and 48minutes [26, 27]. The interactions

were annotated categorically for social- and task engagement [26]:

(1) Task engagement. Annotation of the child’s engagements in

the free-play task divided into four categories: goal oriented,

aimless, adult seeking, and no play.

(2) Social engagement. Annotation of the social interaction dur-

ing play between participants divided into five categories:

solitary, onlooker, parallel, associative, and cooperative.

In MultiMediate ’26, we will provide 34 interactions as train-

ing data (19 Child-Child, 15 Child-Robot) and 10 as validation data

(5 Child-Child, 5 Child-Robot) for an additional categorical pre-

diction task that aims to further improve generalizability of our

engagement estimation approach. For the prediction targets, we

will provide all available annotations of the train set sessions and

include annotated frames in which all annotators agree on the label

for each measurement in the validation set.

3.3 Evaluation Datasets

Wemake use of four different evaluation datasets to quantify perfor-

mance across different domains. For the MPIIGroupInteraction data

set, feature modalities differ from NOXI (additional group mem-

bers). For participants to better adapt to this dataset, we provide a

2
https://multimediate-challenge.org/datasets/Dataset_NoXiJ/

3
https://freeplay-sandbox.github.io/dataset
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labelled validation set that may be used for evaluation and even for

training supervised domain adaptation approaches.

NOXI (MultiMediate ’23 version). This part of the evaluation

set is identical to the test set of MultiMediate ’23 and consists of

16 sessions (in English, French and German). That is, the MultiMe-

diate ’23 version of the NOXI test set comes from the same domain

as the training set, providing a reference to compare MultiMedi-

ate ’26 submissions to MultiMediate ’23-’25 results, as well as a

point of comparison for evaluating the impact of out-of-domain

test scenarios on performance.

NOXI (additional test 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 par-

ticipants’ approaches to transfer to new languages and cultural

backgrounds not seen at training time.

MPIIGroupInteraction. Following previous iterations of Multi-

Mediate , we make use of the MPIIGroupInteraction corpus
4
, con-

sisting of 22 group discussions between three to four people, each

lasting for 20 minutes [38]. The MPIIGroupInteraction dataset has

the distinct advantage of the availability of six unpublished group

discussions that can be used for evaluation as a test set. For Mul-

tiMediate ’23 we collected novel engagement annotations on the

MPIIGroupInteraction test and validation sets. The validation set

with ground truth annotations will be 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.

NOXI-J. This evaluation set was included in MultiMediate ’25

and adds 6 Japanese and 4 Chinese language sessions from the

same domain as the NOXI-J training set. This set will show how

the training of a more culturally varied prediction model affects its

performance.

PInSoRo. For MultiMediate ’26, we newly include this evalua-

tion set that adds PInSoRo interactions from the same domain as

the PInSoRo training and validation sets. It contains 6 Child-Child

and 6 Child-Robot interactions and only includes frame-wise anno-

tations that are agreed-upon by at least two annotators for each of

the three annotation measurements.

3.4 Continuing Tasks

To facilitate continuing progress, wewill include the threemost pop-

ular tasks from earlier iterations of MultiMediate as independent

tracks in MultiMediate ’26: eye contact detection, backchannel

detection, and bodily behaviour recognition. Past iterations of Mul-

tiMediate have already shown the effectiveness of this approach.

E.g., while the winning approach for eye contact detection in Mul-

tiMediate ’21 reached an accuracy of 0.56 on the official test set,

the winner of MultiMediate ’25 was able to reach 0.82 accuracy
5
.

4
https://multimediate-challenge.org/datasets/Dataset_MPII/

5
https://multimediate-challenge.org/leaderboards/leaderboard_eyecontact/

4 EVALUATION APPROACH

To compare the submissions to the challenge in a fair and coher-

ent way, we will make the test datasets (without ground truth)

available to participants two weeks before the challenge deadline.

Participants, in turn, will submit their predictions for evaluation

against the ground truth on our servers. Participants’ approaches

will be ranked on a leaderboard using the average performance

(CCC) across all test datasets. In line with previous years of Mul-

tiMediatewe intend to invite solution paper submissions from

challenge participants. These paper submissions will be evaluated

according to the performance achieved and their scientific quality.

5 FUTURE AGENDA

Our future agenda consists of three main directions: (1) Further

improving generalization, (2) introducing interactive tasks, and (3)

addressing more open ended social reasoning problems.

In order to improve generalization, we will continue to record,

curate, and annotate suitable social interaction datasets. Concretely,

we have already annotated the training set of the MPIIGroupIn-

teraction dataset with engagement scores. This additional training

data is ready to be integrated into the engagement challenge in

MultiMediate ’27. We are also actively exploring opportunities to

establish multi-domain evaluations for other tasks such as bodily

behaviour recognition, or backchannel detection.

At present, we are developing a framework to conduct interactive

experiments to investigate the generation of engaging (or disengag-

ing) agent behaviour. In the context of MultiMediate , we plan to

pose the challenge of creating agent behaviour that is engaging ac-

cording to different cultural norms. The NOXI and NOXI-J datasets

will be highly useful for this purpose as they contain examples

of highly engaging and non-engaging explanations for different

cultural scenarios. As evaluation of generated behaviour is not

straightforward, we plan to investigate a combination of evaluation

approaches such as using large language models and humans via

services such as Mechanical Turk. We anticipate to include this task

in either MultiMediate ’27 or MultiMediate ’28.

To generate richer and more diverse training data for artificial

mediators, we plan to collect fine-grained social reasoning annota-

tions on the MultiMediate datasets. These will consist of diverse

questions such asWhat did person B laugh about? orWhy did person

A interrupt person C?, with associated multiple-choice answers. This

approach will be helpful in training artificial mediators that can

engage more deeply in human interactions. We expect the dataset

and associated task to be available after MultiMediate ’28.

6 STATEMENT OF COMMITMENT AND

CONTACT INFORMATION

To realise the future agenda of the MultiMediate challenge, we

will publish and maintain a website for at least three years. We will

provide the appropriate information, datasets and tasks and will

rigorously evaluate the submissions. We are looking forward to

working with the organisers of the ACMMultimedia Conference to

publicise the challenge tasks and invite researchers for participation.

The organisers who will be responsible for organising, publicising,

reviewing and judging the Grand Challenge submissions are listed

4
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