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Abstract

Estimating momentary conversational engagement is central to
assistive, socially aware AI systems, yet models are typically trained
and evaluated within a single domain, limiting real-world robust-
ness. The MultiMediate ’25 challenge advances engagement es-
timation to more challenging, cross-cultural, and multi-domain
settings. Building on prior challenge editions, we expand beyond
NOXI as the sole training source by introducing NOXI-J, a new
multilingual corpus covering Japanese and Chinese interactions,
enabling both training and evaluation in diverse linguistic contexts.
Although NOXI-J conceptually extends NOXI, we treat it as a dis-
tinct domain because linguistic, cultural, capture, and annotation
differences induce measurable distribution shifts. In this paper, we
present new annotations, precomputed multi-modal features (vi-
sual, vocal, and verbal), baseline evaluations, and an analysis of the
best performing challenge solutions. Beyond accuracy, we quantify
fairness using Conditional Demographic Disparity for gender and
language. Our baselines confirm strong in-domain performance
(e.g., paralinguistic eGeMAPS and video-transformer features) and
reveal notable cross-domain drops, underscoring the challenge
of cultural, linguistic, and interactional shifts. Fairness analyses
indicate generally small discrepancies for our baselines. We ob-
serve the largest disparities for the proposed challenge solutions
on the Chinese language test set. All annotations, features, code,
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and leaderboards are made publicly available to foster sustained
progress on robust and fair engagement estimation.
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1 Introduction

Knowing how engaged humans are in a conversation is a prereq-
uisite for many assistive and mediation systems, especially when
the goal is to sustain participation and improve interaction qual-
ity. Consequently, engagement estimation has become an active
research area across human–human [13, 22] and human–agent in-
teractions [14, 30, 34], spanning adults [12, 22], students [11, 15],
and children or infants [27, 33, 41].Methodologically, prior work has
leveraged diverse behavioral cues, e.g., conversational backchan-
nels [34], gross body pose and motion [35], gaze [5], and paralin-
guistics [9].

The MultiMediate challenge has progressively expanded the
behavioral analysis agenda from low-level behaviours to more com-
plex social phenomena. Utilising the MPIIGroupInteraction dataset,
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MultiMediate ’21 targeted eye contact detection and next-speaker
prediction [24, 25], MultiMediate ’22 focused on backchannel
detection and agreement estimation [23], and MultiMediate ’23
introduced bodily behaviour recognition [2, 22]. In addition, Mul-
tiMediate ’23 introduced the engagement estimation task on the
NOXI corpus, which is a multilingual corpus of dyadic, screen-
mediated novice–expert conversations, providing synchronized
audio-video recordings for analyzing social signals and engage-
ment. [6]. To explicitly probe generalization, MultiMediate ’24
defined a multi-domain evaluation training on NOXI and testing
also on (i) NOXI recordings in additional languages and (ii) MPI-
IGroupInteraction (3–4 person face-to-face discussions) reveal-
ing notable cross-domain drops [21].

However, prior engagement editions provided training data only
in three European languages (English, French, German), with addi-
tional languages appearing solely as evaluation sets (e.g., Arabic,
Italian, Indonesian, Spanish) [21]. This limited the community’s
ability to study cross-cultural generalization. In this year’s edition,
we address this limitation by introducing new training corpora in
Japanese and Chinese through the NOXI-J extension [10], and by
making both NOXI and NOXI-J available for model development.
Though NOXI-J extends NOXI, we treat them as separate domains:
linguistic, cultural, capture, and annotation differences induce dis-
tribution shift, enabling clean cross-domain tests and reproducible
per-domain reporting.

This year, we go beyond accuracy by reporting Conditional De-
mographic Disparity (CDD) with respect to gender and language,
aligningwith European non-discrimination principles [38]. Motivat-
ing this focus, socio-linguistic work shows that conversational cues
(e.g., prosodic triggers for backchannels) vary across languages [40],
while upstream speech technology can exhibit demographic per-
formance gaps that propagate downstream [16].

To quantify bothwithin-corpus accuracy and cross-domain trans-
fer, we report two baseline tracks—one trained on NOXI and one
on NOXI-J each evaluated on NOXI, NOXI-J, NOXI (Additional
Languages), and MPIIGroupInteraction [21]. This separation
isolates the benefit of newly available Japanese and Chinese training
data while preserving comparability to prior editions. All annota-
tions, features, and baseline code are released to facilitate future
work beyond MultiMediate ’25.1

2 Challenge Description

MultiMediate ’25 poses a cross-cultural, multi-domain engage-
ment estimation challenge. The evaluation spans speakers of Japan-
ese, Chinese, German, Arabic, Indonesian, and French, and covers
both dyadic and multi-party interactions. Test are released without
ground truth and teams submit frame-wise predictions for evalua-
tion on a EvalAI server 2. In addition to engagement, we continue to
welcome submissions to established tasks from prior editions: eye
contact detection, bodily behaviour recognition, and backchannel
detection.

1https://multimediate-challenge.org
2https://challenges.hcai.eu/

2.1 Task definition

The task is frame-wise prediction of each interlocutor’s engage-
ment on a continuous scale [0, 1]. Accuracy is measured with the
Concordance Correlation Coefficient (CCC), ranging from −1 to +1.
Participants are free to use the provided labelled data for training
and validation and undergo in-domain and out-of-domain eval-
uations on NoXI, NoXI-J, NoXI (Additional Languages), and
MPIIGroupInteraction.

Training data policy. Two training corpora are provided: NOXI
and NOXI-J. We do not prescribe usage. Participants may (i) train
a single model on the union, (ii) train separate models and se-
lect/fuse at test time, or (iii) apply domain adaptation using only
the provided train/val splits. In addition, few-shot adaptation on
the MPIIGroupInteraction validation set is permitted for out-of-
domain tuning (not the test set). For transparency, teams should
report their choice. Our baselines include both a NOXI-trained and
a NOXI-J-trained model to bracket these strategies.

Fairness evaluation (CDD). We quantify group-wise bias with
CDD, which measures average prediction differences at the same
ground-truth level 𝑦; conditioning on 𝑦 asks whether, for equal
true engagement, the model systematically over- or under-predicts
for a group. We report CDD𝐺 for gender. We acknowledge that
gender is not binary; however, in our datasets only male/female
self-identifications are available.

CDD𝐺 = E[𝑦 | male, 𝑦] − E[𝑦 | female, 𝑦] ,

where positive values indicate higher predictions for males than
females at the same𝑦, and negative values the reverse. Furthermore,
we define CDD𝐿 to measure CDD for each language.

CDD𝐿 = E[𝑦 | 𝐿, 𝑦] − E[𝑦 | 𝑦] ,

where language 𝐿 is compared to the pooled expectation across all
languages at the same 𝑦.

Since 𝑦 is continuous, we approximate the conditionals by bin-
ning 𝑦 (e.g., 10 equal-frequency bins) and averaging group differ-
ences within bins, weighted by bin prevalence. Values closer to 0
indicate smaller disparities.

2.2 Datasets

Weevaluate cross-domain, cross-cultural generalization using dyadic
and multi-party corpora spanning Japanese (JA), Chinese (ZH), Ger-
man (DE), Arabic (AR), Indonesian (ID), French (FR), and English
(EN) as illustrated in Table 1. All datasets are available online.3

NOXI (train/val/test). NOXI [6] is a corpus of screen-mediated
dyadic expert–novice interactions with synchronized audio/video
and frame-wise engagement annotations ranging from 0 (lowest en-
gagement) to 1 (highest engagement). These annotations were first
collected forMultiMediate ’23 [22]. Following MultiMediate ’23
and MultiMediate ’24, we use EN/FR/DE for train/val/test.

3https://multimediate-challenge.org/Dataset/
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Table 1: Engagement estimation datasets used in MultiMediate ’25. Languages per split are shown in italics with number of

interactions in parentheses.

Training Data Validation Data Test Data

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

NOXI (Additional Languages) [6]
Arabic (2), Italian (2), Indonesian (4), Spanish (4)

MPIIGroupInteraction [26] MPIIGroupInteraction [26]
German (6) German (6)

NOXI-J [10] NOXI-J [10] NOXI-J [10]
Japanese (21), Chinese (10) Japanese (6), Chinese (4) Japanese (6), Chinese (4)

NOXI (Additional Languages) (test only). An out-of-domain NOXI
split comprising AR/IT/ID/ES (test only) probes cross-language
transfer beyond the EN/FR/DE training languages. Annotations
follow the same protocol as NOXI.

MPIIGroupInteraction (val/test). MPIIGroupInteraction con-
tains group discussions (3–4 participants, ∼20 minutes) recorded
face-to-face [26]. It differs from NOXI in interaction format (multi-
party vs. dyadic), roles (no expert/novice), and setting (co-located
vs. screen-mediated). We provide a validation split (6 recordings,
21 participants) with labels and a test split (6 recordings, 23 partici-
pants) without labels for evaluation.

NOXI-J (train/val/test). NOXI-J extends NOXI with Japanese and
Chinese dyadic sessions recorded with the same setup [10]. For this
challenge we release JA (21 train, 6 val, 6 test) and ZH (10 train, 4
val, 4 test) with frame-wise engagement from ≥ 3 raters per session
(labels are rater means). This enables training on Asian languages
in addition to European ones.

3 Experiments

We extract audio, visual, and text features on all corpora and release
them to participants together with our baseline code.

3.1 Visual Features

On NOXI and MPIIGroupInteraction, speaker locations/seating
are known, so we can extract per-person visual features without an
additional tracking stage. In particular, we provide the following
features. Head/Face features from (OpenFace 2.0), including 3D facial
and eye landmarks (68+56), action unit presence/intensity (18), and
quality/pose indicators for each frame [3]. Body Pose (OpenPose),
consisting of 2D body, hand, and facial keypoints, yielding a 139-D
representation per frame [7]. CLIP embeddings, 512 dimensions per
frame [31]. DINOv2 embeddings [29]: we derive per-frame visual
tokens and apply PCA to obtain a compact representation (reduced
to 768 × 3); features are sampled every 16 frames (stride 16). Video
Backbones (Swin; VideoMAE v2): We compute 768-D Video-Swin
embeddings [19, 20] and 1408-D VideoMAE v2 embeddings [39]
on non-overlapping 16-frame clips (stride 16), capturing local spa-
tiotemporal context.

3.2 Audio Features

We separate vocal (paralinguistic) and verbal (content) streams; both
are extracted with the DISCOVER pipeline [36]. To represent vocal
information, we compute eGeMAPS features using a 1 s window

with 40ms hop [9, 37], as well as self-supervised w2v-BERT 2.0
embeddings [4]. We represent verbal information by transcribing
speech with WhisperX [1, 32]. Multilingual sentence embeddings
are obtained with XLM-RoBERTa [8], aggregating all transcript
segments overlapping each analysis window.

3.3 Baseline Prediction Approach

We cast frame-wise engagement estimation as a regression problem.
The baseline is a feed-forward MLP (three ReLU hidden layers;
linear output) with dropout after the second hidden layer. Models
are trainedwith Adam andMSE; RMSE ismonitored during training.
Hyperparameters are selected via KerasTuner Hyperband [28] with
compact ranges: hidden widths𝑢1, 𝑢2, 𝑢3 ∈ [8, 512] (step 8); dropout
𝑑 ∈ [0, 0.5] (step 0.05); learning rate 𝜂 ∈ {10−2, 10−3, 10−4}; batch
size 𝑏 ∈ {32, 64, . . . , 2048}; batch size is tuned jointly with the other
hyperparameters as part of the search.

Our primary performance metric is the Concordance Correla-
tion Coefficient (CCC) [18]. Fairness is quantified with Conditional
Demographic Disparity (CDD) [38] for gender (CDD𝐺 ) and lan-
guage (CDD𝐿); values are centered at 0 (no disparity) and the sign
indicates direction.

We evaluate baselines trained on either NoXI or NOXI-J ib fizr
gekd-out test sets: NOXI, NOXI-J, NoXI (Additional Languages),
and MPIIGroupInteraction. For each baseline we report a Base-
line CCC, the unweighted mean CCC across its four test sets, which
we use to rank feature modalities. Reference code (Hyperband
search, CCC/CDD) is available.4

4 Results

4.1 Baseline Experiments

We report two kinds of baselines: one trained on NOXI (train+val)
and one on NOXI-J (train+val). Each baseline method is evaluated
on four held-out test sets, NOXI, NOXI-J, NOXI (Additional Lan-
guages), and MPIIGroupInteraction. Furthermore, we computed
CCC defined as the unweighted mean CCC across its four test sets;
this scalar ranks modalities and serves as the leaderboard reference.

For the baselines trained on NOXI (Table 2), eGeMAPS v2 is the
most robust across domains (Combined CCC of 0.40), combining
strong in-domain accuracy on NOXI (0.57) with solid transfer to
NOXI-Additional (0.47) and MPI (0.44). Among video encoders,
VideoMAE leads (0.36 Combined CCC), followed by Swin (0.28).
Text-only XLM-RoBERTa lags (0.20). For the baselines trained on
NOXI-J (Table 3), VideoMAE attains the best Combined CCC (0.14),
4https://git.opendfki.de/philipp.mueller/multimediate25
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Figure 1: Fairness heatmaps for the baseline models. Left: CDD𝐿 per language for the NOXI-trained baseline (evaluated on

NOXI, NOXI (Additional), and NOXI-J). Middle: CDD𝐿 per language for the NOXI-J–trained baseline (same evaluations). Right:

CDD𝐺 (male minus female) for models trained and tested on the same corpus.

Table 2: CCC values across test datasets for baseline models

trained on NOXI.

Feature Set NOXI NOXI-J MPIGI Additional Combined

Video
OpenFace 2.0 0.22 0.00 0.01 0.09 0.08
OpenPose 0.47 0.03 0.03 0.39 0.23
CLIP 0.48 0.04 0.00 0.38 0.23
DINO 0.29 0.14 0.08 0.06 0.14
SwinTransformer 0.54 0.07 -0.01 0.52 0.28
VideoMAE 0.66 0.07 0.21 0.50 0.36

Voice
eGeMAPS v2 0.57 0.13 0.44 0.47 0.40

w2vBERT2 0.55 0.10 0.05 0.45 0.29

Text
XLM RoBERTa 0.41 0.08 0.01 0.28 0.20

Table 3: Baseline selection across test datasets for NOXI-J

trained models.

Feature Set NOXI NOXI-J MPIGI Additional Combined

Video
OpenFace 2.0 0.05 0.11 0.01 0.02 0.05
OpenPose 0.09 0.09 0.01 0.06 0.06
CLIP 0.04 0.26 0.07 0.04 0.10
DINO 0.11 0.20 -0.02 -0.04 0.06
SwinTransformer 0.16 0.22 -0.02 0.07 0.11
VideoMAE 0.21 0.11 0.09 0.14 0.14

Voice
eGeMAPS v2 0.12 0.30 0.00 0.06 0.12
w2vBERT2 0.03 0.21 0.01 0.02 0.07

Text
XLM RoBERTa 0.08 0.28 0.00 0.03 0.10

with eGeMAPS v2 close behind (0.12). Notably, eGeMAPS v2 excels
in-language on NOXI-J (0.30) but transfers less to Additional/MPI
than the NOXI-trained counterpart. Overall, audio features are the
most consistent across domains (especially with NOXI training),
while with NOXI-J training VideoMAE attains the highest Com-
bined CCC.

Figure 1 summarizes CDD across languages and gender. In the
case of CDD for languages, both the NOXI-trained (left) and NOXI-
J–trained (middle) baselines show values clustered near zero (typi-
cally within ±0.05). The largest shifts arise for some vision back-
bones: for the NOXI-trained track we observe VideoMAE on JA/ZH
(≈ −0.11/−0.12) andDINO on AR (≈ −0.10); for the NOXI-J–trained
baselines, differences are more pronounced for DINO (IT ≈ −0.23,
ZH ≈ +0.11), Swin (EN/ES ≈ −0.15, ZH ≈ +0.12), and VideoMAE
(AR ≈ −0.12, DE ≈ +0.11). In contrast, audio features (eGeMAPS
v2, w2vBERT2) remain consistently close to zero across both train-
ing sets; text (XLM-R) shows only small shifts (e.g., EN ≈ −0.05,
ZH ≈ +0.03 in the NOXI-J–trained case). Concerning discrepan-
cies with respect to gender, CDD𝐺 (right) is near zero for most
features under both same-set conditions, with notable outliers for
SwinTransformer on NOXI-J (≈ +0.26, higher predictions for males)
and CLIP on NOXI (≈ −0.14). Overall, paralinguistic audio features
are both accurate and comparatively fair, whereas high-capacity
visual encoders exhibit modest, dataset and language-dependent
sensitivity.

5 Challenge Solution Results

Table 4 reports the top-3 leaderboard for the multi-domain en-
gagement estimation task. Systems are ranked by the Combined
score, i.e., the mean CCC across the four test sets (NOXI base,
NOXI (Additional), NOXI-J, MPIIGroupInteraction). The winning
entry, HFUT–LMC [43], introduces domain prompting via learnable
adapters (DAPA) to inject domain cues while preserving shared rep-
resentations, and a parallel cross-attention module that aligns reac-
tive (forward BiLSTM) and anticipatory (backward BiLSTM) states
across interlocutors. This model achieves the best overall result
with a Combined CCC of 0.699 and sets a new state of the art (SOTA)
on NOXI test data 0.795 outperforming Li et al. [17]. The runner-
up, USTC–IAT United [44], combines a BiLSTM+Transformer en-
coder with explicit target–partner fusion; an 8× overlapped sliding
window pipeline and adaptive layer normalization further stabi-
lize long-range regression. The third place, lasii, also exceeds the
baseline with strong performance on NOXI and NOXI (Additional
Languages).
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Figure 2: Language- and gender-wise fairness for all teams. Left: CDD𝐿 per language (lower magnitude is better). Right: global

CDD𝐺 (male minus female), where values near zero indicate smaller gender disparity.

Table 4: Leaderboard for the multi-domain engagement esti-

mation task (metric: CCC, higher is better). Combined is the

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

and MPIIGroupInteraction.

Team NOXI NOXI-J MPIGI Additional Combined

Competition Teams
HFUT-LMC 0.795 0.578 0.668 0.755 0.699

USTC-IAT United 0.788 0.530 0.664 0.732 0.678
lasii 0.789 0.512 0.544 0.732 0.644

Prior SOTA (MM 2024)
DAT (Li et al [17]) 0.760 — 0.490 0.670 —

Baseline
Baseline (ours) 0.570 0.440 0.130 0.470 0.400

Fairness analysis (CDD). We evaluate conditional demographic
disparity with respect to language (CDD𝐿) and gender (CDD𝐺 ).
Figure 2 visualizes CDD𝐿 per language (blue = lower, red = higher
predicted engagement relative to the bin-wise mean at the same
ground truth). Most values cluster near zero, indicating modest
language-related shifts overall; the largest deviations appear for
Chinese and, to a lesser extent, Japanese. The right panel summarizes
global CDD𝐺 per team: magnitudes are small, with HFUT–LMC
showing the largest absolute shift (−0.1223) and USTC–IAT United
and lasii closer to parity. Taken together with the CCC results, these
patterns indicate that while leading methods improve accuracy,
notable disparities persist, especially for Chinese across all systems
and for gender in HFUT–LMC, highlighting the need for targeted
analysis and mitigation in future work.

Other MultiMediate tasks. Beyond engagement estimation, we
also hosted established tracks, Eye Contact, Bodily Behaviour Recog-
nition, and Backchannel Detection from previous years challenges.
On Eye Contact, USTC–IAT–United [42] set a new best test accu-
racy of 0.82, surpassing the MultiMediate ’24 top result of 0.79.
On Bodily Behaviour Recognition, USTC–IAT–United achieved 0.65,
improving over the best result from MultiMediate ’24 (0.63).

6 Conclusion

We extended engagement estimation to a cross-cultural, multi-
domain setting by releasing NOXI-J (Japanese/Chinese) alongside
NOXI, providing baselines trained on each, and evaluating on NOXI,
NOXI (Additional Languages), NOXI-J, and MPIIGroupInter-
action. Several teams surpassed the baselines across tasks (includ-
ing engagement estimation). In aggregate, audio features exhibit
the most consistent cross-language transfer, whereas visual en-
coders achieve strong in-domain accuracy with greater variability

across domains. Fairness (CDD) magnitudes are generally small,
with larger deviations for Chinese (and occasionally Japanese) and
isolated gender effects. We release datasets, features, code, and
leaderboards to support further work beyond MultiMediate ’25.
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