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Abstract 
Digital humans are emerging as autonomous agents in multiparty 
interactions, yet existing evaluation metrics largely ignore contex-
tual coordination dynamics. We introduce a unified, intervention-
driven framework for objective assessment of multiparty social 
behaviour in skeletal motion data, spanning three complementary 
dimensions: (1) synchrony via Cross-Recurrence Quantification 
Analysis, (2) temporal alignment via Multiscale Empirical Mode 
Decomposition–based Beat Consistency, and (3) structural simi-
larity via Soft Dynamic Time Warping. We validate metric sen-
sitivity through three theory-driven perturbations—gesture kine-
matic dampening, uniform speech–gesture delays, and prosodic 
pitch-variance reduction—applied to ≈ 145 30-second thin slices of 
group interactions from the DnD dataset. Mixed-effects analyses 
reveal predictable, joint-independent shifts: dampening increases 
CRQA determinism and reduces beat consistency, delays weaken 
cross-participant coupling, and pitch flattening elevates F0 Soft-
DTW costs. A complementary perception study (𝑁 = 27) compares 
judgments of full-video and skeleton-only renderings to quantify 
representation effects. Our three measures deliver orthogonal in-
sights into spatial structure, timing alignment, and behavioural 
variability. Thereby forming a robust toolkit for evaluating and 
refining socially intelligent agents. Code available on GitHub. 

CCS Concepts 
• Human-centered computing → Collaborative and social 
computing design and evaluation methods; • Computing 
methodologies → Artificial intelligence. 
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1 Introduction 
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Figure 1: Overview of our evaluation framework. We use 
skeletal representations of natural interaction videos to en-
able precise, controlled interventions on kinematics and 
prosody. These modified embodiments are evaluated using a 
suite of objective metrics. We also a conduct a user study to 
gauge the effect of change in representations (video → skele-
ton). Interventions are applied only to skeletons, not to the 
original videos, allowing causal probing of metric sensitivity 
to theory-driven perturbations. 

Digital humans have already shown promise for applications 
within the education and mental healthcare domains, such as for 
evoking curiosity in classrooms [39], or eliciting more honest re-
sponses in clinical interviews compared to human interviewers [26]. 
In order to develop interactive digital humans to serve as autonomous 
agents in human-AI collaborative settings, it is crucial to have a con-
sistent and principled framework for evaluating these synthesised 
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behavioural artefacts within interactive social contexts. Crucially, 
what counts as “appropriate” behaviour depends on how it coordi-
nates with the other people in the scene—behaviour is meaningful 
only in context. In particular, real conversations unfold through �ne-
grained synchrony: timing and kinematic alignment among partic-
ipants [18, 19, 27, 28]. Yet most metrics ignore these behavioural 
coordination dynamics. 

Recent advances in machine learning (ML) render digital hu-
mans with unprecedented near-photorealistic �delity. Yet objective 
measures that re�ect higher-order human perception remain miss-
ing [37], leaving us without a reliable framework for assessing 
social adeptness. Therefore, a crucial impediment to further devel-
oping ML techniques that enable human-like social dynamics is the 
absence of a reliable evaluation framework for assessing the quality 
and social adeptness of generated behaviours in digital humans. 

Evaluation of synthesised non-verbal behaviour is inherently 
challenging. One reason is the stochastic nature of behavioural 
responses: multiple valid responses are possible for the same social 
stimulus [30, 44, 52]. Moreover, our perception of the validity of 
those responses is highly subjective [37]. This challenge is com-
pounded by a mismatch between training objectives and perceptual 
criteria: the loss functions used to train generative models often 
optimize for metrics that do not align with how humans judge 
behavioural quality, meaning that the models may not be learning 
the very characteristics that drive social believability. 

There is still no gold-standard protocol for evaluating synthetic 
social behaviour. Subjective studies rely on ad-hoc questionnaires 
whose items are often collapsed into a single score or lack in-
ternal consistency [70], while “objective” work spans everything 
from mean-squared error to kinematic statistics such as accel-
eration and jerk [23, 37]. The two worlds rarely agree: metrics 
that look good to a computer frequently fail to match human 
judgements—an outcome starkly illustrated by the GENEA gesture-
generation challenge, where most automatic scores were uncorre-
lated with perceived human-likeness [72]. This mismatch reveals a 
deeper problem, we do not yet know which kinematic or synchrony 
patterns give rise to higher-order impressions like naturalness or 
rapport. Lacking that mapping, the community has no principled 
way to choose either the right metric or the diagnostic perturba-
tions needed to test it in perception studies. The situation is further 
complicated by the fact that nearly all existing metrics treat each 
actor in isolation and thus ignore the multiparty coordination that 
de�nes real conversation. 

Taken together, these gaps point to the need for a uni�ed frame-
work that (i) respects the social context in which behaviour unfolds, 
(ii) is sensitive to multiparty coordination, and (iii) is validated 
through targeted interventions. Most existing metrics were de-
signed for single-actor motion or for speech-gesture appropriate-
ness in isolation [72]; they rarely ask whether the cues are coherent 
with the surrounding partners’ actions or with the agent’s social 
goals [37]. Even seemingly simple examples underscore the limita-
tion: a jump is meaningless in isolation, expressive during a dance, 
and disruptive in the middle of a group conversation—illustrating 
that social relevance is highly context-dependent [15]. Recent at-
tempts to incorporate context (e.g. [52] for facial reactions) are 
promising but remain modality-speci�c and do not generalise to 
whole-body, multiparty interaction. 

Most state-of-the-art behaviour-generation systems operate on 
skeletal motion data rather than generating full video. Joint ro-
tations or 3-D keypoints serve as the primary representation for 
training losses, di�usion steps, or transformer tokens. Consequently, 
evaluation must “speak the same language” as the models—otherwise, 
we risk optimising for signals that the evaluation metric cannot ac-
cess. The use of skeletal representations brings two key advantages. 
First, it removes appearance cues (faces, clothing, background) 
allowing us to isolate the kinematic features that underpin inter-
personal coordination. This makes controlled manipulations—such 
as damping hand velocity or delaying gesture onset—both tractable 
and visually coherent. Second, by presenting observers with the 
same skeleton-only embodiment that models generate, we can di-
rectly assess how well purely kinematic information maps to higher-
order perceptual measures such as human-likeness or conversation 
quality. This leads to our central question: Can objective metrics 
applied to skeletal motion capture the theory-driven kinematic pertur-
bations we introduce? Addressing this question helps clarify the lim-
its of skeleton-based evaluation and informs the design of metrics 
that are both aligned with model representations and perceptually 
meaningful. In this work, we contribute the following: 

(1) Design three controlled interventions that systematically 
perturb gesture kinematics, speech–gesture timing, and vo-
cal pitch. 

(2) Introduce a compact panel of cross-modal metrics for mul-
tiparty skeleton data. 

(3) Conduct an exploratory perception study comparing video 
recordings to skeletal embodiments to understand how repre-
sentation modality a�ects judgments of conversation quality 
and human likeness in group settings 

(4) Analyse the sensitivity of each metric to our interventions 
in natural group interaction. 

2 Related Work 

2.1 Generating Multiparty Social Behaviour 
Recent advances have turned to deep generative approaches for 
social behaviour synthesis. The synthesis of co-speech gesture gen-
eration, for instance, is notoriously challenging due to the highly 
idiosyncratic, non-repetitive nature of human gestures and their 
diverse communicative functions [37]. Nevertheless, the �eld has 
seen a surge of interest thanks to larger multimodal datasets and 
powerful models [37]. Modern methods can take various input 
modalities - e.g. speech audio, text transcripts, or other signals -
to drive gesture production [37]. For speech-to-motion generation, 
early deep-learning models ranged from recurrent networks and 
GANs to normalizing �ows [2, 22]. More recently, di�usion mod-
els have gained prominence as social di�usion models for motion. 
Di�usion-based frameworks address the trade-o� between motion 
quality and diversity that plagued earlier deterministic approaches. 
For example, Dabral et al. [10] introduced a denoising di�usion 
model to generate co-speech gestures, and Mughal et al. [32] ex-
tended this to a multi-modal conversational di�usion system that 
produces realistic listener and speaker gestures in coordination. 
These methods can produce a distribution of plausible motion se-
quences rather than a single deterministic gesture, better re�ecting 
the variability of human behaviour. 
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Researchers have also begun exploring language-conditioned 
or speech-conditioned generation of full-body social behaviour. 
Speech-driven approaches such as Yoon et al. [71] learn an end-
to-end mapping from raw speech features (mel-spectrograms) to 
upper-body pose sequences for humanoid robots, optionally fusing 
speech text as an auxiliary cue. ZeroEGGS [14] remains speech-
audio conditioned, but adds zero-shot style control that can be keyed 
with a short example motion clip, yielding diverse gestures that syn-
chronize with the spoken signal. In contrast, text-to-motion frame-
works such as MotionCLIP [56] map natural-language prompts into 
a CLIP [43] aligned latent space to drive 3-D body motion. While 
the Human Motion Di�usion Model [57] can generate long, varied 
motions from textual action labels or free text. Most of these meth-
ods still target a single performer; the recent work of Sun et al. [53] 
moves a step further by jointly generating holistic 3-D motions for 
both a speaker and a listener in dyadic conversations, condition-
ing on audio and text and enforcing mutual in�uence between the 
two characters. In another line, social behaviour forecasting has 
emerged to predict how group interactions will unfold. Raman et al. 
[44] emphasize that individuals adapt their behaviour di�erently 
across groups depending on contextual factors like relationships 
and rapport. This stochastic forecasting of multiparty non-verbal 
cues (e.g. who will gesture or look at whom next) represents a 
forward-generative view of social behaviour. This progress sets the 
stage for evaluating how socially appropriate and human-like these 
generated behaviours truly are. 

2.2 Evaluation Techniques 
Assessing generated social behaviour is challenging because it must 
account for both physical realism and social meaning. Prior work 
combines objective metrics such as joint position error, velocity 
di�erences, and Fréchet Distance—with subjective human judg-
ments. Although kinematic measures capture low-level �delity, 
they often miss context: a gesture may closely match a reference 
yet still feel awkward or inappropriate with respect to other conver-
sation partners. As a result, user studies remain the gold standard, 
where participants rate naturalness, appropriateness, or human-
likeness of behaviours [21, 34], and instruments like the Godspeed 
questionnaire gauge perceived personality and emotional impact 
in human–robot interactions [4, 11]. For example, Ne� et al. [34] 
demonstrated that adding or altering gestures can change percep-
tions of an agent’s personality, but such studies are time-consuming 
and hard to reproduce consistently. 

A clear gap between objective and subjective metrics has been 
identi�ed. Wolfert et al. [70] reviewed evaluation practices for ges-
ture generation in embodied agents and noted a lack of reliable au-
tomatic metrics for social quality. Often, objective scores like mean 
error or diversity have weak correlation with human judgments of 
appropriateness or engagement. This gap has motivated work on 
better proxies for social naturalness. One approach is to measure 
interpersonal coordination signals. For example, interpersonal syn-
chrony is a desirable emergent quality in multi-party behaviour. Re-
searchers have quanti�ed synchrony via movement correlation and 
recurrence analyses – e.g. Shockley et al. [51] showed people’s body 
sway becomes coupled when they are interacting smoothly. Recent 
studies go further to link such measures with social outcomes: Rüh-
lemann and Trujillo [48] found that more expressive hand gestures 
can induce stronger physiological synchrony (skin conductance 

coupling) between storytellers and listeners, suggesting an objective 
avenue to gauge a gesture’s social e�cacy. Similarly, metrics from 
dynamical systems like cross-recurrence quanti�cation [65–67] 
have been applied to evaluate the temporal coordination between 
agents’ multimodal signals. 

Context-dependent appropriateness recognizes that, rather than 
a single “correct” response, an AI may produce multiple valid 
behaviours for the same social cue [44]. The Multiple Appropri-
ate Facial Reaction Generation challenge [52] highlights this by 
allowing diverse listener expressions and evaluating them with 
context-sensitive metrics such as the rank correlation of generated 
versus real facial features (FRCorr) and an expression-space dis-
tance (FRDist). While these measures move beyond pure visual 
realism, they still compare only distributions of synthetic reac-
tions. Ultimately, the true test is whether people perceive multi-
party behaviours as natural and believable. Recent studies have 
begun validating that higher synchrony scores align with greater 
observer-rated rapport, or that an appropriateness metric predicts 
user preference between gesture variants [31]. The �eld is rapidly 
moving beyond low level �delity measures toward social evaluation 
criteria such as diversity, synchrony and context awareness, while 
grounding these quantitative assessments in human judgments 
through frameworks that combine signal analysis with subjective 
evaluation of behaviour [37]. 

3 Methodology 
We selected CRQA, multiscale beat consistency, and Soft-DTW be-
cause together they give a comprehensive, interpretable window 
into the rich, dynamic structure of social behaviour that simpler 
statistics miss. CRQA lets us quantify both linear and non-linear 
synchrony—including transient entrainment and leader–follower 
dynamics—by mapping when two participants’ state-space trajecto-
ries return to similar regions. The multiscale beat consistency score 
homes in on the critical cross-modal timing between gesture and 
speech at multiple temporal scales, capturing how co-speech ges-
tures tune prosodic perception and narrative �ow. And Soft-DTW 
provides a �exible, di�erentiable distance metric that aligns elastic 
sequences—whether 3D gesture paths or F0 contours—so we can 
compare natural timing variations within and across individuals. 

Crucially, these measures complement one another: CRQA pin-
points when and how long participants are coupled, beat consis-
tency captures precise cross-modal timing, and Soft-DTW quanti-
�es shape similarity under elastic alignment. Integrating them lets 
us triangulate synchrony across phase, scale, and form for a robust, 
multi-perspective characterization of social coordination. 

3.1 Behavioural Measures 
CRQA. Human social interactions unfold as complex, time-varying 

sequences of movement, in which partners continuously adapt 
to one another’s subtle kinematic cues. Traditional linear mea-
sures—like cross-correlation or coherence—capture only stationary, 
time-lagged similarities and often miss the rich, non-stationary cou-
pling that underlies real-time synchrony. Cross-recurrence quan-
ti�cation analysis (CRQA) overcomes these limitations by recon-
structing each participant’s state-space and then directly mapping 
when and for how long their trajectories return to similar regions. 
This makes CRQA uniquely sensitive to both linear and non-linear 
coordination patterns, robust to noise and di�erences in signal scale, 
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and capable of capturing transient episodes of entrainment that 
standard methods overlook [65–67]. Moreover, by examining shifts 
of the recurrence structures o� the main diagonal, CRQA naturally 
handles phase shifts and time lags in gestures—quantifying not 
only whether two signals synchronize but also when one leads or 
follows the other. 

CRQA has been used for analysing social communication and 
behavioural characteristics in general and in multi-person group 
settings [7, 38, 51, 59, 66]. In our work, we are using CRQA to help 
quantify synchrony within virtual social interactions. Speci�cally 
we shall be making use of the recurrence rate (RR), % determinism 
(%DET) and mean length of recurrence (MeanLR). Typically in a 
recurrence analysis, the RR is �xed to a reasonable degree through 
adjusting the recurrence radius (e.g. 2%) [65]. The recurrence ra-
dius de�nes the maximum distance allowed between two points 
for them to be considered recurrent. While RR is adjusted to have a 
certain variance, since it is �xed for the entire dataset it is a valu-
able output measure of CRQA; indicating the presence recurrences 
(suggesting presence of attractors in state-space). %DET quanti�es 
the proportion of recurrence points forming the diagonal of the 
recurrence matrix, a higher %DET value implies a higher structure 
within the two signals and therefore making it more predictable. 

Multiscale Beat Consistency Between Speech and Gestures. It is 
quite well known that human beat gestures are important co-speech 
factors that tune the perception of prosodic information, narrative 
structure, and a�ecting a much wider range of perceived social 
dynamics [41, 42, 54, 63, 64]. Previous studies show that humans 
perceive di�erences in the temporal relationships between beat 
gestures and speech, while also a�ecting their speech perception 
and memory [6, 24, 35, 60]. There is further biomechanical research 
showing that beat gestures directly couple to the acoustics of the 
voice through respiration [41, 42]. Given this important entan-
glement of gesture and speech on multiple functional levels it is 
likely an important perceptual correlate of human(-like) social be-
haviour. To investigate this multi-scale gesture-speech coordination 
we turn to empirical mode decomposition [46, 47]. Empirical Mode 
Decomposition (EMD) is an adaptive time-frequency data analy-
sis method that decomposes a signal into a set of Intrinsic Mode 
Functions (IMFs) representing di�erent frequency components (i.e., 
di�erent temporal scales), which have been used to characterize 
speech [58, 68]. Unlike Fourier analysis, EMD makes no prior as-
sumptions about the data, enabling e�ective analysis of non-linear 
and non-stationary signals by separating oscillatory modes dy-
namically as they change over time. Non-stationary frequency 
compositions are naturally present in social behaviour obviating 
prede�ned basis functions. EMD is therefore a good �t for studying 
multi-modal signals, which in our case concerns an overall total 
angular speed of hand-gesture-relevant joints (elbow and wrist 
joints for left and right), and the smoothed amplitude envelope 
for speech (following [58]). To measure the consistency of timing 
between the di�erent (EMD-derived) multimodal signals we utilize 
the beat consistency score as provided in [25], whereby the tem-
poral alignment between signal onsets (i.e., beats) is calculated by 
a guassian-weighted proximity score (1 = perfect synchrony) that 
is normalized by the number of beats. Note that next to applica-
tion for between-modality within-person analysis, we also apply 
our multiscale beat consistency metric for cross-person analysis 

(a) Raw video of the interaction. (b) Skeletal representation. 
Figure 2: Example snapshot of thin-slices from the DnD 
Group Gesture dataset [32] shown to users in the percep-
tion study. (a) Video data from multiple cameras, and (b) the 
skeletal representation of the group and a single member. 

to assess social coordination (e.g., synchrony) patterns (which is 
known to be multiscale in nature too; e.g., [1, 5]). 

Soft-DTW (SDTW). Both the 3D trajectories of a gesture and 
the F0 contour of speech exhibit rich temporal variability: one 
person may linger on a hand-wave while another rushes through 
it; a speaker may stretch or truncate a rising intonation depending 
on turn-taking cues [69]. Soft-DTW lets us robustly match these 
sequences, aligning corresponding sub-gestures or pitch accents 
even when their durations di�er. By focusing on the shape of the 
motion or pitch contour, rather than rigid clock time, it captures 
both intra-person consistency (e.g. before/after an intervention) 
and inter-person coordination (e.g. speaker–listener synchrony). 
Robust to brief tracking or pitch-tracking artifacts, Soft-DTW gives 
us a stable, interpretable distance measure that re�ects how closely 
two behaviours (spatio-temporal signals) follow the same dynamic 
pattern under natural timing shifts. 

Soft-DTW extends classic Dynamic Time Warping by replacing 
the hard minimum over warping paths with a “soft-min” controlled 
by a smoothing parameter W [9]. For W ¡ 0, the loss is di�erentiable 
everywhere, making it compatible with gradient-based learning and 
end-to-end modelling of social signals. As W grows, the alignment 
aggregates more paths and becomes increasingly smooth (down-
weighting local misalignments); as W → 0, it converges to the exact 
DTW cost. A lower Soft-DTW cost thus indicates tighter tempo-
ral similarity after accounting for elastic warping. In practice, we 
exploit this metric both to compare 3D gesture trajectories, quanti-
fying how an intervention preserves or alters natural motion. We 
also use it to measure how an induced pitch-variance intervention 
departs from each speaker’s original F0 contour. Beyond pairwise 
comparisons, Soft-DTW supports clustering, anomaly detection, 
and the computation of barycenters, enabling population-level anal-
yses of multimodal social behaviours. 

3.2 Intervention Friendly Motion 
Representation 

For our analysis, we require datasets that capture authentic hu-
man social interactions in multiparty settings. We selected the 
DnD Group Gesture dataset [32], which records groups of �ve 
participants engaged in “Dungeons and Dragons” (DnD) game-
play sessions. This dataset is particularly valuable as it captures 
naturalistic social dynamics occurring within a structured collabo-
rative activity, providing rich examples of spontaneous multimodal 
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