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Motivation
As a vision science lab, we are interested in 

how projective visual renderings used in video 

communication disrupt directionality and 

therefore also eye contact behaviour [1, 2].

To understand how interlocutors adapt to video 

conferencing, we first have to understand 

spatial and temporal dynamics of eye contact 

behaviour under natural conditions.

We focus on the emergent behaviour of the 

dyad, rather than an individual’s response to a 

social stimulus.
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Goals
We set out to study social gaze in the context of physiological responses 

with an interest in autonomic regulation and physiological synchrony.

We also aim to provide data to train a foundation model that describes 

multimodal dyadic conversational behaviour.

• to provide robots and visual chatbots with social competence

• to understand the relations between different behavioural modalities

• to provide a normative basis of communication behaviour in its diversity 

against which pathologies can be identified and diagnosed.

Databases of dyadic communication exist [3, 4, 5], but none of them 

provides accurate gaze data that can be used to study and model eye 

contact behaviour.
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More derived measures

Gaze: pupillometry, blinks, saccades, fixations and fixation distributions relative interlocutors

ECG: RR intervals, heart rate variability (HRV)

ARKit: FACS, additional measures of gaze direction and head pose

Mocap: 6 dof head pose, velocity, acceleration 

Audio: speech transcripts, speaker identity and turn taking events, quantification of prosody, 
speech disfluencies and nonlexical vocalizations 

Demographics (n=275)

Procedure: We invite individual participants into our lab where they are engaged into an 

open conversations by confederates trained in the lab.

• Aided with a list of approved ice-breaker question, confederates are free to take the 

conversation in any direction. The goal is to make the conversation interesting, enjoyable 

and engaging for the participant. 

Preprocessing
The sensors run on different clocks, and they sample data at different rates:

• All data (except AV) are resampled to 200 Hz.

Original sample rates listed below.

• After resampling, cross-correlation on redundant head and eye

pose data is performed for synchronization.

Fig. 2: Demographic data of participants as of 
August 2026. Note, that for every participant, we 
also have data from one of our 16 confederates. 
These are identical to data obtained from 
participants except that we did have ARKit and 
other iPhone-related data from them. 
Confederates interacted with multiple 
participants (typically around 20). Data from 
confederates can thus be used to distinguish 
idiosyncratic traits from variance that depends on 
the communication partner.

Correlational analyses

• How are head pose and gaze coordinated?

Exploiting redundancies

• Improving ARKit accuracy for gaze and head pose

o using facial blendshapes, speech, and demographics as predictors, and

owearable eye tracking and mocap as ground truth.

Dyadic dynamics

• Conditions for autonomic, physiological synchrony measured with pupillometry and 

HRV.

• Are eye contact events the entraining signal for physiological synchrony?

• Do eye contact events control turn-taking?

• Coordination and signalling function of eye blinks.

• Categorization of gaze aversion events.

We invite collaboration!

The ECC database is too rich to be tackled by us alone. We also seek expertise to help 

with the architecture and training for a foundation model as outlined in Fig. 3.
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Fig. 1: A confederate (left) engages a participant into a conversation. Both are standing. 
The participant remains in front a tripod mounted iPhone camera. Both are wearing eye 
trackers, equipped with motion capture markers, and wear a heart rate monitor.

Future work and call for collaboration 
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Fig. 3: This diagram outlines the general architecture of the gaze generator. It takes as input past behaviour of both participants, 
encoding it first modality-specific and projecting it into a common, time-aligned embedding space. The individual embeddings are then 
concatenated over modalities and participants, resulting in a series of tokens (one per time step) that form the sequence input to the 
Multimodal Transformer Encoder. This encoder learns temporal dependencies across time and modalities, and interactional 
dependencies across participants (e.g., entrainment, mutual gaze, turn-taking cues). As gaze also depends on the next utterance of the 
chatbot this needs also be integrated — e.g., via conditioning, cross-attention, or late fusion.

Foundation model: Social competence
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