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ABSTRACT
We discuss a preliminary investigation on the feasibility of inferring traits of social participation from the observable behaviour of
individuals involved in dyadic interactions. Trait inference relies
on a stochastic model of the dynamics occurring in the individual
core affect state-space. Results obtained on a publicly available
interaction dataset are presented and examined.

CCS CONCEPTS
• Human-centered computing → HCI theory, concepts and
models.
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INTRODUCTION

Psychological well-being is intricately tied to changes of feeling [15].
Meanwhile, feeling dynamics impacts on how we act (and vice
versa), interpersonal behaviour being no exception.
Under such circumstances, it is tempting to investigate whether
and to which extent the connection between covert states of affect of
individuals and their overt social behaviour can be computationally
exploited for inferential purposes. This is the chief research question
we address in this note.
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Indeed answering such question can be important in prospect
beyond its theoretical interest. One such case is the automated
monitoring and intervention tools in healthcare and well-being, e.g.
systems that assess motivation or engagement to the therapeutic
program, or promote them through the interaction of subjects with
social agents either virtual or real [32].
Among the several kinds of social behaviour, here we focus on
social participation. Social participation is an important health determinant: for example, it is considered a key factor in successful
aging. Overall, it is an emerging intervention goal of health professionals such as psychologists, sociologists, and gerontologists (but
see [18] for an in-depth discussion).
In what follows we proceed by first introducing a stochastic
model of the fluctuations of individual’s affect (Section 2). The
model stems from a tradition of work on random walks in biology [6], and builds further on more recent analyses [17] that introduced the Ornstein-Uhlenbeck (OU) process in the psychology
of affect. The OU process has shown to offer a reasonable and
explainable description of the dynamics of core affect variation.
Surprisingly, to the best of our knowledge, this kind of approach
has hitherto been overlooked in the context of computing technologies in healthcare and well-being.
Further, in the psychological field such stochastic models have
been employed to handle data from experience sampling studies
collected over days. Differently, here we exploit raters’ continuously labelled data of relatively brief interactions as provided by the
RECOLA dataset [25]. RECOLA is a well-known public multimodal
corpus designed to monitor subjects as they worked in pairs remotely to complete a collaborative task (dyadic interactions). This
corpus suits our needs, because doing an activity with others namely, collaborating to reach the same goal - is a central level
of involvement of the individual with others [18]. Most important
for the work described here, the data are manually annotated with
either the continuous core affect labels of arousal/valence and the
participation levels.
On such basis, the OU model parameters are inferred in a realistic
dyadic interaction setting (Section 3). From then on we investigate
the predictive capability of the model, namely of its parameters,
with respect to dimensions characterising the social participation
of human subjects. Some preliminary conclusions are drawn in
Section 4.
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MODELLING AFFECT FLUCTUATIONS

Moment-by-moment, the covert emotional state of a person can be
summarised, at the psychological level, in terms of how pleasant or
unpleasant (valence, V) and how activated (arousal, A) the person
is [1, 26]. By and large, fluctuations of affect reflect how we deal
with variations in the environment and how we regulate our emotions. Cogently, a variety of studies, e.g. [4, 28], provide evidence of
the connection between the covert core affect and the dimensions
characterising individual’s overt interpersonal behaviour.
At the neurobiological level, core affect dynamics is consequent
on the activity of a complex, open system. The latter is more suitably conceived as subject to stochastic variability resulting from
the entanglement of many internal (and external) activities that
influence it [17]. Across time, the core affect unfolding, as observed
from the sampling of experiential data, can be represented as a
trajectory, i.e. a realisation of a stochastic process. Such random
path reflects the typical pattern of affective changes and fluctuations that V/A levels undergo across time and that characterise an
individual [17].
The dynamics of stochastic trajectories in the core affect manifold can be formalised as follows. On a measurable state-space
(Ω, A, P) define:
• a family of probability measures M = {Pθ , θ ∈ Θ} depending on a parameter θ , with density Pθ ;
• a pair of stochastic processes X = {X t , 0 ≤ t ≤ T } and Y =
{Yt , 0 ≤ t ≤ T } taking values in Rx and Ry , respectively.
Suppose X , under Pθ , is a Markov process with an infinitesimal generator, then we can write the state-space equations of a
dynamical stochastic system in the following form of Itô Stochastic
Differential Equations (SDE, to be interpreted as an Itô stochastic
integral):
dX t = f (X t , Ut )dt + D

1/2

dWt ,

dYt = д(X t , Ut )dt + R 1/2dVt ,

(1)
(2)

where W = {Wt , 0 ≤ t ≤ T } and V = {Vt , 0 ≤ t ≤ T } are respectively independent standard processes (e.g. Wiener), of the
same dimension of X and Y respectively. D, R are diffusion coefficients. The latter could be in general a function of the states, i.e.
D = D(X t ), R = R(X t ).
The variable U also is defined for wider generality as the stochastic process U = {Ut , 0 ≤ t ≤ T }, though in specific cases can be
deterministic, stochastic, or both. It represents the system control,
which is also variously referred to in the literature as input, cause or
source. This can be shaped in many ways, for example as a function
of both X and Y (e.g. to introduce feedback) or an exogenous input
(e.g., the labelling sequence provided along a supervised learning
stage).
Also, we denote f and д the generic (vector or scalar valued) nonlinear, potentially time-varying functions, i.e. mappings of the kind
T × L2 (Ω, A, P) 7→ L2 (Ω, A, P) to a (Lebegue square-integrable)
Hilbert space L2 (Ω, A, P) with finite second-order moments.
In fact, Eqs. (1) and (2) can be easily recognised as diffusion
processes, f and д being their respective drifts [30]. We can think

of this processes as the limit of the discrete-time processes
√
X t +∆t − X t = f (X t , Ut )∆t + D 1/2 ∆tϵX t ,
√
Yt +∆t − Yt = д(X t , Ut )∆t + R 1/2 ∆tϵYt .

(3)
(4)

Equations (3) and (4) are known as the Euler-Maruyama approximation of Eqs (1) and (2), respectively.
Assume that Ω is the canonical state-space Γ([0,T ]; Rx +y ), in
which case X and Y are the canonical processes on Γ([0,T ]; Rx ) and
Γ([0,T ]; Ry ), respectively, and Pθ is the probability law of (X , Y ).
In such case X is the state process, which is not directly observed;
rather, the information about its evolution is obtained through the
noisy observed process Y .
Then, Eqs. (1) and (2) define a generalised input-output statespace model (SSM) where the states X t mediate the influence of
the input on the output and endow the system with memory. The
state and observation perturbations or fluctuations are provided by
noise terms
∫ t ϵX , ϵY , which
∫ t can be defined via the stochastic integrals
Wt = 0 ϵX s ds, Vt = 0 ϵYs ds. In the case of W , V being Wiener
processes, ϵX , ϵY represent Gaussian additive noise, and have the
same dimension of X , Y , respectively. If errors are iid Gaussian
random variables, then the specific scaling of the white noise with
∆t gives rise to the nondifferentiable trajectories of sample paths
characteristic for a diffusion process.
The classic input-output SSM can be recovered from Eqs. (1, 2),
under the independence assumption (Yt ⊥Yt −1 | X t ):
dX t = f (X t , Ut )dt + D 1/2dWt ,
Yt = д(X t , Ut ) + R 1/2ϵYs .

(5)
(6)

By setting f (X t , Ut ) = B(U − X t ) and д(X t , Ut ) = X t in Eqs. (5,6)
the model for temporal fluctuations in the core affect state over
time studied by [22] is recovered,
dX t = B(U − X t )dt + D 1/2dWt ,
Yt = X t + R

1/2

ϵYs ,

(7)
(8)

where B is a positive definite matrix of parameters and control
vector U in the simplest case is assumed to be a constant, i.e. U =
const, or time-varying in the most general case. The instantaneous
change in X t , that is, dX t , depends on how far the current state X t
is from the point U . This control parameter is called a steady state
or attractor. The state equation (7) can be easily recognised as a
form of the Ornstein-Uhlenbeck (OU) process [29]; thus Eqs. (7) and
(8) together represent an OU-based input-output SSM (OU-SSM),
The parameter matrix B controls the magnitude of the “attraction”
effect and it is defined as


B
B AV
B = AA
(9)
BV A BV V
B AA and BV V represent the drift of the process towards the home
base in the arousal and valence dimension √
respectively, while the
off-diagonal elements B AV = BV A = ρ B B AA BV V encode the
cross-correlation between drift in both dimensions. For high values
of B AA or BV V the difference between the actual state and UA or
UV respectively tends to be magnified; therefore a faster change
will occur in the direction of U for that specific dimension. For high
values of the cross-correlation an increasing value of the drift in one
dimension will positively affect the drift in the other, producing
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more curved trajectories towards the home base. Based on this
property, the parameter is often called the dampening force or
centralising tendency.
Interestingly, U acts as a set point that reflects the baseline functioning of the system, an affective “home base”, which reflect the
affective comfort zone of an individual, signalling that everything
is normal. The attractor keeps the system in balance by pulling core
affect back to its home base, creating an emergent coherence around
it. It is surmised, the attractor strength reflects the regulatory processes that are installed to keep a person’s core affect in check. The
stochastic innovation term dWt incorporates the multiple smaller
and larger impacts that the core affect system undergoes at a given
moment.
To sum up, these three key processes - affective home base,
attractor strength and variability - are largely responsible for producing the countless number of ways people can display changes
and fluctuations in their core affect [17].

3

USING THE MODEL FOR PREDICTING
SOCIAL PARTICIPATION

The procedure we follow is straightforward. We consider the annotated V/A trajectories of the subject s as a realization Y (s) from Eq.
(8). Denote Θ(s) the core affect parameters defining the OU-SSM
(s)
related to subject s and zi is the i-th social participation dimension
label. Then, the problem we are addressing is the mapping:
(s)

Y (s) → Θ(s) → zi .
From now on, we will drop subject’s index s unless needed.

3.1
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5) rapport: does the person and his/her partner seem to be or
could become friends?

3.2

Model learning

In order to fit the proposed model to the V/A trajectories, we adopt a
Bayesian inference procedure based on Markov chain Monte Carlo
(MCMC) sampling for the estimation of the model parameters.
Relying on the Euler-Maruyama discretization scheme (Eqs.3
and 4) and exploiting the Markov property of the OU process, the
probability of the observed trajectory, given the parameters Θ =
{U , B, D, R} is:
P(Y |Θ) =

N
−1
Ö
t =1

P(Yt +∆t |Yt , Θ).

(10)

The posterior probability of the OU parameters given the sample
trajectory follows from Bayes’ theorem:
P(Θ|Y ) =

P(Y |Θ)P(Θ)
.
P(Y )

(11)

In order to ensure the matrices B and D to be covariance matrices,
we place LKJ priors [19] on them and an informative Gaussian prior
for the U vector. The matrix R is assumed to be diagonal (i.e., uncorrelated errors for the two dimensions). The posterior distribution is
then approximated by resorting to Hamiltonian Monte Carlo Sampling [12]. For each subject the convergence check of the MCMC
algorithm is carried out by computing the Gelman-Rubin diagnostic, which compares the variance within a single chain to variance
between chains with independent restarts [3], and ensuring that
this value is no larger than 1.

Dataset and social cues considered

Differently from approaches in the psychological literature, here
we exploit the public available dataset RECOLA [25], which is a
multimodal corpus of spontaneous collaborative and affective interactions in French. Aiming at studying the impact of emotional
feedback on teamwork quality and efficiency, 46 participants took
part in the test where several multimodal data, i.e., audio, video
and physiological signals (specifically, electrocardiogram ECG, and
electrodermal activity EDA) were recorded continuously and synchronously. In addition to these biosignals, 6 annotators concentrated on the labelling of both the affective and social behaviours
that were produced by participants during their collaboration. As
to affective behaviour, emotion was measured continuously on the
two dimensions of arousal (A) and valence (V).
As previously mentioned, here we focus on social participation,
a relevant facet of social behaviour. Participation dimensions considered in RECOLA are: agreement, dominance, engagement, performance and rapport. These have been selected based on various
studies in the literature [25]. Social dimensions were rated once
after having performed the annotation of the affective behaviours,
using a 7-Likert scale. To such end a list of definitions and questions
to the annotators was provided for each primitive:
1) agreement: does the person seem to agree with his/her partner?
2) dominance: does the person appear to be dominant?
3) engagement: does the person seem to be engaged?
4) performance: does the persons speech appear to be clear and
relevant for the task?

3.3

Model checking

To assess whether the model can reproduce the patterns observed
in the real data, we exploited the learned posterior distributions
of the parameters Θ for the generation of 100 V/A trajectories for
each of the 23 subjects of RECOLA dataset. This approach, known
as posterior predictive check (PPC) [10], consists in generating
data from the model using parameters drawn from the posterior in
order to analyze how good is the approximation of the underlying
distribution. Fig. 1 depicts at a glance qualitative results. The first
column of the left panel shows the actual core affect trajectories
from subjects P17 and P37, whilst the remaining columns present
two generations adopting the person-specific inferred parameters
in the Eq. (8). The right panel shows the corresponding 2D spatial histograms, that is the empirical approximation of the spatial
point process distribution induced by the stochastic walk over sites
(bins) in the V/A state-space. Clearly, person-dependent parameters
should allow to generate affective trajectories and related 2D spatial
distributions consistent with actual subject data.
To quantitatively check the model, we calculated the 2D correlation coefficient between the 2D histogram of the observed data and
the 2D histogram from simulated trajectories. When considering
the core affect space as partitioned by three levels (low, neutral,
high) for each affective dimension, we obtain nine possible area
of interest (histogram 2D bins); in such setting the average correlation per person was CC = 0.966 (σ = 0.06). By resorting to a
finer-grained grid, as the one adopted in Fig. 1b, the correlation
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Grid size Mean CC
Grid size Mean CC
3x3
0.966 ± 0.06 18x18
0.632 ± 0.15
6x6
0.85 ± 0.13
21x21
0.602 ± 0.15
9x9
0.779 ± 0.15 24x24
0.566 ± 0.15
12x12
0.722 ± 0.16 27x27
0.541 ± 0.14
15x15
0.678 ± 0.15 30x30
0.511 ± 0.14
Table 1: 2D correlation coefficients and standard deviation,
between the 2D histograms of the observed data and the
2D histograms of corresponding simulations as the grid size
changes.

and independent variables [16]. In particular, if the 0 value lies
outside the HDI of a given regression coefficient, than the zero can
be "rejected" as a plausible value for describing the relationship
between a given couple of OU parameter and social behaviour label
(slope of the regression line for that dimension), and consequently,
a statistically significant correlation exists. In Table 2 the regression
coefficients whose HDI do not include the zero value are reported.
Coefficient

Description

β Aдr [UV ]

β associated to the
home base for the
Valence dimension

β Dom [UA ]

β associated to the
home base for the
Arousal dimension

Mean Post. Distrib.

95% HDI

Agreement

decreases accordingly (CC=0.779, σ = 0.15). Table 1 reports the
results of an extensive test on the influence of the considered grid
size.

3.4

Model prediction and analysis: results

The learnt OU parameters associated to each subject of the database,
deliver an accurate and succinct representation of the dynamics of
the core affect. Such parameters are used as features for predicting
social behaviour labels in a classical supervised learning problem
setting. Two regression models are considered in the following:
Bayesian Linear Regression (BLR) and Gaussian Process Regression
(GPR). The input to both models is a vector of features built by
joining the inferred parameters of the OU process (U , B, D), namely
the vector p(s) ∈ RL with L = 8 (recall that B and D are symmetric
matrices) for each subject s:
p(s) = [UA , UV , B AA , B AV , BV V , D AA , D AV , DV V ].

(12)

Besides regression per se, these techniques allow for statistical
investigation into the relationship between OU parameters and
social behaviour labels.
3.4.1 Bayesian Linear Regression. The BLR assumes the dependent
variables (social behaviour traits) to be normally distributed, their
mean given by a linear predictor:
(s)

zi
(s)

= p(s) βi + ϵ

ϵ ∼ N (0, σ 2 ).

(13)

Here, zi is the i-th social participation dimension label, ps ∈ RL
is the vector of OU parameters inferred for the subject s; βi ∈ RL is
the vector of regression coefficients to be estimated. The estimation
is performed by computing the posterior probability distribution
of the regression coefficients given the data,
P(zi |βi , P)P(βi |P)
P(βi |zi , P) =
;
(14)
P(zi |P)
here zi is the vector of corresponding labels for the i-th social
behaviour, and P ∈ RS ×L is the design matrix containing the L
inferred parameters of the OU model as columns, and the S subjects
as rows. Again, the posterior is obtained by MCMC sampling.
Prediction is then carried out via Eq. (13) on a test vector pt est .
The distribution over parameters rather than point estimates,
allows to quantify the uncertainty on the estimation. A method to
summarize such uncertainty is to consider the interval of values
that lies within the 95% of the estimated distribution. Such value is
called Highest Density Interval (HDI) and can be used to assess the
statistical significance of the correlation between specific dependent

0.54

0.056 ÷ 1.03

0.56

0.14 ÷ 0.97

0.62

0.27 ÷ 0.98

0.44

0.13 ÷ 0.73

Dominance

Engagement
β Enд [UA ]

β Enд [D AA ]

β associated to the
home base for the
Arousal dimension
β associated to
the diffusion on
the Arousal dimension

Table 2: Bayesian Linear Regression Coefficients not containing zero value in the HDI of the posterior.

Main results can be summarised as follows. Higher Agreement
scores correspond to an home base with higher valence V. The same
proportionality holds for both the Dominance and Engagement traits
with respect to the home base. Interestingly enough, people with
high engagement tend to have an higher variability in the arousal
dimension.
3.4.2 Gaussian Process Regression. The GPR relaxes the assumption of linearity between the dependent and independent variables
by allowing the prediction function to be nonparametric. In partic(s)
ular, given a vector of features p(s) and the corresponding label zi ,
(s)

we assume zi to be generated from an unknown function f (p(s) )
plus Gaussian noise ϵ:
(s)

zi

= f (p(s) ) + ϵ

The prior distribution on

ϵ ∼ N (0, σ 2 ).

(15)

f (p(s) ) is defined as a Gaussian Process:


f (p(s) ) ∼ GP m(p(s) ), K ,

(16)

(s ′ )

where K = κ(p(s) , p ; γ ) is the Radial Basis Function kernel with
Automatic Relevance Determination (ARD-RBF) defined as:
(s)

(s ′ )

κ(p , p

(s)
(s ′ )
L
1 Õ  pd − pd  2 i
; γ ) = η exp −
.
2
wd
d =1
2

h

(17)

Here γ = {η 2 , w 1 , ..., w L } is the set of hyper-parameters of the
model and L is the dimensionality of the input. η 2 represents the
deviation of the function from the mean, while the values w =
{w 1 , ..., w L } represent the length scale of the function along the
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(b) 2D spatial histograms derived from trajectories in (a).

(a) Valence/arousal stochastic trajectories.

Figure 1: Observed and generated valence/arousal data. The first column of left (a) and right (b) panel refers to the observed
data of subjects P17 (top) and P37 (bottom), respectively. In both panels, the following columns present data simulated from
the OU state-space process relying on the inferred parameters, either in the form of raw stochastic V/A trajectories (a) and 2D
histograms (b)

4

DISCUSSION AND CONCLUSION

In this note we have explored the connection between covert states
of affect of individuals, in terms of V/A dynamics, and their overt
interpersonal behaviour, instantiated via social participation dimensions. In the vein of [17], the empirical V/A stochastic trajectories

0.7

Dom inance
Agreem ent
Perform ance
Rapport
Engagem ent

0.6
0.5
ARD Weight s

d dimension. For high length scale values in a particular dimension, the covariance becomes almost independent of that input,
effectively removing it from the inference process [24]. As a consequence, the model is able to prune irrelevant dimensions, thus
giving rise to an automatic determination of the structure of the
regression model. The ARD weights, computed as η 2 /w2 , are automatically derived along the training procedure and provide an
overview about the importance of each feature (OU parameter) for
the regression/classification task, thus granting explainability and
interpretability to the inferential step [7].
In Fig. 2 the learned ARD weights are depicted. It can be noted
that the home base and the diffusion relative to the arousal dimension seems to be relevant for regressing the Engagement behaviour.
The arousal home base is relevant for the Dominance, while the
valence home base is relevant for the Agreement. These results are
consistent with those obtained from BLR (Table 2). Meanwhile, it
is worth noticing that although no statistically significant correlation was found in the BLR model between behaviour labels and
the drift parameter of the OU model (B matrix), the GPR finds a
strong relevance of such parameter for regressing the Agreement
behaviour.
For both BLR and GPR the prediction has been carried out using a Leave-One-Out testing procedure: the models are learnt on
the training set and tested on the held out example. The obtained
prediction is compared to the true one by computing the RMSE. In
Table 3 the average and standard deviation values of the RMSEs on
the held out examples are reported for both models. Notably, the
higher flexibility of the GPR produces slightly better results.

0.4
0.3
0.2
0.1
0.0
UA

UV

BAA

BAV

BVV

D AA

D AV

D VV

Figure 2: ARD weights after GPR training for the 5 social
behaviour labels. On the x axis the OU parameters: Arousal
home base (UA ), Valence home base (UV ), Drift in the V dimension (BV V ), Cross-correlation between drifts on the A
and V dimension (B AV ), Drift in the A dimension (BV V ), Diffusion in the A dimension (D AA ), Cross-Correlation of the
Diffusion on the A and V dimensions (D AV ), Diffusion on
the V dimension (DV V ). On the y axis the ARD weight value
learnt for each parameter.
have been captured by an input-output OU-SSM. Such trajectories
are likely to reflect the typical pattern of affective changes and
fluctuations that characterises an individual [17]. To such end we
have exploited the V/A time series that were collected in a public
dataset as the empirical result of a human-based attribution (labelling) process. By and large this setting is akin to the setting that
is likely to be handled when dealing with automated monitoring
and intervention tools in healthcare and well-being. Meanwhile
it differs from typical experimental setting adopted in studies in
the psychology field, where participants are asked to monitor their
core affect (or interpersonal behaviour) over days [17].
Yet, even in the setting considered here, results we have so far
achieved suggest that stochastic modelling of core affect dynamics
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Label
Dominance
Agreement
Performance
Rapport
Engagement

GPR
0.56 ± 0.5
0.5 ± 0.4
0.6 ± 0.52
0.9 ± 0.4
0.4 ± 0.28

BLR
0.58 ± 0.38
0.49 ± 0.34
0.72 ± 0.6
0.62 ± 0.54
0.49 ± 0.29

Table 3: Prediction results using Gaussian Process Regression (GPR) and Bayesian Linear Regression (BLR). Average
RMSEs and standard deviation on the held out examples are
reported.

highlights interesting relationships between parameters of stochastic variability in the core affect and social participation indexes.
In this preliminary inquiry we have straightforwardly used the
given V/A time series as the input to the inferential process. However, nothing prevents from inferring V/A trajectories from the
subjects’ measurable behaviour (either visible or not) and subsequently exploit the latter for social behaviour analysis. Indeed, in
recent years researchers’interest has been increasingly attracted by
the analysis of non-acted spontaneous emotions [8, 27]. Such effort
naturally calls for the exploitation of a continuous dimensional
space, because it is more suitable to frame the subtlety of complex
emotions [23]. Thus, a number of techniques have been developed
to such aim either in a classic end-to-end approach [8, 21, 23, 27]
and in the framework of generative, simulation-based accounts [2,
9, 11, 13, 14, 31].
This research trend is clearly relevant for affect-based systems
in healthcare and well-being, with special reference to robotics. For
instance, the above mentioned techniques can help socially assistive
robots to interpret affective human body language of the elderly
and their physiologically monitoring during one-on-one assistive
scenarios [5, 32]. This way a robot can utilize affect estimation
information in order to determine its own appropriate responsive
behaviours so to keep people engaged in a given activity. One
simple albeit significant example is providing cognitive and social
stimulation during meal-time scenarios [20].
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