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Abstract. Joint or shared attention is a fundamental cognitive ability, whichman-
ifests itself in shared-attention episodes where two individuals attend to the same
object in the environment. Network-orientedmodeling provides an explicit frame-
work for laying out this attentional process from the perspective of the individual
initiating the episode. To this end, we describe an adaptive network with two reifi-
cation levels and clearly explain the role of its states. We conclude with some
suggestions for extending this modeling work and thinking about the potential
use-cases of more developed models.

Keywords: Joint attention · Network model · Adaptive · Second-order

1 Introduction

Joint attention (or shared attention) is a cognitive ability or process that emergeswhen two
individuals attend to the same object in the environment in an overlapping time period,
provided they are also both aware of each other’s attentional state. This is referred to as
the “shared-attention episode”. Based on this, a shared-attention episode requires two
individuals (or agents), with one of whom acting as an initiator: the initiator drives the
shift in the gaze of their partner, effectively leading them to the object at the center of
the episode. Although joint attention has primarily been studied in the visual modality
(gaze behaviours: gaze leading, gaze response and monitoring) especially in its early
years, it is now understood and investigated as a multimodal phenomenon. Indeed, the
initiator may, for instance, support its gaze action with a hand gesture, e.g., pointing at
the object to further draw the partner’s attention. See also (Stephenson et al. 2021).

Joint attention is thought to be relatively important in social cognition and devel-
opment, and figures among the many factors that come into play in infant vocabulary
learning (Akhtar and Gernsbacher 2007) and social group maintenance (Manninen et al.
2017), for instance. The literature on infant development has shed light on the importance
of joint attention in social cognition, essentially revealing that it needs to be toned down:
indeed, early world learning can occur without joint attention, in typical and autistic
development, as well as in Williams and Down Syndrome (Akhtar and Gernsbacher
2007); at best, joint attention ought to be understood as a composite (not necessary and
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sufficient) phenomenon relating to social cognition, without which the latter can very
well emerge and develop.

However, this should not undermine the interest in describing and giving accounts
of joint attention. Rather, there is much interest in better understanding the complex
relationship between joint attention and social cognition, which, as we have described
above, is not straightforward. In this direction, the first step is to beginwith joint attention
alone. With this rationale, this paper aims to precisely lay out some key components that
make up a shared-attention episode, from the perspective of the initiator.

Particularly, we aim to create a computationalmodel of joint attention from the initia-
tor’s standpoint. To achieve this, we turn to network-oriented modeling, a computational
tool that enables the conceptualization and simulation of “inherently complex behav-
ior” (Treur 2020). Network-orientedmodelling is a useful framework to understand joint
attention because it enables themodeling of adaptive networks (i.e., networks with struc-
tures that are dynamic), and shared-attention episodes are dynamic in nature: indeed,
the attentional and action states (among others) of the two partners change over time
during the episode, with regard to connection strengths between states, for instance.
Adaptive networks from the network-oriented modeling literature are well-fit for the
conceptualization of the emergence of joint attention from the initiator’s perspective.

2 The Adaptive Modeling Approach Used

Although more details about network-oriented modeling can be found in Treur (2020),
some key components should be addressed before describing the adaptive network of
joint attention in the next section. Such networks have a “base level”, which can be
thought of as being the basic temporal-causal network itself. This level comprises “states”
or variable, where each variable symbolizes the occurrence of an event in the shared-
attention episode. Connections between variables indicate the direction of the causal
relationship between any two variables; they are further defined with weights. Adaptive
temporal-causal networks go a step further in that they incorporate higher-order levels,
where each additional level is adaptively changing some components of the lower-order
level. Most adaptive networks have one or two of these higher-order levels, also called
reification levels. This approach can be described as follows.

According to the network-oriented modeling approach described in (Treur 2020), a
network model is characterised by:

• connectivity characteristics
Connections from a node (or state) X to a node Y and their weights ωX,Y

• aggregation characteristics
For any node Y, some combination function cY (..) defines aggregation that is applied
to the single impacts ωX,YX(t) on Y through its incoming connections from states X

• timing characteristics
Each node Y has a speed factor ηY defining how fast it changes for given (aggregated)
impact
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The difference (or differential) equations that are useful for simulation purposes and
also for analysis of network dynamics incorporate these network characteristics ωX,Y ,
cY (..), ηY : it holds

Y (t + �t) = Y (t) + ηY
[
cY (ωX1,Y X1(t), . . . ,ωXk ,Y Xk(t)) − Y (t)

]
�t (1)

for any state Y and where X1, . . . ,Xk are the states from which it gets its incoming
connections. Examples of useful combination functions are:

• the simple logistic sum function slogisticσ,τ(..) defined by:

slogisticσ,τ(V1, . . . ,Vk) = 1

1+ e−σ(V1+...+Vk−τ)
(2)

• the advanced logistic sum function alogisticσ,τ(..) defined by:

alogisticσ,τ(V1, . . . ,Vk) =
[

1

1+ e−σ(V1+...+Vk−τ)
− 1

1+ eστ)

]
(
1+ e−στ

)
(3)

This function is obtained from the simple logistic sum function by subtracting its
value for sum 0 from it and rescaling the result for the [0, 1] interval.

The aforementioned concepts enable the design of network models, and their
dynamics, in a declarative manner based on mathematically defined functions and
relations.

Realistic network models are usually adaptive: their network characteristics often
are adapted over time. Therefore, their dynamics is usually an interaction (sometimes
called co-evolution) of these two sorts of dynamics: dynamics of the nodes (or states)
in the network (dynamics within the network) versus dynamics of the characteristics
of the network (dynamics of the network). Dynamics of the network’s nodes are mod-
eled declaratively by declarative mathematical functions and relations. In contrast, the
dynamics of the network characteristics traditionally are described in a procedural, algo-
rithmic nondeclarative manner, which then leads to a hybrid type of model. But by using
self-modelswithin the network, a network-oriented conceptualisation can also be applied
to adaptive networks to obtain a declarative description using mathematically defined
functions and relations; see (Treur 2020). This works through the addition of new nodes
to the network (called self-model states or reification states) which represent (adaptive)
network characteristics. Such nodes are depicted at a next level (self-model level), where
the original network is at a base level. These types of characteristics with their self-model
states and their roles are shown in Table 1.

This provides an extended network, called a self-modeling network. Like for all net-
workmodels, a self-modeling networkmodel is specified in a (network-oriented) declar-
ative mathematical manner based on nodes and connections. These include interlevel
connections relating nodes at one level to nodes on the other.
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Table 1. Different network characteristics and self-model states for them

Types of
characteristics

Concepts Notations Self-model states Role played by the
self-model state

Connectivity
characteristics

Connections
weights

ωX,Y WX,Y Connection weight
W

Aggregation
characteristics

Combination
functions
and their
parameters

cY (..)
πi,j,Y

Ci,Y
Pi,j,Y

Combination
function weight C
Combination
function parameter P

Timing
characteristics

Speed factors ηY HY Speed factor H

The outcome is also a network model (Treur 2020, Ch 10). This whole construc-
tion can be applied iteratively to obtain multiple self-model levels that can provide
higher-order adaptive networks, and is quite useful to model, for example, plasticity and
metaplasticity in the form of a second-order adaptive network with three levels, one base
level and a first- and a second-order self-model level; e.g., (Treur 2020), Ch 4.

To support the design of network models and simulation of them, for any application
from a library predefined basic combination functions bcfi(..), i= 1,..,m are selected by
assigning weights γi,Y ; the combination function then becomes the weighted average

cY (..) = (γ1,Y bcf1(..) + ... + γm,Y bcfm(..))/(γ1,Y + ... + γm,Y ) (4)

Furthermore, parameters of combination functions are specified, so that bcfi(..) =
bcfi(p,v) where p is a list of parameters and v is a list of values.

3 The Designed Adaptive Network Model for Joint Attention

Using the modeling framework introduced above, we designed a second-order adaptive
network to model the emergence of a shared-attention episode between two individuals,
from the initiator’s perspective. Table 2 summarises the states of the network model.
Below, we will explain the organization of the behaviour; see the graph at the end of
this section for a more holistic view of the network (for more clarity, we have added two
versions of the network: the top figure discards the top-down connection arrows, while
the complete version of the network is displayed in the bottom figure).

At the base level, we model the temporal-causal emergence of the shared-attention
episode, from the initiator’s perspective. The initiator perceives both the object o and the
person p in the environment, which leads to two separate sensory representations srso and
srsp. This causes the initiator to prepare and subsequently execute the action esa, which
represents the multimodal action of the initiator: e.g., the initiator could be looking at
their partner (gaze leading), while also pointing towards the object o. Then, this action,
which initiates the shared-attention episode, is thought to trigger a new world state for
the object o (wse) that leads to a new, and perhaps altered, sensory representation of o
for the initiator.
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The connection weights self-model states WX,Y influence connections at the base
level. The initiator’s sensory representation of their partner (dependent on their percep-
tion of the partner) ismodulated by their self-knowledge about the image of that partner p
(namedX13 orWimgP), be it conscious or unconscious; the corresponding idea is applied
to the object o (X19 or WimgO). Then, the link from this sensory representation to the
action preparation state (X7 or psa) is influenced by (1) the initiator’s knowledge about
their own (likely) response to that partner (X14 or WrepP), (2) the initiator’s (successful)
Theory of Mind (especially in the context of the partner’s mind) (X17 orWToM), and (3)
the extent of their social affiliation (whether, and to what extent, the initiator views the
partner as belonging to their group) (X18 orWAff2). Going from action preparation (X7)
to action execution (X8), we have included two W-states: (1) the initiator executes the
action depending on their tendency to proceed with the prepared action in this specific
environment (based on reward prediction/expectation) (X15 or WR), (2) as before, the
strength of social bonding/mirroring modulates the connection between action prepara-
tion and action execution, and can be thought of as a link from the preparation to the
execution (a moderate social affiliation - as perceived by the initiator - may be sufficient
to initiate action preparation but not develop into the actual execution of the action, for
instance) (X16 or WAff1).

Fig. 1. An adaptive network model of joint attention between two individuals: from the initiator’s
perspective

The speed factors (represented by second-order self-model H-states) in the network
can be briefly explained using this quote from Robinson et al. (2016, p. 2): Adaptation
accelerates with increasing stimulus exposure.Based on these assumptions, the adaptive
network model has been designed as shown in Fig. 1 (base level and downward causal
pathways) and Fig. 2 (all causal pathways).
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Fig. 2. An adaptive model of joint attention between two individuals: from the initiator’s
perspective (complete version)

Table 2. State names for the joint attention model with their explanations.

State nr State name Explanation Level

X1 wso World state for stimulus o (object) Base level

X2 sso Sensor state for stimulus o (object)

X3 srso Sensory representation for X = o
(object)

X4 wsp World state for stimulus p (partner)

X5 ssp Sensor state for stimulus p (partner)

X6 srsp Sensory representation for X = p
(partner)

X7 psa Preparation state for action a

X8 esa Execution state for action a: action a
is the instantiation action undertaken
by one of the partners (the initiator),
it can be multimodal, e.g. the initiator
is pointing at the object while turning
their head to gaze at the partner and
saying the label of the object (in order
to draw the partner’s attention)

X9 srse Sensory representation for X = e
(evaluation loop)

(continued)
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Table 2. (continued)

State nr State name Explanation Level

X10 wsa Following es_a, new world state for
stimulus o (object) via the initiator’s
reorientation of gaze from the partner
p to the object o again

X11 ssa Following es_a, new sensor state for
stimulus o (object)

X12 srsa Following es_a, new sensory
representation for X = o (object)

X13 WimgP Self-model state for connection
weight ωssp,srsp , i.e. one’s
self-knowledge about the image of the
partner (conscious or unconscious)

First-order
self-model level

X14 WrepP Self-model state for connection
weight ωsrsp, psa , i.e. one’s
self-knowledge of one’s response to a
partner

X15 WR Self-model state for connection
weight ωpsa,esa , i.e. one’s tendency
of executing prepared action a, based
on reward prediction

X16 WAff1 Self-model state for connection
weight ωpsa,esa , i.e. affiliation or
social bonding, similar to mirroring
strength and empathy (unconscious
process). See (Iacoboni 2007)

X17 WToM Self-model state for connection
weight ωsrsp psa , i.e. the initiator’s
Theory of Mind (conscious process).
See (Goldman 2006)

X18 WAff2 Self-model state for connection
weight ωsrsp psa , i.e. affiliation or
social bonding, mirroring strength
(unconscious process). See (Iacoboni
2007)

X19 WimgO Self-model state for connection
weight ωsso,srso , i.e. one’s
self-knowledge about the image of
the object (conscious or unconscious)

(continued)
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Table 2. (continued)

State nr State name Explanation Level

X20 HWimgP Second-order self-model state for
speed factor ηWssp,srsp for self-model
state WimgP

Second-order
self-model level

X21 HWR Second-order self-model state for
speed factor ηWpsa,esa for self-model
state WR

X22 HWAff1 Second-order self-model state for
speed factor ηWpsa,esa for self-model
state WAff1

4 Simulation Results

In this section, we describe the resulting simulation plot we obtained using the following
hyperparameters: Endofsimulation=40, dt=0.5.Using the adaptive networkMATLAB
template with the role matrices specified in detail in the Appendix at URL https://www.
researchgate.net/publication/356195174, we ran the script and obtained the simulation
plot shown in Fig. 3. For more clarity, in that Appendix there are some shots of the
simulation plot with only a few states at a time.

Fig. 3. Simulation results

https://www.researchgate.net/publication/356195174
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5 Discussion and Future Perspectives

We will begin this section with some considerations about the simulation plot shown
previously. Here, we expect all states to have increased activation levels over time: what
matters most is the order of such increase (i.e., what state activity precedes what other
state). Let’s summarise these below:

• For the base level states, we do have that the activation of the world stimulus precedes
that of the sensor state and the sensory representation, for both the object o and the
person p

• Following the states above, the activation of the preparatory state comes into the
picture

• Shifted to the right (relative to other previous states), we see the three states associated
with the new sensing and representation of the object o (X9, X10, X11)

• Compared to other W states, the activity levels of WimgP (X13),WR (X15) andWAff1
(X16) increasemore over time: this is expected since they received positivemodulation
from the H states at the second reification level.

• As expected, the H-states have higher activation levels than all other states.

Finally,wewill nowconsider someways inwhich the network above canbe improved
(Extension) and used in the future (Future Use).

Extension Options
• a network that models the exact temporal dynamics of shared-attention episode, e.g.,
with the flexibility of having the initiator perceive the object or the person with an
offset etc. Here, it is assumed that they are both perceived in parallel.

• a more fine-grained modelisation of the multimodal behaviour of the initiator (where
the multimodal behaviour drawing the attention of the partner is not reduced to a
single state esa)

• a network with loops, where the sensory representation of the person p may, for
example, influence the new sensory representation of the object o (wsa, ssa and srsa)

• a network from the perspective of the partner
• better than the above: an interactional network, which models both the initiator and
their partner (e.g., the gaze response of the partner, etc.)

Future Use
Modeling what happens in a shared-attention episode is useful in better understanding
how joint attention arises between two individuals. It is of particular interest to do so
using the network-oriented modeling approach in order to capture the dynamics of the
episode, namely what event causes another event, when and with how big of an impact.

A precise network model of joint attention would be of interest to the developmental
psychology field (especially looking at typical and atypical development). For instance,
joint attention is relevant to research investigating development (e.g., lexical with world
learning), and in the realm of autism spectrum disorder in children. Other aspects of
social cognition and social psychology, such as idea sharing, are also intertwined with
the emergence of joint attention.
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