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ABSTRACT

Several theories have been proposed about the default configuration of the brain's networks underlying unisensory and multi-
sensory processing abilities and the development of multisensory integration during childhood. Recent empirical findings from
animal models and behavioral data collected from typically developing (TD) children and children with autism spectrum disor-
der (ASD), however, are consistent with the idea that in the immature brain, prior to systematic cross-sensory exposures typically
encountered in everyday life, the individual sensory systems interact in a competitive manner. Which neural architecture and
mechanisms best describe the brain's naive configuration are still unknown. To fill this gap, this study investigates how sensory
modalities interact in the young brain by comparing the predictions of two alternative biologically plausible neuro-computational
models to empirical data. The neural substrates responsible for the altered development of multisensory integrative processes
observed in ASD children are also investigated. Linking the framework suggested by empirical data to a plausible neural imple-
mentation, our results challenge the classical notion of cross-sensory brain organization at birth, whereby the various sensory
pathways do not initially interact. Instead, we suggest that direct inhibitory interactions between sensory modalities are taking
place in the immature brain, and we suggest that these inhibitory interactions play a crucial role in the altered multisensory
perceptual abilities of children with autism.

1 | Introduction Pinker 2010). Central to the orchestration of the intricate spec-

trum of these functions is multisensory integration (MSI), the
The intricate symphony of human behaviors, movements, ability of the neural architecture to integrate sensory infor-
executive functions, language, and social interactions relies  mation from different modalities. This capacity enables us to
on intact perceptual functioning (Foxe et al. 2015; Kolb 1984; navigate and make sense of our environment, influencing not

Abbreviations: ASD, autism spectrum disorders; ISI, inter-stimulus-interval; MRE, multisensory response enhancement; MSI, multisensory integration; RT, reaction
time; TD, typically developing; TWI, temporal window of integration.
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only basic sensory processing but also higher order cognitive
functions, thereby shaping our interactions with both the social
and physical world.

Given its essential role in such a wide array of brain functions,
understanding the neural mechanisms underlying MSI is key to
comprehending brain function. This includes examining how
integrative mechanisms are in their default configuration at
birth and how integrative abilities are acquired across develop-
ment and the lifespan.

Experimental findings in both humans and animals show
that multisensory integration is immature at birth and follows
a protracted developmental trajectory, often extending into
adolescence (Brandwein et al. 2011; Burr and Gori 2012; Crosse
et al. 2022; Lewkowicz and Ghazanfar 2009; Ross et al. 2007,
2011). Moreover, the development of such processes depends
crucially on the specific sensory experience with cross-modal
cues (Bahrick and Lickliter 2000; Carriere et al. 2007; Rowland
et al. 2014; Wallace 2004; Wallace and Stein 1997; Xu et al. 2014;
Yu et al. 2010). For example, studies that have systematically
manipulated or compromised early sensory cues (e.g., by rearing
animals in darkness or omnidirectional masking sound) found
a correlation between the emergence of integrative abilities and
the specific sensory experience perceived during the maturation
process (Carriere et al. 2007; Wallace 2004; Xu et al. 2014; Yu
et al. 2010). This is likely due to the fact that optimal integra-
tion relies on extensive engagement with, and is shaped by, the
sensory environment, as well as sensory-driven developmental
changes in neural architecture and connectivity (e.g., Merabet
and Pascual-Leone 2010).

While significant progress has been made in understanding how
the environment shapes the development of MSI abilities, much
less is known about how changes in the brain's architecture con-
tribute to the acquisition of these abilities. To address this fun-
damental question, the present work will extend computational
frameworks of MSI that we have developed to test possible neu-
ral mechanisms (1) characterizing the immature architecture of
multisensory processing, (2) how this differs from the mature
configuration, and (3) how it differs in ASD compared to typi-
cally developing (TD) children.

Seminal work on MSI has illustrated that for neural integration
or behavioral facilitation to occur, the constituents of a cross-
sensory stimulus must onset within a narrow temporal window—
approximately 200 ms—though this window can vary for different
stimuli (e.g., briefer windows for simple punctate stimuli and
longer windows for complex stimuli such as audiovisual speech)
(Diederich and Colonius 2015; Mégevand et al. 2013; Meredith
et al. 1987; Miller et al. 2015; Stein and Meredith 1993; Stevenson
et al. 2012; Stevenson and Wallace 2013; van Eijk et al. 2008;
Vatakis and Spence 2006). Cross-sensory switch effects occur
when the interval between sensory components exceeds this TWI,
with behavioral costs for trials preceded by a stimulus in a differ-
ent sensory modality versus trials in which the sensory modality
repeated (Barutchu and Spence 2021; Crosse et al. 2022; Shaw
et al. 2020; Spence et al. 2001; Vanneau et al. 2025).

Recently, Crosse et al. (2022) examined the development of
MSI and cross-sensory switch costs in children using a simple

reaction time (RT) task with stimuli presented in random order
and varying stimulus onset asynchronies between 1 and 3s.
They found that, in younger children (~6years old), consecutive
stimuli from different sensory modalities interacted competi-
tively. Moreover, they described the maturation of multisensory
interactions in children for temporally aligned multisensory
stimuli, specifically identifying a state of competition between
sensory modalities in younger children (~6years of age), which
turns to facilitation over the course of development.

This finding aligns with Yu et al. (2019) animal model: Using
auditory and visual stimuli to test the integrative abilities of mul-
tisensory neurons in adult cats raised in the dark, the authors
found that spatiotemporally concordant audiovisual stimuli
failed to evoke enhanced neural responses and instead led to
response suppression. In this case, integrative responses only
appeared after extended experience with congruent multisen-
sory AV stimuli. Although care is needed in interpreting these
findings in a developmental context (since they were acquired
from the mature brain), they suggest that interactions across the
sensory systems initially involve competition, which later shifts
to facilitation with increased multisensory experience (typically
during early development).

Moreover, Crosse et al. (2022) showed that such transi-
tion is delayed in children with autism spectrum disorders
(ASD). This finding is in agreement with a wide cohort of
previous scientific studies, demonstrating that multisen-
sory processing is often impaired in ASD individuals, with
improvements in their ability to integrate sensory infor-
mation occurring more slowly compared to their TD peers
(Beker et al. 2018; Brandwein et al. 2013; Cuppini et al. 2017;
Foss-Feig et al. 2010; Foxe et al. 2015; Stevenson et al. 2012;
Stevenson, Segers, et al. 2014; Stevenson, Siemann, Schneider,
et al. 2014; Stevenson, Siemann, Woynaroski, et al. 2014;
Taylor et al. 2010; Wallace and Stevenson 2014). Importantly,
these studies also suggested that these impairments are
related to atypical neural development of multisensory pro-
cessing mechanisms (Foxe et al. 2015), which may arise from
atypical sensory experiences with cross-modal cues (Cuppini
et al. 2017).

Despite extensive research into the development of MSI, much
remains unknown about the neural mechanisms underlying the
default competitive configuration of multisensory processing,
how the brain handles stimuli at varying temporal discrepancies,
and how experience shapes the neural architecture involved. In
our neurocomputational model (Cuppini et al. 2020), we iden-
tified plausible neural mechanisms that influence the TWI,
providing insight into cross-modal interactions in the mature
brain. In this study, we extend this computational framework
to explore (1) the mechanisms characterizing the default archi-
tecture of sensory processing, (2) how these mechanisms differ
between children and adults, and (3) how children with ASD
differ from their TD peers.

2 | Materials and Methods

Here, to test possible neural mechanisms characterizing multi-
sensory interactions in young children and how these change
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over development, we used neurocomputational modelling to
compare two distinct synaptic architectures simulating chil-
dren's behavior based on data reported in Crosse et al. (2022).
The two model architectures and the implemented mechanisms
are described qualitatively. The formal mathematical descrip-
tion of the model, including all equations, is provided in the
Supporting Information together with criteria for parameter
assignment and parameter values (see Table S1).

Unless otherwise specified, throughout the manuscript, we use
the terms competition and facilitation to refer to behavioral out-
comes (i.e., changes in RTs), and not to neural responses. This
is consistent with the scale of our model, which operates at the
mesoscale, where each model unit represents the activity of an
entire ensemble of neurons and where simulated outputs are
intended to reflect behavioral performance rather than single-
unit neural responses.

2.1 | The Neuro-Computational Model
2.1.1 | Architecture

The original model (Cuppini et al. 2020) was developed to sim-
ulate the behavioral task implemented by Crosse et al. (2022),
which builds upon the seminal work of Molholm et al. (2002).
This model focuses on multisensory interactions in the time
domain: Subjects were required to respond as fast as possible
to auditory and visual stimuli, alone or combined, presented in
a random sequence, with an inter-stimulus-interval (ISI) vary-
ing between 1 and 3s. Given the experimental set-up of Crosse

et al. (2022), we did not require either multiple units sensitive to
different spatial positions in each sensory area, as implemented
in our previous neurocomputational models (Cuppini et al. 2012,
2014, 2017, 2018; Cuppini, Magosso, et al. 2011; Cuppini, Stein,
et al. 2011; Magosso et al. 2012; Ursino, Crisafulli, et al. 2017;
Ursino, Cuppini, et al. 2017; Ursino et al. 2019) nor did we need
multiple sensory regions sensitive to different input features,
as necessary to realize semantic memory models (Cuppini
et al. 2009; Ursino et al. 2009, 2010, 2011, 2018). Therefore, in
the model, each region was simulated with a single neural ele-
ment for simplicity.

The model structure consists of three layers (Figure 1). The
first layer, called the “input layer,” represents the primary uni-
sensory auditory and visual areas (A and V in Figure 1), which
are activated by external stimuli of the corresponding sensory
modalities (I§ and I}, respectively) and provide the first sensory
processing step in this simplified model. The onset, duration,
and presentation rate (ISI) of the stimuli were chosen to mimic
the experimental setup of Crosse et al., whose data are compared
to our model results. Specifically, external stimuli are excitatory
inputs with an assigned efficacy, and a duration of 60ms, pre-
sented at a mean rate of one every 2s (the mean ISI in Crosse
et al.'s experiment), with an ISI ranging from 1 to 3s.

The “control layer” (I, and I, in Figure 1) implements a cross-
sensory competition between the two sensory modalities when
stimuli are presented sequentially: modality-specific inhibi-
tory interneurons produce a long-lasting inhibition of the input
region processing external inputs of the other sensory modality.
It is worth noting that, since the dynamics of this mechanism
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FIGURE 1 | Two alternative model's structures. (A) The competitive default configuration (simulating subjects of 6-7years of age). A and V
represent the auditory and visual regions, responsible for the first sensory processing, and implementing the input layer. They exchange direct

inhibitory synapses, implementing a cross-modal competition. M is the multisensory output region. It is responsible for generating simulated reaction

times (RTs) to the external stimuli. I_a and I_v are unimodal inhibitory areas, excited by the input layer and implementing a control mechanism

via feedback inhibitory synapses and a winner-takes-all dynamics. (B) The independent default configuration. Its synaptic architecture differs for

the absence of cross-modal synapses (W_av, W_va), so the model does not have direct interaction among sensory modalities. Red lines represent

excitatory connections; blue lines represent inhibitory synapses.
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are slow, the processing of the current stimulus is affected by the
previous one, when of the opposite sensory modality.

Finally, the third layer, a multisensory output area (M in
Figure 1), is used to mimic the behavioral responses (RTs) of sub-
jects to external stimuli: the elicited activity in the output region
is compared with a fixed threshold, ¢ (10% of the maximum
neurons’ activity), to evaluate the simulated RTs, computed as
the time interval between the instant of input presentation and
the instant when the evoked activity in the output area reaches
the threshold.

2.1.2 | Connectivity and Implemented Mechanisms

The two input regions send long-range excitatory projections,
W,. and W, to the read-out multisensory layer (M region),

my?

characterized by fast dynamics.

Additionally, neural elements belonging to the input layer send
excitatory synapses (W,, and Wj) towards the modality spe-
cific inhibitory areas (I, and I,) of the control layer. This layer
implements a winner-takes-all mechanism by means of recipro-
cal inhibitory synapses, L,, and L,,, and the “winning” sensory
modality exerts an inhibitory effect on the incoming stimulus of
the opposite modality (if present), through feedback inhibitory
synapses, L, and L,. These synaptic connections are character-
ized by a slow dynamic, thus resulting in a long-lasting inhibi-
tory effect, mediating a cross-sensory competition characterized
by a long-lasting slower dynamic, imposing its inhibitory effect
on the following input.

Model parameters were manually tuned to qualitatively repro-
duce the key patterns observed in the empirical data reported
by Crosse et al. (2022) for the 6- to 7-year-old group. In order to
balance biological plausibility and empirical validity, parameter
tuning was guided by constraints from the literature (e.g., known
sensory latencies and activation dynamics), as well as prior mod-
elling studies using similar architectures (Cuppini et al. 2012,
2018; Cuppini, Magosso, et al. 2011; Magosso et al. 2012; Ursino,
Cuppini, et al. 2017). To ensure that the final parameter set
did not simply overfit one specific dataset or configuration, we
validated the model on additional experimental paradigms (as
detailed in Section 2.2). In particular, we tested the model's abil-
ity to account for behavioral effects under different ISI values
and across inter-individual variability, demonstrating that it
could robustly capture the modulation of modality switch costs
without further tuning.

2.1.3 | Alternative Structures

As stated above, to identify the mechanisms that may charac-
terize an initial state of sensory processing, one that is subse-
quently altered based on systematic multisensory experiences,
we tested two alternative hypotheses. In the first case, the
“Independent default configuration” (Figure 1B), the model
provides independent processes for the two sensory modalities.
The underlying architecture is the one described above, where
the sensory modalities interact through the inhibitory feedback,
characterized by a slow temporal dynamic, and at the level of the

output region, M, receiving the feedforward projections from
the unisensory input regions.

The second implementation, the “Competitive default configura-
tion” (Figure 1A), instead, presents the same synaptic structure,
but in addition, the auditory and visual areas are reciprocally
connected via cross-modal inhibitory connections, W,, and W,,,
characterized by fast dynamics. With such a structure, in the
case of a multisensory stimulus, the input regions mutually sup-
press one another, resulting in a fast competition between the
two sensory modalities.

2.2 | Assessment of Network Performance

To discriminate between the two alternative architectures of the
network and decide which one is the more suitable to be imple-
mented in the model to simulate the default configuration and to
best reproduce and explain the empirical data, we performed an
analysis of the results obtained by Crosse et al. (2022). More spe-
cifically, we analyzed the case of Repeat and Switch conditions,
for unisensory and multisensory stimuli, only for the subpop-
ulation of children of 6-7years of age, in TD and ASD popula-
tions. We focused on this age group because it was the youngest
analyzed by the researchers, so that it is the closest to the default
configuration of the brain's circuits. Then we compared these
results with the simulated results obtained with both models.

To test and compare the network's behavior in the two possible
configurations and identify the most likely structure, we ran sev-
eral simulations, presenting sequences of unisensory (auditory-
alone and visual-alone) and multisensory stimuli (audiovisual
inputs) with an ISI of 2000 ms (the mean value of those utilized
in Crosse's paradigm). Simulated RTs were computed as the
time interval between the instant of input presentation and the
instant when the evoked activity in the output area reached
the threshold. These results were analyzed separately based on
the respective input modality. Furthermore, we discriminated
between “Repeat” trials (the preceding stimulus belonged to
the same sensory modality) and “Switch” trials (the preceding
stimulus was of a different sensory modality). The inputs used
in each repetition, for each stimulus condition, were randomly
chosen from a uniform distribution in order to replicate the
within-subject variability of sensory stimuli in a real environ-
ment. This has been obtained by adding a noisy component to
the mean value of the auditory and visual stimuli, generated
from a uniform distribution with zero mean and maximum and
minimum bounds equal to + an assigned percentage of the basal
value (i.e., I=I,+noise%-I, with noise% as high as the 20% in the
simulations). Therefore, for every stimulus configuration, first,
we computed the mean RTs, obtained from 100 simulations with
the same input condition, then, we compared these model's RTs
with the RTs from the 6- to 7-years-of-age population in Crosse
et al. (2022).

To quantitatively assess which of the two network architectures
better accounts for the empirical data, we computed the mul-
tisensory response enhancement (MRE) for both the experi-
mental and simulated RTs. MRE provides a normalized index
of intersensory facilitation (or inhibition) and is conceptually
analogous to neurophysiological measures of multisensory
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enhancement at the neuronal level—typically defined as the
increase in a neuron's response to a multisensory stimulus
relative to the response to the most effective unisensory input
(Anastasio et al. 2000; Diederich and Colonius 2004; Meredith
and Stein 1986). MRE was computed as

in (RT, ) — RT
MRE = ( . AQ 2 % 100 @
min (RT, )

where RT,, RTy, and RT,, refer to the observed mean RTs to
auditory, visual, and audiovisual stimuli, respectively. The term
min (ﬁA,V) thus represents the fastest unisensory mean RT.
MRE was computed separately for repeat and switch conditions
for both ASD and TD, using the corresponding mean RTs for
each condition and for each population.

2.3 | Model Validation

A neurocomputational model is useful to the extent that it bridges
and explains several phenomena. Simply stated, to be utilized to
generate testable predictions and suggest new experiments, the
model needs to be validated. For this reason, once we identified
the more plausible neural architecture to explain the default con-
figuration of sensory interactions, we validated our network by (i)
manipulating the ISI and (ii) introducing inter-subject variabil-
ity. These manipulations allowed us to simulate changes in the
experimental setup and account for individual differences among
participants, respectively. To assess whether the model could gen-
eralize to these new conditions without further parameter tuning,
we compared its predicted RTs to the empirical RTs reported by
Crosse et al. (2022).

We examined the effect of ISI by varying it randomly between
1 and 3s, the two extremes used in the original experiment by
Crosse and colleagues. In a first set of simulations, referred to
as the “Short ISI” condition, we sampled ISIs from a uniform
distribution ranging from 1 to 1.5s, thus presenting the model
with stimuli occurring closer in time than the average ISI. In a
second set, the “Long ISI” condition, ISIs were sampled from 2.5
to 3, presenting the model with stimuli spaced further apart in
time than the mean ISI. The duration of the ISIs was modified
in the case of Repeat and Switch conditions for both unisensory
and multisensory stimuli, and the predicted RTs were compared
with the empirical RTs.

To simulate inter-participant variability, that is, the behavioral
differences among the individuals involved in the Crosse ex-
periment, we introduced a further noise component to the pa-
rameters describing the different architectural mechanisms
implemented in the model. Specifically, a noisy component was
introduced on the feedforward synapses. To do so, the effective-
ness of these synapses was generated from a uniform distribu-
tion on open interval from zero to a maximum value, higher than
the basal synaptic strength of these connections (for TD partic-
ipants: W,,,, =[0-6], W,,, = [0-16]; for ASD: W,,,, =[0-3], W,,, =
[0-8]). Each value of this parameter can be considered represen-
tative of a different simulated individual. Similarly, a change in
the effectiveness of inhibitory feedback synapses was realized
by adding a random component to their basal value. In this case,

the noisy component was generated from a uniform distribution
with zero mean and maximum and minimum bounds equal to +
an assigned percentage of the basal value (i.e., L =*noise%-L,,,
with noise% =50%). Each value of this parameter can be con-
sidered representative of a different simulated participant. As
described before, for each simulated participant, we evaluated
mean RTs for every stimulus configuration (unisensory/multi-
sensory and repeat/switch conditions), over 100 presentations.

2.4 | ASD Simulations

As discussed above, ASD subjects integrative abilities mature
later in life. Since one of our aims was to estimate which
architectural mechanism differs, and how it differs, in this pop-
ulation, we ran several simulations, testing the network in its
default configuration, selectively modifying different parame-
ters. For each parameter’s configuration, we replicated the same
simulations described above, analyzing the behavior of the
model for unisensory and multisensory stimuli, in the Repeat
and Switch conditions, and then we compared these results with
the youngest ASD children's data. Once we defined the new set
of parameters simulating the ASD population, we analyzed the
differences between TD and ASD simulated conditions to iden-
tify the altered mechanisms in the latter.

3 | Results

In the following section, we present the results we obtained
from these simulations. We have structured this section in a
way that reflects its sequential nature, detailing each step we
carried out, and elucidating how each step influenced the sub-
sequent one. Overall, our findings shed light on (i) the synaptic
arrangement most likely to implement the default configuration
suggested by the empirical results; (ii) how this configuration
differs from that observed in adults; and (iii) how children with
ASD differ from their TD peers. In addition, validating the mod-
el's ability to generalize across conditions allowed us to explore
how it handles temporal disparities between auditory and visual
inputs and which mechanisms may account for observed inter-
individual variability in behavioral responses.

3.1 | Data Analysis From Crosse et al.'s
Experiment (2022)

As can be seen in Figure 2, comparing unisensory and multisen-
sory conditions, RT data do not show a multisensory behavioral
facilitation for the 6- to 7-years-of-age group. Indeed, responses
(RTs) were not faster in the multisensory condition compared to
the unisensory case. Interestingly, in TD children (Figure 2), RTs
in the multisensory repeat trials were comparable to those in the
visual repeat condition, which was the fastest unisensory repeat
condition. ANOVA with factor of condition (switch vs. repeat)
revealed no significant differences between the RTs in the case
of repeat AV and repeat V (F1/52=1.34, p=0.25). Similarly, in
ASD children (Figure 2), RTs in the multisensory repeat trials
were comparable with RTs in the fastest unisensory repeat con-
dition, which was the auditory one for this group (F1/34=1.79,
p=0.19). Moreover, for both groups, multisensory switch RTs
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FIGURE 2 | Analysis of unisensory and multisensory RTs for both TD and ASD children of 6-7years of age. In TD children of 6-7years of age,

RTs in the multisensory repeat trials were comparable with RTs in the visual repeat condition. In ASD children of 6-7years of age, RTs in the mul-

tisensory repeat trials were comparable with RTs in the auditory repeat condition. It is evident that multisensory RTs were not faster than the faster
of the unisensory conditions, but exactly comparable to it. Moreover, the AV switch condition is the most favorable condition, producing the fastest
responses. Vice versa, in TD and ASD adults, AV repeat and switch present comparable RTs, which are faster than any other unisensory condition.

are numerically faster than the RTs in the multisensory repeat
condition, even if not statistically relevant (F1/52=8.82x 1074,
p=0.98 for TD and F1/34=0.16, p=0.69 for ASD). This is not
true for the unisensory conditions, where, for both groups, uni-
sensory repeat is always faster than the unisensory switch con-
figuration. Although these differences did not reach statistical
significance, the trend was consistent across modalities and
groups. In the TD group, RTs were faster in repeat compared
to switch trials both for auditory stimuli (F1/52=1.83, p=0.18)
and visual stimuli (F1/52=2.43, p=0.13); similarly, in the ASD
group, repeat trials elicited numerically faster responses than
switch trials for both modalities (auditory: F1/34=0.81, p=0.38;
visual: F1/34=0.39, p=0.54).

These results, paired with the synaptic architecture and the neu-
ral mechanisms underlying the Modality Switch Effect, iden-
tified previously (Cuppini et al. 2020), suggest that in the AV
repeat condition, participants did not present any multisensory
benefit; the preceding stimulus elicits a greater inhibition than
the AV switch configuration.

Contrasting children's RT data with adult RTs obtained from
the same experimental paradigm (Figure 2), a similar pattern
emerges in unisensory trials across both groups, while the
behavior in multisensory conditions differs markedly. Indeed,
although absolute RTs are considerably slower in children com-
pared to adults, both groups exhibit a modality switch effect in
unisensory trials: repeat trials elicit faster responses than switch
trials in children (F1/178=2.54x1072, p=5.08) and in adults
(F1/386=1x10"%, p=15). However, only in the adult age-group

does the AV repeat condition yield the overall fastest RTs (faster
than all the unisensory RTs, F1/289=7x 1074, p=11.81), with
AV switch trials producing RTs comparable to the AV repeat
configuration (F1/192=0.66, p=0.19). This would suggest that
while unisensory processing does not differ between children
and adults, for both switch and repeat, the ability to process
multisensory input matures and changes substantially with age,
suggesting that learning is occurring to integrate and exploit
multisensory information.

3.2 | Comparison Between Different Neural
Architectures and Mechanisms

These observations led us to implement and test two alterna-
tive model configurations (Figure 1) to explore the best fit for
the children's data. In the “Independent default configura-
tion” (Figure 1B), the two unisensory pathways do not interact
reciprocally, as described in Section 2. In this way, the uni-
sensory components of a cross-sensory event are processed
separately, as the model is characterized by independent
unisensory processing, and multisensory integration occurs
at the level of the output region M. The “Competitive default
configuration” (Figure 1A), instead, differs from the previous
one for the presence of direct inhibitory connections between
the unisensory input regions, implementing an early cross-
sensory competition. In this case, sensory modalities interact
as soon as the early stages of sensory processing, in a competi-
tive manner, and then converge to the output layer, where they
are integrated.
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TABLE1 | MRE values for experimental and simulated data across conditions.

Competitive model Independent model

Empirical data configuration configuration
MRErp, repeat 8.5-107! 29 11
MREq1p,  switch 16 15 21
MREsp,  repeat 31-107 4.7 13
MRE4sp, switch 17 17 25

Note: MRE values are reported separately for repeat and switch trials and for TD and ASD groups. For simulated data, values obtained from both the Independent and

Competitive network architectures are shown.
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FIGURE3 | Comparison between the two architectures and empirical data. Cross-modal competition: the model implementing direct inhibitory
synapses between the unisensory input regions is able to reproduce the empirical RTs from Crosse et al. (2022) in every stimulus configuration, for

TD and ASD populations. In this configuration, the RTs in multisensory repeat and switch trials were comparable with RTs in the visual repeat con-
dition. No Cross-modal Interaction: the model without direct inhibitory competition is able to reproduce the empirical RTs from Crosse et al. (2022)
only in case of unisensory conditions, but in case of multisensory stimuli it produces faster RTs than the experimental results.

To quantitatively compare the two network architectures in
reproducing empirical data, we computed the MRE index for
each experimental condition, both for the empirical RTs and for
the RTs simulated by the two model configurations (Table 1).
The results show that the Competitive configuration consis-
tently provides MRE values closer to the empirical data than
the Independent configuration. In the TD group, the empiri-
cal MRE was very low in the repeat condition (8.5 - 107, and
the Competitive model reproduced this pattern more accu-
rately (2.9) than the Independent model, which overestimated
the enhancement substantially (11). In the switch condition,
both models produced values close to the empirical MRE (16),
although the Competitive configuration remained slightly more
accurate (15 vs. 21). A similar trend was observed in the ASD
group. In the repeat condition, the empirical MRE was again
very small (3.1 - 1071), closely matched by the Competitive model
(4.7), while the Independent model largely overestimated the
effect (13). In the switch condition, both models approximated
the empirical MRE (17), but the Competitive model again pro-
vided a more accurate estimate (17 vs. 25).

As shown in Figure 3, both architectures did a good job of
reproducing the empirical results in the unisensory stimu-
lations: The simulated RTs are comparable to the data from
Crosse et al. (2022) both for repeat and switch unisensory con-
ditions. This is true for the simulated TD and ASD populations.

Nevertheless, only the “Competitive default configuration” is
able to reproduce the multisensory AV conditions. On the other
hand, the “Independent default configuration” failed to simu-
late the empirical TD and ASD data because it predicts faster
RTs both in the case of AV repeat and AV switch input config-
urations. As shown in Figure 4B, this latter result is the direct
consequence of integration at the level of the output region M.
When different senses are stimulated, this region receives con-
verging feedforward synapses from the unisensory regions,
carrying the results of the independent processing of the uni-
sensory components, thus bringing together the inputs. This
drives a higher response than the unisensory condition, thanks
to the non-linear function simulating the integrative mecha-
nism. Thus, even if, in the input layer, the unisensory process-
ing is carried out independently for different sensory modalities,
its result would be combined and integrated at the level of the
output region, producing a beneficial effect compared to the uni-
sensory case.

In turn, the reason why only the “Competitive default configu-
ration” (Figure 4A) was able to simulate and explain the behav-
ioral data is the early cross-sensory competition, implemented
through the direct inhibitory synapses between the unisensory
input regions. In this configuration, the cross-sensory com-
petitive mechanism (mediated by the inhibitory cross-sensory
synapses and affecting early sensory processing) balances the
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FIGURE4 | Contribution of input components on the stimulation of unisensory auditory and visual regions. (A) Cross-modal competition. In the
case of unisensory repeat (A1 — A2 in this case) the activity elicited in the output region (colored part of the sigmoidal function) is only determined
by the contribution of the unisensory input (green arrow). In the case of multisensory repeat (A1V1 — A2V2), three inhibitory contributions are
subtracted from the activity elicited in the M region by the A2V2 stimulus (violet arrow). Indeed, in this condition, two long-term inhibitory contri-
butions (light violet arrows), that is, that of A1 on the processing of V2 and that of V1 on the processing of A2, come to play. Moreover, also the rapid
crossmodal competition between A2 and V2 (dark shaded violet arrow) is present. In the unisensory switch condition (V1 — A2 in this case), the
first stimulus (V1) brings in an inhibition (light green arrow), which acts on the processing of the incoming stimulus (A2), thus reducing the activity
elicited in the M region. In the multisensory switch condition (V1 — A2V2 in this case) the situation is similar to that described in the multisensory
repeat condition, but only one long-term inhibitory contribution (that of V1 on A2) is present. (B) No cross-modal interactions. In this case, because of
the absence of cross-modal competition, the activity elicited in the output region is higher in the multisensory repeat condition than in the unisensory
repeat condition. Multisensory repeat RTs would be faster compared to the unisensory repeat RTs (the shaded grey area represents the difference
between the activation level achieved in the two conditions), which is in contrast with the experimental RTs data. Similarly, also the RTs in the mul-
tisensory switch condition would be facilitated compared to the unisensory case, which is not in agreement with the empirical RTs.
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integration occurring in the M region (mediated by the excit-
atory feedforward connections projecting onto it), nullifying
any multisensory facilitation, as shown in Figure 4A. In this fig-
ure, results in unisensory and multisensory repeat and switch
conditions are compared and explained in terms of the inputs
contributions to the elicited activity in the output area. In the
case of unisensory (A) repeat, the activity is produced only by a
single excitatory contribution, A, coming from the auditory sen-
sory processing in the corresponding input region. In the case
of AV repeat, instead, the overall contribution to the output is
given by (1) the excitatory effect of the multisensory input com-
ponents, A and V, (2) the inhibition produced by the direct cross-
sensory synapses between the input regions (“cross-sensory
inhibition” in Figure 4), and (3) the contribution of inhibitory
feedback from the unisensory interneurons, generated by the
preceding AV input (“Long-term inhibitions” in the figure).
The two inhibitory contributions balance out the integration
of the unisensory components in area M, so that the response
of the network in the case of AV repeat is equivalent to the uni-
sensory repeat condition. In the case of AV switch, since the
preceding input is unisensory, in the network there is only one
“Long-term inhibition,” and not two as in the AV repeat. This
reduces the inhibitory components, generating an overall higher
excitation targeting the output region and eliciting a correspond-
ing faster RT. All of these balancing effects are missing in the
“Independent default configuration.”

3.3 | Model-Based Characterization of TD and ASD
Differences

Stronger cross-sensory inhibition emerged as a necessary fea-
ture of the network architecture when tuning model parame-
ters to fit the ASD group, suggesting increased cross-modal
competition as a distinguishing characteristic of the default
sensory configuration in ASD. Although no statistically signif-
icant differences were observed between the audiovisual RTs
of TD and ASD children, it was not possible to reproduce the

behavioral profiles of both groups using a single, shared set of
model parameters. Instead, adjusting only one key parameter—
the strength of cross-modal inhibitory projections—allowed us
to capture both unisensory and multisensory RTs across the two
populations.

3.4 | ISIEffect and Inter-Subject Variability

Figure 5 shows the results obtained for the TD group when
manipulating the temporal discrepancies between the stimuli. We
analyzed the model's behavior when stimuli were (1) closer in time
than the mean ISI, with an ISI randomly selected from a uniform
distribution between 1 and 1.5s (Short ISI), and (2) distant in time
more than the mean ISI, with ISIs chosen randomly between 2.5
and 3s (Long ISI). As shown in Figure 5, the model satisfactorily
reproduces the two conditions. These results confirm those previ-
ously identified in adult populations (Cuppini et al. 2020): The pre-
ceding input exerts an inhibitory effect on the following one. This
inhibition lowers for increasing temporal discrepancies (longer
ISIs), since it is mediated by inhibitory feedback projections char-
acterized by a slow dynamic, as discussed in our previous paper.

For clarity and brevity, only results from the Competitive config-
uration for TD children are presented in the main text. Results
for the ASD group—showing comparable trends—are pro-
vided in Figure S1. Additionally, simulation outcomes from the
Independent configuration for both TD and ASD populations
are presented in Figure S2. These results further confirm that
the Competitive model outperforms the Independent model,
more accurately capturing the effects of ISI modulation both
qualitatively and quantitatively.

Finally, as shown and discussed by Crosse et al. (2022), even if
they found a consistent behavior among participants belonging
to the same age group, in terms of RTs and Switch Costs, they
also highlighted the great variability of the detected RTs for each
stimulus configuration among these participants. To further
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FIGURE 5 | Effect of ISI manipulation. Simulated RTs from the Competitive default configuration are shown for TD children, under Short ISI

(1-1.5s) and Long ISI (2.5-3s) conditions. Simulated RTs are compared with the empirical ones collected from Crosse's and colleagues under the

same experimental conditions. Error bars indicate the standard error of the mean. The model closely replicates the empirical RTs, supporting the

validity of the Competitive configuration in capturing the behavioral effects of ISI manipulation.
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test and validate the model and the identified basal structure,
we sought to reproduce this inter-individual variability. In a past
study (Cuppini et al. 2020), we identified the feedforward syn-
apses and the inhibitory feedback projections as the two mech-
anisms responsible for different participants’ RTs. In line with
that analysis, we modified the effectiveness of these synapses by
adding a random component to their basal values. This compo-
nent was generated from a uniform distribution, as detailed in
the methods section. Each value of these parameters can be con-
sidered representative of a different simulated participant. The
mean RTs for each stimulus configuration were calculated for
each simulated participant over 100 repetitions per condition.
To simulate a physiological input variability among these repe-
titions, the strengths of the auditory and visual input stimuli in
each individual participant were chosen from a uniform distri-
bution (as described previously).

In Figure 6, as an example of the effect of varying the effective-
ness of these connections, we compared the experimental data
from Crosse and colleagues to the model results in the case of
visual repeat and switch conditions. As shown, introducing
those noisy components on the feedforward and feedback syn-
apses allowed us to reproduce the distribution of the RTs for
the TD and ASD populations, further validating the identified
competitive default architecture of the model. Similar results
(not shown here for briefness) have been found for auditory and
multisensory conditions.

4 | Discussion

In the seminal works of Piaget (Piaget 1952), the author pos-
tulated that the naive state of the brain was characterized by
unrelated processing of different sensory cues, and only direct
interaction with objects and their sensory features and con-
tents would allow the development of sensory integration. On

the diametrically opposed end of the theoretical spectrum,
Gibson forwarded the differentiation process of sensory per-
ception, where, starting from a default state characterized by
an undifferentiated sensory system at birth (Gibson 1966),
sensory-specific experiences emerge due to interaction with the
environment. The empirical data are more aligned with Piaget's
proposal, supporting the early emergence of multisensory pro-
cessing that is refined across development. Animal studies show
that multisensory neurons, that is, neurons that are sensitive to
input from more than one sensory modality, are present at birth
(Wallace and Stein 1997, 2001), although these appear to require
experience with the environment to exhibit integrative (non-
additive) responses (Wallace 2004; Xu et al. 2014; Yu et al. 2010).
In humans, recognition of a causal relationship between mul-
tisensory inputs has been reported in infancy (Lewkowicz and
Ghazanfar 2009; Muentener et al. 2012), but there is also ample
evidence that multisensory processing and the ability to opti-
mally integrate multisensory cues are refined as a function of
environmental interactions (Bruns and Roder 2023; Lewkowicz
and Ghazanfar 2009), and that this process is highly protracted
(Burr and Gori 2012; Gori 2015; Gori et al. 2011; Gori, Giuliana,
et al. 2012; Gori, Sandini, et al. 2012). Thus, multisensory
integration undergoes an extended maturational process that is
heavily influenced by experience, and that appears to extend,
depending on the task, through adolescence. Nevertheless, the
neural architecture and the mechanisms characterizing the first
few years of life, regarding multisensory abilities, and how this
maturation process takes place are still unknown.

Recent empirical findings from animal models (Yu et al. 2019)
suggest that individual senses interact with each other already
in the naive brain, but in a competitive manner. It is as if the
different components of a multisensory stimulus are produced
by independent events and compete for the same cognitive
resources. Then, only an appropriate multisensory experience
would shift this default competitive state toward facilitation,
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with the effectiveness of crossmodal excitatory synapses over-
coming the inhibitory effect of the default competition, thereby
developing integrative abilities.

Here we used a computational modeling approach to test
between two neurofunctional explanations for developmental
changes in unisensory and multisensory processing. We ana-
lyzed behavioral data recently reported by Crosse et al. (2022)
from a simple audiovisual RT task. This paradigm, implemented
to study the development of multisensory integration, provides
valuable data for testing the underlying basic neural computa-
tion driving the observed behaviors.

Focusing first on the data from the youngest age group of
6-7years of age, we observed that the RTs, overall, are slower
compared to the adult population. Moreover, in multisensory
conditions, specifically in a Repeat configuration, RTs are not
significantly faster than those in the unisensory Repeat con-
ditions (see Section 3.1). This observation suggests that at this
young age, the brain may not effectively utilize the redundant
information carried by the different senses, indicating that
integrative abilities are still developing. From these observa-
tions, we can draw two key inferences. First, the neural mech-
anisms engaged by a simple reaction-time task are not yet fully
developed, or are different and less effective, in young children
(Brandwein et al. 2011; Moore and Linthicum 2007; Ponton
et al. 2000). Second, the ability to process multisensory stimuli
is not yet fully mature.

The absence of a faster response to a bisensory configuration
compared to the fastest of its unisensory components indicates
different possible sensory processing scenarios. One possibil-
ity is characterized by independent unisensory pathways in
the brain that do not interact at any level. In this case, only the
fastest or most reliable pathway would trigger a cognitive or
motor response from higher-order regions. Another possibility
is that sensory processing could involve a competitive relation-
ship between the two sensory modalities, where each inhibits
one another, resulting in a response that is not faster than what
independent sensory modalities would produce on their own. To
understand which of the previous hypotheses is more plausible,
we developed two alternative neural networks, based on differ-
ent neural mechanisms. The first network replicates the mecha-
nism and synaptic architecture associated with the “independent
parallel processing” hypothesis, where different sensory modal-
ities operate in parallel and independently of each other. We
refer to this as the “Independent Default Configuration.” The
second network aims to represent the “competitive” hypothesis,
where sensory modalities interact from birth but in a competi-
tive manner. This is referred to here as the “Competitive Default
Configuration.”

It is worth noting that the neural mechanisms implemented
in both models are identical to those employed by Cuppini
et al. (2020) to simulate the temporal profile of sensory process-
ing in the adult human brain, for both unisensory and multisen-
sory stimuli. The only difference lies in the direct cross-sensory
connections between the input regions. In the adult condition,
excitatory connections, which have been strengthened through
experience, dominate, as shown in the previously described adult
implementation (Cuppini et al. 2020); earlier in development,

connections between the sensory cortices can be either domi-
nated by inhibitory connections, like in the case of “Competitive
Default Configuration,” or ineffective or absent connections, as
in the “Independent Default Configuration.”

Using both models, we simulated the experimental paradigm
employed by Crosse et al. (2022) and compared the results of
our simulations with the empirical data. The simulations aided
us in identifying the structure that could most effectively repro-
duce the dataset, thus providing insights into the most plausible
architecture describing the default configuration and its under-
lying mechanisms.

Our analysis revealed the “Competitive Default Configuration”
as the architecture best capable of reproducing the empirical
data. This architecture implies that, in the default configuration,
the brain not only fails to utilize redundant sensory informa-
tion in the case of multisensory stimuli, but also treats stimuli
from different sensory modalities in a competitive manner. This
suggests that the default configuration is inherently competi-
tive in nature. The RT data collected by Crosse and colleagues
support this idea. Their data not only indicate the absence of
a multisensory facilitation in young children, as multisensory
RTs were not faster than the fastest unisensory condition, but
they also suggest the existence of competition between sensory
modalities in these children. The fact that behavioral responses
in the multisensory repeat condition are comparable with the
fastest unisensory repeat condition suggests that, in the case of
audiovisual stimulation, the two sensory channels compete in a
way that only one of them can drive the behavioral response and
generate the observed RTs. Furthermore, since in the adult pop-
ulation, multisensory conditions elicit robustly faster RTs than
unisensory stimuli, the default cross-modal competition, oper-
ating between sensory modalities in young children, is likely to
be superseded during development by the classical multisensory
facilitation, as highlighted by Crosse et al. (2022) and previ-
ous analyses involving animal models (Yu et al. 2019) (also see
Cuppini et al. 2020 for a computational framework).

Being a biologically plausible computational framework, our
model also allows us to speculate on the possible biological sub-
strates of its components. This multisensory output area may
correspond to associative cortices, known to support sensory
integration, such as the Posterior Parietal Cortex. Indeed, evi-
dence from human intracranial recordings supports the role of
the superior parietal lobule in audiovisual multisensory integra-
tion (Molholm et al. 2006).

Regarding the competitive layer, we speculate its implementa-
tion through higher order regions such as the medial Prefrontal
Cortex, Posterior Cingulate Cortex, or secondary higher order
sensory cortices. Huang et al. (2015) suggested that these
regions may be involved in the competition between A and
V sensory modalities in a simple RT experiment; Hairston
et al. (2008) reached a similar conclusion in the case of an audi-
tory temporal order judgment task. However, it is also plausible
that such inhibitory mechanisms are instantiated within early
sensory cortices via local interneuron circuits. Given that long-
range cortical projections are typically excitatory, the observed
cross-modal inhibition could arise via a disynaptic pathway:
for example, pyramidal neurons in one sensory modality (e.g.,
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auditory cortex) could activate, through long-range excitatory
connections, local inhibitory interneurons in a different sensory
modality (e.g., visual cortex), which in turn inhibit pyramidal
neurons within their own region. This possibility suggests that
both excitatory and inhibitory elements would be located within
early sensory areas. Therefore, the control layer implemented in
our model may not require a separate higher-order substrate but
could instead reflect distributed interactions embedded in early
sensory processing networks. This scheme is consistent with
the evidence that, in the cortex, the building block of sensory
information processing is constituted by microcircuits of inter-
connected excitatory pyramidal cells and inhibitory interneu-
rons (see Wood et al. 2017 for a review).

A growing body of anatomical and functional evidence also sup-
ports the presence of direct influence between primary sensory
areas, providing a plausible substrate for cross-modal interac-
tions. Studies in animal models have revealed anatomical projec-
tions between core visual and auditory regions and associative
areas (Cappe and Barone 2005; Clavagnier et al. 2004; Falchier
et al. 2002), while other work has demonstrated modulatory
connections among sensory regions (Bizley and King 2008,
2009; Meredith and Allman 2015; Yu et al. 2013).

4.1 | Model Validation: ISI Effect on Modality
Switch Effect

By manipulating the temporal discrepancy between sensory
inputs, we assessed the implemented model and its core mech-
anisms. This allowed us to confirm that the Switch Cost, which
is already evident at the age of 6-7, results from the long-lasting
competition among sensory modalities. Additionally, this effect
decreases with increasing temporal distance between the two
stimuli. These findings, coupled with the analysis of RTs col-
lected by Crosse and colleagues, indicated the presence of this
effect even in the developing brain, highlighting a prevailing
condition where sensory processing appears to be governed by
inhibition and competition. In fact, in the default configuration,
our network is characterized by cross-sensory competition with
a fast dynamic, exerting its effect on the current stimulus, and
a cross-sensory competition characterized by a slower dynamic,
which imposes an inhibitory effect on the incoming input.

Based on the identified neural architecture, we could predict
that, as individuals mature, experience with congruent bisen-
sory stimuli shapes this default configuration. This process
would establish cooperative and integrative abilities mediated
by cross-sensory excitatory synapses. Initially, these synapses
would counterbalance the inhibitory effect of cross-sensory
competition between unisensory regions. Over time, excitation
would prevail over inhibition, leading to the cross-sensory facili-
tation that characterizes the adult configuration (as suggested in
Cuppini et al. 2020; McIntosh et al. 1998; Raij et al. 2010). In this
mature configuration, then, the only remaining cross-sensory
competition is the long-lasting one, which mediates the switch
cost (Cuppini et al. 2020; Shaw et al. 2020).

This process could be interpreted as the neural implementation
of the perceptual narrowing mechanism described by Lekowicz
and colleagues (Lewkowicz and Ghazanfar 2009), where the

narrowing effect observed during childhood development is
not due to the loss or pruning of previously effective diffuse
synapses, but rather, it is the effect of the maturation of new
connections, whose development is determined by postnatal
cross-sensory experience (Lewkowicz and Ghazanfar 2009).
These cross-sensory synaptic arrangements among unisen-
sory areas and their predicted development could also explain
results and theories of map alignment (Burr and Gori 2012) and
the cross-sensory recalibration among the senses as the results
of multisensory coarse organization in the young brain (Bruns
and Roder 2023). In this postulated default configuration, the
feedforward synapses would implement a coarse multisensory
integration, showing up in the associative output region. The
direct, inhibitory, cross-sensory synapses would implement the
lack of specificity in the ability to integrate multisensory cues
characterized by common spatial features. With experience,
only the excitatory synapses among sensory-specific neural ele-
ments sensitive to the same spatial positions would be strength-
ened, mediating the spatial alignment of sensory maps and the
calibration of sensory processing among the different sensory
modalities, and generating a more precise integration of spa-
tially aligned stimuli.

Nevertheless, the current model architecture does not include
multiple spatially tuned units within each sensory area; there-
fore, it does not allow us to formally test this hypothesis against
alternative mechanisms, such as synaptic pruning. Future
extensions of the model will incorporate spatially selective neu-
ronal populations, enabling a direct comparison between differ-
ent developmental processes that may underlie the emergence of
multisensory specificity and cross-sensory map alignment.

4.2 | ASD Simulations

After identifying the most likely default configuration for cross-
sensory interactions, we aimed at characterizing the differences
observed in the ASD population. The configuration of the model
that successfully reproduced ASD behavior further validated the
competitive default configuration. To match the RTs of the ASD
population, we found that cross-sensory synapses needed to be
much more inhibitory (i.e., stronger cross-sensory competition).

Notably, developmental trajectories observed in individuals
with ASD, particularly in terms of perceptual abilities, are often
delayed compared to those of their TD peers (Beker et al. 2018;
Crosse et al. 2022; Foxe et al. 2015; Wakim et al. 2023). Therefore,
the state of the autistic brain at a specific developmental stage
offers insight into the situation in the typically developing brain
at an earlier stage of development. From this perspective, the
requirement for stronger crossmodal competition to reproduce
the RTs of children with ASD further reinforces the concept of
competitive default configuration.

4.3 | Testable Predictions

These observations prompted us to ask whether this default gen-
eral competition, governed by fast and slow temporal dynamics,
could offer insights into the emergence of the temporal win-
dow of integration (TWI) and its alterations in pathological
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conditions. We wondered whether the TWI, and any anomalies
seen in it, might arise from specific crossmodal experience. In
this scenario, when multisensory cues are atypically paired in
terms of their temporal alignment, it could lead to the develop-
ment of an atypical TWI and altered temporal integration phe-
nomena (Burr and Gori 2012; Hétting and Roder 2009; Powers
et al. 2009; Scarpina et al. 2016). Similarly, crossmodal stimuli
with atypical spatial pairings could result in altered spatial inte-
gration abilities (Wallace and Stein 2007).

Furthermore, our simulations suggest a distinct pattern of brain
activation in the case of multisensory stimulation in adults and
children. Specifically, in children, the unisensory regions should
exhibit reduced activity (or excitation) in response to multisen-
sory stimuli compared to unisensory conditions. This reduction
is attributed to the inhibition mediated by cross-modal connec-
tions. In contrast, in adults, unisensory regions should show
increased activity (or excitation) in response to multisensory
stimuli compared to unisensory conditions due to the excitation
mediated by the now-excitatory reciprocal crossmodal pro-
jections. This prediction aligns with EEG data presented in
figure 4, from Brandwein et al. (2011).

4.4 | Future Directions

To validate and expand upon this theoretical framework, we are
currently implementing a training algorithm that simulates the
acquisition of MSI in TD and ASD children throughout child-
hood and adolescence. This would allow us to shed light on if
and how sensory experience impacts the acquisition of MSI and
the trajectory of its maturation. Additionally, this could suggest
potential training paradigms to facilitate MSI maturation in
children with ASD.

It is important to acknowledge that the behavioral data from
(Crosse et al. 2022), while informative, may not be optimal for
directly testing the default state of cross-sensory interactions.
The experimental paradigm used in that study primarily targets
correlations and dependencies in unisensory processing across
trials—specifically contrasting repeat versus switch modality
conditions—rather than examining interactions between
auditory and visual components within a single trial. However,
it is precisely this within-trial interaction between sensory
modalities that is most relevant to the mechanisms proposed
in our model. In future work, we plan to test the model more
directly by acquiring new behavioral data that systematically
manipulate the temporal proximity of the auditory and visual
components of the same stimulus. This approach will allow us
to probe how cross-sensory integration evolves as a function of
audiovisual alignment or separation, and to assess whether the
neural mechanisms underlying these effects can be captured
within the same mechanistic framework outlined by our cur-
rent model.

Additionally, future research will seek to broaden this frame-
work, which is now limited to the temporal domain of integra-
tive abilities. Our goal is to extend it to encompass the spatial
domain as well. This expansion will delineate a comprehensive
framework capable of describing and analyzing the percep-
tion of stimuli characterized by complex temporal and spatial

properties. In doing so, we aim to work with inputs that more
closely resemble the complexity of real-world stimuli encoun-
tered in our daily lives, rather than relying solely on the experi-
mental stimuli commonly used in empirical research.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Table S1: Parameters value.
Figure S1: Effect of ISI manipulation in the Competitive model con-
figuration. Simulated RTs from the Competitive default configuration
are shown for both TD and ASD populations, under Short ISI (1-1.5s)
and Long ISI (2.5-3s) conditions. Simulated RTs are compared with
the empirical ones collected from Crosse's and colleagues under the
same experimental conditions. Error bars indicate the standard error
of the mean. The model closely replicates the empirical patterns in both
populations, supporting the validity of the Competitive configuration in
capturing the behavioral effects of ISI manipulation. Figure S2: Long
versus short ISI in the independent default configuration. Simulated
RTs from the Independent default configuration are shown for both TD
and ASD populations, under Short ISI (1-1.5s) and Long ISI (2.5-3s)
conditions. Simulated RTs are compared with the empirical ones col-
lected from Crosse's and colleagues under the same experimental con-
ditions. Error bars indicate the standard error of the mean. Compared
to the Competitive model, the Independent configuration provides a
poorer fit to the empirical data in terms of ISI modulation.
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