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Abstract

The senses transduce different forms of environmental energy, and the brain synthesizes

information across them to enhance responses to salient biological events. We hypothesize that the

potency of multisensory integration is attributable to the convergence of independent and

temporally aligned signals derived from cross-modal stimulus configurations onto multisensory

neurons. The temporal profile of multisensory integration in neurons of the deep superior

colliculus (SC) is consistent with this hypothesis. The responses of these neurons to visual,

auditory, and combinations of visual–auditory stimuli reveal that multisensory integration takes

place in real-time; that is, the input signals are integrated as soon as they arrive at the target

neuron. Interactions between cross-modal signals may appear to reflect linear or nonlinear

computations on a moment-by-moment basis, the aggregate of which determines the net product

of multisensory integration. Modeling observations presented here suggest that the early nonlinear

components of the temporal profile of multisensory integration can be explained with a simple

spiking neuron model, and do not require more sophisticated assumptions about the underlying

biology. A transition from nonlinear “super-additive” computation to linear, additive computation

can be accomplished via scaled inhibition. The findings provide a set of design constraints for

artificial implementations seeking to exploit the basic principles and potency of biological

multisensory integration in contexts of sensory substitution or augmentation.
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1. Introduction

The evolution of multiple sensory systems has enhanced the likelihood of survival for

organisms living in a wide variety of environments. This is not only because the senses

substitute for one another when necessary, but because they can interact synergistically,

thereby providing far more information about external events than would otherwise be

possible. This is because the different senses are not corrupted by the same sources of noise,

and combining their conditionally independent estimates of the same event yields a better
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analysis of its features (Ernst and Banks, 2002). This advantage manifests physiologically as

enhancements in the speed and robustness of reactions to concordant cross-modal stimuli

(Rowland et al., 2007a; Rowland and Stein, 2008), which in turn lead to faster and more

accurate behavioral responses to the originating event (Meredith and Stein, 1983; Gielen et

al., 1983; Perrott et al., 1990; Hughes et al., 1994; Frens et al., 1995; Wilkinson et al., 1996;

Goldring et al., 1996; Jiang et al., 2002). Such enhancements are particularly beneficial

when the information provided by the inputs is otherwise impoverished and/or unreliable;

that is, circumstances in which their individual utilities are minimized (Stein and Meredith,

1993).

The best studied system in which this occurs is the mammalian superior colliculus (SC),

which mediates the detection, localization, and orientation toward environmental targets

(Meredith et al., 1987; Stein and Meredith, 1993). Individual neurons within the SC are

sensitive to cues derived from different sensory modalities (e.g., vision, audition, and

somatosensation) within circumscribed and overlapping regions of space (Stein and

Arigbede, 1972). When stimulated by cross-modal cues within their respective receptive

fields (RFs), their net evoked response magnitude (i.e., total number of impulses) is elevated

above the response magnitude evoked by only one of the cues individually (“multisensory

enhancement”). For robust stimuli, this enhancement typically reflects the sum of the net

unisensory response magnitudes, but can be greater than this sum when the unisensory

responses are less robust.

However, recent analyses examining the temporal profile of multisensory enhancement

suggest that this enhancement is not uniform over the duration of the response (i.e., the

entire discharge train). As the multisensory response rises and falls, its instantaneous firing

rate (IFR) rarely reflects a simple addition of the component unisensory firing rates, even

when the overall enhancement in the net response magnitude is consistent with an additive

model (Rowland et al., 2007a). Rather, response enhancements are proportionally largest at

the beginning of the response, which leads to earlier-than-expected response onsets

(Rowland et al., 2007a; Rowland and Stein, 2008). The timing and magnitude of these

multisensory enhancements, especially when occurring early in the discharge train, have the

potential to greatly influence downstream circuits responsible for overt behavioral

responses, as well as other targets involved in more higher-order perceptual processes. The

operational principles of these neurons are a subject of great interest to basic scientists and

researchers in applied domains seeking to engineer devices for sensory augmentation and

substitution. However, most computational approaches to understanding multisensory

integration in the SC have been restricted to describing its net products (e.g., Anastasio et

al., 2000; Rowland et al., 2007b; Cuppini et al., 2010), not its moment-to-moment

operations.

The purpose of this paper is to describe how the nonlinearities evident at the beginning of

the multisensory response can be explained by a simple spiking model of SC multisensory

integration, and do not require more complex assumptions about the biological substrate. At

a coarse temporal resolution, the behavior of this model is similar to those described

previously. However, at the level of resolution addressed here, the timing and “shape” of the

inputs are revealed as key determinants of the integrated multisensory response. It thereby
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makes the neurobiological computations underlying the multisensory response more

explicit.

2. Results

2.1. Empirical observations

In multisensory SC neurons, concordant cross-modal signals typically evoke responses

containing more impulses (i.e., enhanced net response magnitude), higher firing rates, longer

durations, and shorter latencies than do their individual component stimuli (Stein and

Meredith, 1993). The magnitude of the total multisensory response is generally related to the

efficacy of the component stimuli: typically greater than the sum of these constituent

unisensory response magnitudes when they are individually weak, and equal to their sum

when they are more robust (Meredith and Stein, 1986). Fig. 1A and B provide typical

examples from the cat SC. In Fig. 1A, both unisensory responses are very weak, engaging a

net superadditive computation. In Fig. 1B, the unisensory responses are more robust,

revealing a net additive integrative computation. These examples are consistent with the

“principle of inverse effectiveness”, which specifies an inverse relationship between the

proportional multisensory enhancement and the magnitude of the response to the most

effective modality-specific component stimulus. However, despite the difference in the net

products of these two examples, an examination of their temporal profiles (captured by the

instantaneous firing rate and cumulative impulse count trace comparisons) reveals

similarities in the underlying computational schematic. Importantly, both responses have

aspects in which the multisensory response is more robust, and more dynamic, than an

additive model would predict.

2.2. Enhancements in magnitude

On a moment-by-moment basis, most enhanced multisensory responses evidence

“instantaneously” superadditive computations in portions of the response when the signals

are weak or modest (typically at the beginning or end of one of the component responses),

additive computations when they are modest, and sub-additive computations if and when

they are very potent. The net computation evident in the overall response magnitude or

firing rate reflects the sum of these linear and nonlinear instantaneous computations; thus,

the difference between a net superadditive (Fig. 1A) and a net additive (Fig. 1B) product is

related to not just the potency, but the relative incidence of superadditive, additive, and

subadditive computations that took place during each.

2.3. Enhancements in timing

Most enhanced multisensory responses are more dynamic than their component unisensory

responses. In both examples in Fig. 1, the multisensory response rises to its maximum firing

rate more rapidly than predicted by the summed unisensory responses. However, it also

descends from its peak earlier than expected, prior to the time at which the summed

unisensory responses are expected to peak. Later, in its declining phase, the multisensory

response can have a slower dynamic than expected, leading to a longer-than-expected

response duration, although this result is variable across samples.
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These examples illustrate the computational schematic that underlies the multisensory

responses of most neurons in the SC, one in which the relationship between the unisensory

and multisensory responses is neither linear nor strictly fixed in time. Clearly, the temporal

alignment of the unisensory inputs (reflected in the unisensory responses) is a critical

determinant in the instantaneous and overall products. Aligning weak or modest portions of

the unisensory responses leads to large, typically superadditive enhancements, while

aligning robust portions yields additive or subadditive enhancements. Multisensory

responses change quickly when they are robust, and slowly when less robust. These

underlying dynamics, only visible at a fine temporal resolution, can have profound

consequences for the overall multisensory product achieved in any particular circumstance.

Fig. 2 illustrates the generality of these observations across a population of 324 samples of

multisensory and unisensory responses recorded from the cat SC (a subset of the data

originally published in Stanford et al., 2005). This analysis is restricted to multisensory

neurons that are overtly responsive to brief presentations (50 ms) of visual and auditory

stimuli individually and exhibit an enhanced response when the auditory stimulus is

presented between 30 and 100 ms after the visual stimulus onset. This window of time

typically yields the greatest likelihood for cross-modal interactions (Meredith et al., 1987).

The restriction of the analysis to neurons overtly responsive to both modalities reduces the

incidence of net superadditive observations relative to the incidence of the general

population (see Perrault et al., 2005; Stanford et al., 2005).

Fig. 2A compares the net multisensory response magnitude to that of the largest component

unisensory response (top) and the sum of the component responses (bottom). Due to the

selection criteria, the net multisensory response is always enhanced relative to the largest

unisensory component response, and is approximated by their sum throughout much of the

range of tested efficacies. However, despite the appearance of a linear system suggested in

the net response magnitudes, individual samples evidence moment-by-moment

computations that are superadditive, additive, and subadditive. This is illustrated in Fig. 2B

and C, which shows the average (mean and median) differences between the multisensory

and summed unisensory IFRs as a function of the time (Fig. 2B) and percent of total

multisensory response duration (Fig. 2C) (positive values indicate superadditivity). To

generate these plots, all of the data samples were time-shifted to the expected onset of the

multisensory response. The maximum enhancement occurs at or near this time (often due to

the shorter multisensory response latency), and is typically superadditive. The computation

is reduced to additivity within 30–50 ms (or 50% total response duration). The small

increase in superadditivity evident at the end of Fig. 2C reflects the increased multisensory

response duration relative to the unisensory. This trailing enhancement is averaged out in

Fig. 2B due to the variability in response duration across the population.

Fig. 2D compares the times (from stimulus onset) at which the multisensory and summed

unisensory response traces first cross one of two threshold criteria: the maximum IFR of the

summed unisensory response (or multisensory if it is less, which is rare), and the rate that is

1/2 that maximum value. Negative values indicate that the multisensory response reaches the

criterion at an earlier time; that is, the multisensory response trace is speeded relative to the

summed unisensory trace. The cumulative frequency distributions of the time differences for
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both crossing criteria are significantly biased to negative values, indicating the substantial

speed enhancements evident in the multisensory response. Equivalent findings are observed

using similar analytic methods, e.g., comparisons after normalizing by respective response

magnitudes and comparisons of the mean cumulative impulse count functions, as the

multisensory response begins earlier than expected based on the timing of the second

response (Rowland et al., 2007a,b).

Fig. 2E summarizes findings pertaining to the timing of the peaks of the multisensory and

summed unisensory firing rates (left) and a schematic of the magnitude and timing

enhancements in the general population (right). All values reflect the population averages

for each variable, but the traces are only for illustration (each value varies neuron by

neuron). In the schematic, the multisensory response peaks 8 ms earlier than the summed

unisensory trace. At the time of the multisensory peak, the multisensory response is actually

22 Hz larger than the summed unisensory trace, while by the time of the summed unisensory

peak, it has decreased to be approximately equal. In other words, the computation has

transitioned to approximately linearity.

These dynamics provide a set of general design constraints for systems seeking to replicate

the biological principles of multisensory integration. The key dynamic common to almost all

multisensory responses is the appreciable nonlinearity at the beginning of the response

onset, which is our focus here. A priori, this observation provides evidence for a sort of

multiplicative rule; e.g., one implemented by special synaptic configurations or computation

within dendritic branches. However, as demonstrated below, a simpler alternative exists to

explain it.

2.4. Model architecture

The nonlinearity at the beginning of the response can be described by an artificial neural

network model that incorporates a minimal set of assumptions. This model provides a link

between the observed physiology and what is believed to be its biological underpinnings.

There are three key components to the model: (1) It receives and processes transient input

signals that rise and fall, (2) the model unit (mimicking the multisensory SC neuron)

contains a simple spiking dynamic, and (3) the unit is assumed to receive input from a

number of spontaneously-activating afferents that produce random positive and negative

fluctuations in its input current. This is a realistic assumption for SC neurons, which receive

input from a large number of cortically-derived, subcortically-derived, and local excitatory

and inhibitory sources (Baleydier et al., 1983; Behan and Appell, 1992; Berson, 1985;

Berson and McIlwain, 1982; Blomqvist et al., 1978; Clemo and Stein, 1984; Edwards et al.,

1979; Meredith and Clemo, 1989; Mize, 1983; Tortelly et al., 1980). For reasons of clarity,

we explicitly model each sensory channel as providing a single input. As we have suggested

elsewhere (cf. Cuppini et al., 2010), this input is best conceptualized as being largely

sourced from unisensory areas of association cortex.

Thus, the input signal I for a modality-specific sensory source J is represented by a

piecewise continuous function that begins rising from zero at time D according to a slope

parameter λ1, peaks with value Imax at time T, and subsequently decreases back to zero

according to another slope parameter λ2.
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(1)

Fig. 3A illustrates an example input signal. The net input to the model unit at a given time t

(I(t)) reflects the sum of the contributions from each sensory input channels and a noise

current representing contributions from other afferents. Its value is selected from a Gaussian

distribution with mean μ and standard deviation σ on each time step (represented by Nμ,σ(t)).

The net input from a particular channel is presumed to incorporate both excitatory and

inhibitory components. However, real inhibitory inputs are derived from local sources that

receive input from integrating multisensory neurons, which will be engaging a nonlinear

computation. This feature is incorporated in the model by an extra inhibitory term applied to

multisensory conditions that is delayed with respect to the principal input. This does not

affect the initial nonlinear computation (i.e., our principal focus), but mediates the output

levels in the later portions of the response. For the sake of convenience, we introduce this

component as term H (scaled by parameter h) applied at the peak time of the input. This

component is only applied to multisensory conditions.

(2)

(3)

The multisensory SC neuron is modeled as a leaky integrate-and-fire unit with a membrane

voltage differential (V) that responds to the net input according to time constant τ. In this

model, an impulse is generated when the voltage exceeds the arbitrarily-selected value of 1

(0 is considered “rest”), after which V is clamped to 0 for R time steps to model a brief

refractory period (Gabbiani and Koch, 1999).

(4)

Numerical simulation of Eqs. (1)–(4) with reasonable parameter selections generates

realistic-looking voltage traces, response rasters, and instantaneous firing rates (Fig. 3B and

C). The links between the model architecture and the empirical results are explained below.

2.5. Model results

The dynamics of interest evident in the empirical data are that multisensory responses are

initially more robust, rise faster, and peak earlier than the sum of their unisensory

component responses. Fig. 4A illustrates these dynamics in the unisensory and multisensory

responses produced by the model (10,000 simulations with fixed parameters), which are

similar to the “mean schematic” presented in Fig. 2E. Plotted is the sum of the model’s IFR
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for two identical unisensory responses (dashed line) versus the instantaneous firing rate of

the multisensory response achieved by summing the input signals (solid line). The model’s

multisensory response rises earlier, reaches a higher maximum IFR earlier, and later

transitions to an additive computation.

Fig. 4B illustrates the difference between the model’s multisensory response and the sum of

its unisensory responses as a function of time from response onset. This figure is analogous

to that of Fig. 2B, with a parameter range appropriate for modeling the neuron in Fig. 1B

(similar plots for the neuron in Fig. 1A are obtainable through different parameter selection).

As observed empirically, the greatest superadditive nonlinearity is observed at the beginning

of the response. Here, the difference trace begins at 0 owing to the simulation having a

perfectly-controlled onset time. The rapid decrease in the nonlinearity and subsequent linear

computation initiated at time = 50 ms indicates the contribution of the extra inhibitory

component (H(t)). Note that this transition is quite a bit more rapid, and more severe, than

one would expect in a biological circuit due to the simple and discrete method with which

we have implemented the extra inhibition.

We now give intuitions for how the simple spiking model produces the early nonlinearity in

the multisensory response (i.e., in the exclusion of the extra inhibition). The simple spiking

model exhibits a nonlinear relationship between input magnitude and firing rate which can

be appreciated via the relationship between input magnitude and the inter-spike interval

(ISI) of the evoked response. The ISI is the reciprocal of the firing rate. For a simple leaky

integrate-and-fire unit with time constant τ, refractory period R, threshold 1, and resting

state 0, the ISI in response to constant input I is determined by solving Eq. (4) for t with V(t)

= 1 and V(0) = 0.

(5)

More generally, the ISI in response to a constant input I to which another input of magnitude

a × I has been added is:

(6)

Given two observed responses with firing rates FR1 and FR2 corresponding to ISIs ISI1 and

ISI2, the predicted summed firing rate FR1+2 = FR1 + FR2 has an ISI determined by Eq. (7):

(7)

Eq. (4) can be perceived as representing the unisensory ISI, Eq. (5) as representing the

multisensory ISI (for 0 < a ≤ 1), and Eq. (5) as representing the ISI predicted by the

summation of two unisensory response traces. Even though input currents are linearly

summed in the model, this integration yields a nonlinear product owing to the refractory
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period (which is a constant addition to ISI) and logarithmic transformation of the input

current. Fig. 4C plots this relationship between the multisensory and summed unisensory

firing rates for different levels of constant input, values of a = 0.5 and a = 1, while omitting

the extra multisensory inhibition component H. The inset in the figure shows the

relationship between the input magnitudes and the resulting firing rates for the multisensory

(a = 1), unisensory, and summed unisensory conditions. The multisensory response is

superadditive when the predicted sum is relatively low and transitions to additivity and

subadditivity when it is higher. The potency of the multisensory enhancement is greater for

unisensory inputs whose magnitudes are matched. The responses of the model to transient

stimuli can also be appreciated from this relationship. For transient inputs, I(t) rises from

zero, peaks, and returns to zero. Thus, during the course of the response, the system

effectively traverses across the x-axis of Fig. 4C (and inset), always passing through a phase

of superadditivity and possibly reaching additivity and subadditivity, if the inputs are

sufficiently robust. In this way, the model produces output patterns consistent with the rising

phases of real neurons (e.g., Fig. 1).

The noise current in the model alters the normal relationship between the input and output

firing frequency for the model unit (Fig. 4D, inset), and consequently alters the relationship

of the multisensory and summed unisensory responses (Fig. 4D). Normally this relationship

shows a sharp increase in firing rate for input values near threshold (i.e., slightly larger than

1). By contaminating the input current with random noise, this function becomes effectively

smoothed around the threshold value according to the parameter σ. This causes some

reduction in enhancement by smoothing the nonlinear relationship between firing frequency

and input magnitude around the threshold. However, with higher levels of noise, rising input

does not need to reach very high levels before evoking impulses from the model unit. Thus,

the unit becomes responsive to transient signals while they are still in the most dynamic

portions of their rising phases, which contributes to the speeding of the multisensory

responses relative to unisensory responses. Thus, a given neuron subject to low noise

currents will be likely to show large and sudden multisensory enhancements, while a neuron

subject to high noise will show smaller enhancements that occur earlier in time.

3. Discussion

Below we summarize the relationship between the properties of the model, its underlying

assumptions, and the key results.

A critical feature of the model is the amplification of the neuron’s responsiveness to inputs

that would not otherwise evoke impulses; that is, “stochastic resonance” (Benzi et al., 1981).

This is provided by the noise current source as well as any input modalities whose values are

(instantaneously) insufficient to generate impulses on their own. Because each input signal

rises from an initial value of 0, for each multisensory sample there are times at which one

(or more) of the signals is providing such an input, particularly when they are in their rising

phases. Thus, at these times, the combined cross-modal signals are capable of eliciting overt

activity earlier and at higher firing rates, leading to accelerated multisensory responses. An

important perspective advanced here is that the nonlinearities observed in the magnitude and

timing of the multisensory interactions do not explicitly require complicated assumptions
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about the internal components of the unit model; rather, they are a natural product of

dynamic signal processing in a model with simple biological constraints.

The noise current effectively smoothes the relationship between firing rate and input at low

input levels, allowing the model unit to overtly respond to weaker inputs. One consequence

is that neurons can begin responding to inputs at lower levels, and depending on the shape of

the input function, this can further accelerate the multisensory response profile relative to

that of the unisensory. However, another consequence is that it limits the sub- and peri-

threshold range of interactions between two signals, reducing the potency of enhancement.

Biologically, noise current distributions are expected to show significant interneuronal

variability, a variability which is likely to be reflected by different spontaneous rates. The

predicted consequence is that individual neurons can be stereo-typed according to whether

they will produce robust or marginal multisensory enhancements relative to the larger

population on the basis of their noise current distributions. Spontaneous firing rates provide

a coarse measure of these values, and there is empirical evidence that neurons with high

spontaneous firing rates evidence poorer multisensory integration capabilities (Perrault et

al., 2005).

The extra inhibition provided in the multisensory conditions here is principally responsible

for transitioning the neuron from a state of superadditivity to additivity and/or subadditivity

depending on the scaling. This inhibition is intended to model the stronger competitive

dynamics within the SC associated with cross-modal stimuli (Pluta et al., 2011; see also

Fetsch et al., 2012). Parametric manipulations of this component are beyond the scope of the

present study; however, they can greatly influence the temporal profile of the multisensory

response and consequently the net product of integration. These dynamics vary across

neurons, and are likely not to be strictly fixed even for a given neuron (for example, varying

with stimulus features). Thus, they offer an intriguing possibility for theoretical and

empirical future study.

The model also does not seek to incorporate slower-acting dynamics (e.g., associated with

repeated stimulus presentations, see Yu et al., 2013), and the links between the abstract

computations of the model and the neurobiological substrate are not rigorously supported by

empirical findings, only suggested by them. Although the present model design is modular

and self-contained, these factors should be considered when inserting it into larger, more

powerful network architectures. Fortunately, the components specified here are simple and

presumably inexpensive.

From a practical perspective, the model captures findings for the early temporal dynamics of

multisensory enhancement that are critical to applications based on reverse-engineering the

biological principles. One issue that commonly surfaces in these endeavors is that of

calibration; that is, given a particular set of (artificially-generated) “cross-modal” signals

with measured fidelity, what is the appropriate fused signal that should be produced? The

analyses presented here suggest that the seemingly intricate nonlinearities in the relationship

between multisensory and unisensory responses can be explained by relatively simple

biologically-realistic mechanisms. It does not strictly require broader circuit dynamics other

than those required to appropriately shape the input signals. The model introduces two
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additional component, the noise currents to which the neuron is subject and extra inhibitory

components associated with multisensory integration, as potential mechanisms to modulate

the timing and efficacy of the integrative process. These components may vary with changes

in the state of the neuron, circuit, or animal, and thereby produce changes in the potency of

the products of integration that are contingent upon experience or circumstance.
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Fig. 1.
Unisensory and multisensory responses from two exemplar neurons in the cat SC. Both

neurons overtly respond to visual (V) and auditory (A) stimuli presented in isolation and in

combination (VA). Top plots indicate the traces and responses corresponding to each tested

stimulus condition (dots indicate impulses). The middle plots illustrate the instantaneous

firing rate (calculated by convolving the impulse train with a Gaussian kernel, 5 ms standard

deviation) traces for each stimulus condition as well as the sum of the unisensory traces

(dotted line). The scale has been changed to provide better visualization of the behavior near

response onset. Bottom plots illustrate the mean cumulative impulse count, a running tally of

the number of impulses elicited by each stimulus on or before each moment in time (i.e.,

without any smoothing or transformation). In the exemplar in (A), the total multisensory

response magnitude is statistically greater (p < 0.05) than the sum of the two unisensory

response magnitudes. In the exemplar in (B), it is not statistically different than the predicted

sum. However, both show similar nonlinear computations at the beginning of the response.
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Fig. 2.
Empirical findings of nonlinear enhancements in magnitude and timing in a population of

multisensory SC neurons. (A) Comparison of the multisensory response magnitude (mean #

stimulus-elicited impulses) to the largest component unisensory response magnitude (top)

and to the sum (Σ) of the unisensory response magnitudes (bottom). (B) and (C) Average

difference between the multisensory and summed unisensory instantaneous firing rates for

all traces in the population, synchronized to the onset of the multisensory response (solid

line = mean, dashed line = median) and plotted as a function of time (B) and total

multisensory response duration (C). (D) Speed comparisons between the multisensory and

summed unisensory responses. Plotted is the cumulative frequency distribution for the time

difference between when the multisensory and summed unisensory responses first crossed

each of two criterion levels: the peak firing rate of the weaker of the two (max) and a firing

rate 1/2 in magnitude (1/2 max). Negative sample values indicate a faster multisensory

response. (E) Left: bar graph comparing the relative incidence of multisensory responses

peaking before the peak of the summed unisensory responses (multi. first) versus the reverse

(Σ first). Right: schematic of the mean values for peak firing times and rates at those times

for the population. Time values are relative to visual stimulus onset.
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Fig. 3.
Model architecture. (A) An example of an input trace that begins rising at time 0 and peaks

at t = 40 ms (D = 0, λ1 = 20 ms, Imax = 1, T = 40 ms, λ2 = 100 ms). (B) An example of the

membrane potential over time in a single trial of a neuron responding to the stimulus in (A),

contaminated with a noise current having parameters (μ = 0, σ = 5). Vertical lines are drawn

at times where action potentials are generated. The dotted line indicates the unit’s threshold.

(C) Top: an impulse raster of 100 simulations having the same parameters as (B). Bottom:

instantaneous firing rate of the above raster using a Gaussian kernel with 5 ms standard

deviation.
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Fig. 4.
Model results. (A) Example multisensory (solid line) and summed unisensory (dotted line)

response traces from a simulated multisensory neuron (D = 0, λ1 = 20 ms, Imax = 1, T = 40

ms, λ2 = 100 ms, μ = 0, σ = 5, τ = 10 ms, R = 2 ms, h = 0.5). The two unisensory signals

contributing to the multisensory response were assumed to be exactly equal. The inset

expands the activity in the window 0–50 ms. The multisensory response begins earlier, rises

faster, and peaks earlier at a higher magnitude than predicted by the summed unisensory

traces. (B) The difference between the multisensory and summed unisensory inputs for

multiple simulations (solid = mean, dashed = median) with the parameters of (A). (C)

Relationship between the multisensory and summed unisensory firing rates for model units

(μ = 0, σ = 5, τ = 10 ms, R = 2 ms, h = 0) responding to constant input (0 < I < 5). The line

of unity indicates an additive multisensory response. The two curves illustrate the

relationship for circumstances in which the two unisensory inputs are equal in magnitude (a

= 1, solid line) one input is 50% as strong as the other (a = 0.5). The inset shows the

relationship between the firing rates for the multisensory (multi, with a = 1), summed

unisensory (Σ), and unisensory (Uni) responses and the input magnitude. (D) The

relationship between firing rate and input magnitude for three different values of the noise

current standard deviation (σ).
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