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Abstract 34 

The ability to integrate information across its multiple senses enhances the brain’s ability to 35 

detect, localize, and identify external events. This process has been well-documented in single 36 

neurons in the superior colliculus (SC), which synthesize concordant combinations of visual, 37 

auditory, and/or somatosensory signals to enhance the vigor of their responses. This increases 38 

the physiological salience of cross-modal events and, in turn, the speed and accuracy of SC-39 

mediated behavioral responses to them. However, this capability is not an innate feature of the 40 

circuit, and only develops postnatally after the animal acquires sufficient experience with 41 

covariant cross-modal events to form links between their modality-specific components. Of 42 

critical importance in this process are tectopetal influences from association cortex. Recent 43 

findings suggest that, despite its intuitive appeal, a simple generic associative rule cannot 44 

explain how this circuit develops its ability to integrate those cross-modal inputs to produce 45 

enhanced multisensory responses. The present neuro-computational model explains how this 46 

development can be understood as a transition from a default state in which cross-modal SC 47 

inputs interact competitively, to one in which they interact cooperatively. Crucial to this 48 

transition is the operation of a learning rule requiring coactivation among tectopetal afferents 49 

for engagement. The model successfully replicates findings of multisensory development in 50 

normal cats and cats of either sex reared with special experience. In doing so, it explains how the 51 

cortico-SC projections can use cross-modal experience to craft the multisensory integration 52 

capabilities of the SC and adapt them to the environment in which they will be used.  53 

  54 
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Significance Statement  55 

The brain’s remarkable ability to integrate information across the senses is not present at birth, 56 

but typically develops in early life as experience with cross-modal cues is acquired. Recent 57 

empirical findings suggest that the mechanisms supporting this development must be more 58 

complex than previously believed. The present work integrates these data with what is already 59 

known about the underlying circuit in the midbrain to create and test a mechanistic model of 60 

multisensory development. This model represents a novel and comprehensive framework that 61 

explains how midbrain circuits acquire multisensory experience, and reveals how disruptions in 62 

this neurotypic developmental trajectory yield divergent outcomes that will impact the 63 

multisensory processing capabilities of the mature brain. 64 

  65 



 

 4 

Introduction 66 

The brain has evolved the ability to integrate signals from different senses, thereby enhancing 67 

perception and behavior in ways that would not otherwise be possible (Stein, 2012). The neural 68 

machinery and computational principles underlying multisensory integration have been 69 

subjects of considerable speculation, much of which is based on studies of neurons in cat 70 

superior colliculus (SC) (Anastasio et al., 2000; Patton and Anastasio, 2003; Knill and Pouget, 71 

2004; Rowland et al., 2007; Alvarado et al., 2008; Cuppini et al., 2010, 2011, 2012; Fetsch et al., 72 

2012; Ursino et al., 2014; Miller et al., 2017). These studies focused on multisensory responses 73 

to spatiotemporally concordant cross-modal stimulus pairs, which are significantly more robust 74 

than those evoked by individual component stimuli (“multisensory enhancement;” (Meredith 75 

and Stein, 1983)). This increases the physiological salience of the initiating events and their 76 

likelihood of eliciting SC-mediated behaviors (Stein et al., 1989; Burnett et al., 2004; Gingras et 77 

al., 2009). 78 

However, the capacity for SC multisensory enhancement is not present at birth (Wallace and 79 

Stein, 1997, 2001). Its development requires considerable postnatal experience with cross-80 

modal cues (Wallace et al., 2004; Yu et al., 2010; Xu et al., 2014) and the formation of a 81 

functional synergy between convergent unisensory inputs from subregions of association cortex 82 

(Jiang et al., 2001, 2006; Alvarado et al., 2009; Rowland et al., 2014). In cat these cortical 83 

inputs primarily come from the anterior ectosylvian sulcus (AES) and serve as the substrate 84 

upon which cross-modal experience operates (Jiang et al., 2006; Rowland et al., 2014; Yu et al., 85 

2014). In the absence of AES or multisensory experience, responses to concordant cross-modal 86 

cues are no more robust than those to the most effective modality-specific component cue. 87 

A simple, intuitive hypothesis regarding this development is that the emergence of multisensory 88 

enhancement capabilities results from the strengthening of convergent, covariant cross-modal 89 

(e.g., visual and auditory) AES projections by a generic associative learning rule, like the 90 

Hebbian learning rule (Hebb, D.O., 1949) or Oja’s rule (Oja, 1982). However, recent empirical 91 

evidence casts doubt on this hypothesis. First, convergent cross-modal AES-SC inputs become 92 

functional even in the absence of cross-modal experience, and become stronger than normal 93 

even when multisensory enhancement capabilities do not develop (Yu et al., 2013). Second, 94 

development is specific: a neuron will only integrate and enhance responses to cross-modal cues 95 

belonging to modalities that have been paired in experience (Yu et al., 2010; Xu et al., 2012, 96 

2015, 2017). This is not surprising given that adaptations are based on experience. However, 97 

implementation of this specificity requires more complexity than afforded by the generic 98 
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associative rules, which predict that multisensory enhancement capabilities would emerge 99 

whenever convergent cross-modal neural connections are strengthened, regardless of the 100 

specific experiences that produce this outcome. 101 

The present effort reconciles these findings via a neuro-computational model that shows how 102 

multisensory SC enhancement capabilities can emerge during postnatal maturation with 103 

properties that reflect its particular history of cross-modal experience. The model was simulated 104 

under different rearing conditions whose physiological effects have been documented.  105 

 106 

Methods  107 

Model Summary:  Neurons in the biological circuit communicate with each other and with other 108 

circuits in multiple ways. Several architectural simplifications and abstractions were imposed 109 

here to focus the model on the key dynamics believed to underlie the development of SC 110 

multisensory enhancement. These are shown in Fig. 1A.   111 

The model contained artificial nodes (“units”) grouped into three topographically-organized 112 

“regions” representing different circuit components: (1) the SC, (2) its unisensory AES afferents 113 

(“AES”), and (3) its unisensory afferents from all regions outside of AES (i.e., “non-AES”).  Each 114 

of the two tectopetal regions was then functionally divided into three subregions: visual, 115 

auditory, and somatosensory. The tectopetal projections from these subregions were excitatory 116 

and topographic. The output of each unit in an input region represented the net influence of 117 

many neurons with similar sensitivities rather than an individual neuron. Similarly, units in the 118 

SC region represented the net activity of a pool of similar neurons. 119 

Interactions between each of these modality-specific subregions implemented a “default” 120 

computation that approximated a winner-take-all (WTA) competition (Grossberg, 1973). 121 

Effectively, only the strongest input signal survived this competition with attrition to influence 122 

the target unit(s) in the SC. For simplicity, this competition to control the SC was implemented 123 

via direct inhibitory connections between units in different input regions; however, these were 124 

an abstraction and not intended to represent direct inhibitory synapses exchanged between 125 

biological neurons. The excitatory tectopetal connections extended by units influenced by this 126 

competition were collectively referred to as the “competitive projections”. For a more detailed 127 

discussion of this abstraction of competitive dynamics, see (Cuppini et al., 2011, 2012).  128 

In addition, subregions of AES extended a set of “non-competitive” tectopetal projections that 129 

were excitatory, strictly topographic, modifiable by cross-modal experience (detailed below), 130 
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and not influenced by the WTA competition. In these ways they were functionally distinct from 131 

the competitive projections. Changes in these non-competitive projections, along with changes 132 

in the inhibitory balance between AES and non-AES inputs, were hypothesized to account for 133 

the acquisition of multisensory enhancement capabilities during normal development. 134 

This basic model schematic (Fig. 1A) was further simplified by regrouping units and connections 135 

into functional categories in order to improve simulation efficiency (Fig. 1B). In this simplified 136 

form, the sources of the competitive projections from non-AES and AES were collapsed into a 137 

single “competitive region” (C), and the sources of “non-competitive” projections from AES were 138 

isolated as a separate “non-competitive” region (NC).  Connections from and among units in the 139 

competitive subregions (Cv=visual, Ca=auditory, Cs=somatosensory) were fixed to implement 140 

the WTA. Excitatory connections from the non-competitive subregions (NCv, NCa, NCs) targeted 141 

the SC region topographically and were pooled across their sensory-specific subregions in a 142 

pairwise fashion. The simplified model was used to simulate the effect of experience on the 143 

functional capabilities of the model and is described in detail below. 144 

The Simulated Model   145 

Each of the tectopetal input subregions and the SC region were represented by arrays of 100 146 

units. Each unit was referenced with superscripts to indicate its array and with subscripts to 147 

indicate its position within that array (indicating its spatial position/sensitivity). Thus, the net 148 

input to a unit at location i within array h at time t was written )(tu hi . The output of this unit, 149 

)(tz hi , was determined by a first order differential equation: 150 

)()()( tutztz
dt
d h

i
h
i

h
i         (1) 151 

Here, was a fixed time constant (identical for all neurons) and (...) described a sigmoidal 152 

function with central point  and central slope p: 153 

ptu
h

s

e
tu

)(1
1)(          (2) 154 

The strength (i.e., “weight”) of an excitatory projection from a unit at position j in array k, to a 155 

unit at position i in array h, was written as kh
jiW
,

, . Inhibitory connection strengths used the same 156 

convention but were denoted by a capital L instead of W. Note that for simplicity we 157 

implemented 1-to-1 connections. 158 
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The net input to a unit in input region C or NC was determined by three components: an 159 

excitatory input representing an external stimulus ( h
iI , zero by default), a “noise input” 160 

randomly selected from a zero-mean Gaussian distribution with standard deviation 2.5 161 

(N(0,2.5)), and an inhibitory input derived from other input subregions ( )(tl hi ): 162 

)()5.2,0()( tlNItu h
i

h
i

h
i          (3) 163 

The inhibitory input for units in the non-competitive subregions was determined by: 164 

;C ,C ,Cm     NC ,NC ,NCh             ;  t svasva
m

, m
j

j

mh
ij

h
i zLtl    (4) 165 

The inhibitory input for units in the competitive subregions was: 166 

svasvamax
m

, NC ,NC ,NCm ;C ,C ,Crh,     ;tt r
i

r

m
j

j

mh
ij

h
i zLzLtl  (5) 167 

Here maxL represented a fixed strength for the inhibitory connections between competitive 168 

subregions. These connections implemented the “default” WTA. 169 

SC units pooled the output of units from all six inputs subregions. This was arranged by 170 

constructing multiple “compartments” within each SC unit that received input from specific 171 

subregions and not others (see Fig. 1B). These compartments were computational abstractions 172 

to simplify the operation of the learning rule and were not intended to directly simulate any 173 

specific biological component of a neuron. Inputs from competitive subregions targeted 174 

compartments V, A, and S, whereas non-competitive inputs targeted compartments that pooled 175 

pairwise modality combinations: VA, VS, and AS. Thus, the net input to a “competitive” input 176 

compartment s (either V, A, or S) dedicated to a competitive subregion r (either Cv, Ca, or Cs, 177 

respectively) was: 178 

    C ,C ,C r    S V, A,  s                 ; t sva
r
i

s
i zWctI       (5) 179 

The net input to a “non-competitive” input compartment p (either VA, VS, or AS) dedicated to a 180 

pair of non-competitive subregions m and n (either NCa and NCv, or NCv and NCs, or NCa and 181 

NCs) was: 182 

  NC ,NC ,NC n m,  AS VS,AV,  p           ; tt sva
n
i

m
i

p
i zWnczWnctI   (6) 183 
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Input compartment activity levels were calculated by applying EQ5-6 to EQ 1-2, and then 184 

pooled, scaled by a weight, and combined with zero-mean Gaussian noise to yield the net input 185 

to a “central” compartment: 186 

; VSAS,AV,S,V,A,m        N(0,10)  t
j

,

m

m
j

mSm
ij

Sm
i zWtu    (7) 187 

This value was converted to SC output using EQ 1-2. Both bisensory (5 compartments: 4 input 188 

and 1 central) and trisensory (7 compartments: 6 input and 1 central) units were simulated. To 189 

reduce the number of free parameters, tectopetal weight matrices were selected so that the total 190 

amount of input to the SC from all of the competitive subregions was equal to the total amount 191 

of input from all of the non-competitive subregions for a single point stimulus. 192 

Learning rules 193 

To highlight the important features of the model in the present context, the only plastic (i.e., 194 

modifiable by sensory experience) connections in the network were the excitatory projections 195 

from the non-competitive compartments (i.e., AV, VS, AS) to the SC unit and the mutual 196 

inhibitory projections between the competitive and non-competitive regions (see Fig. 1B). All 197 

other connections were assumed to be mature in the initial state of the model, which 198 

represented an early postnatal period just before multisensory enhancement capabilities 199 

emerge. Developmental events preceding this starting point (including unisensory development) 200 

were previously described in (Cuppini et al., 2011, 2012). 201 

In our model, plastic connections were modified by a Hebb-like learning rule augmented with 202 

two special constraints: (1) high activation thresholds for engagement and (2) a saturating upper 203 

bound. These constraints provided the rule with additional complexity beyond that of a simple 204 

generic associative learning rule. Mathematically, the rule for modifying the weight from a non-205 

competitive input compartment k (e.g., AV, VS, AS) indexed by j to the central compartment of 206 

the SC unit at location i was: 207 

Ck
j

NSm
i

kSm
ij

kSm
ij

kSm
ij zzttWdttW )()()( ,,, ; k=AV, VS, AS; note that i=j  (8) 208 

In this equation, […]+ represents a rectification operation. Weights were only modified if 209 

activation thresholds were met by the SC neuron ( N) and the input compartment ( C), and this 210 

was obtained only in case of multisensory stimulation, when both input regions targeting the 211 

same input compartment were active. The learning factor )(, tkSm
ij  implemented a saturating 212 

upper bound: 213 
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)()( ,
max0

, tWWt kSm
ij

kSm
ij         (9) 214 

In this equation, 0  was a scalar and Wmax was the maximum value for an individual weight. 215 

Mutually inhibitory connections between the competitive and non-competitive subregions were 216 

modified by a similar rule, replacing W with L, with , and C with N: 217 

Ns
j

Nm
i

sm
ij

sm
ij

sm
ij zzttLdttL )()()( ,,,       (10) 218 

)()( ,
max0

, tLLt sm
ij

sm
ij          (11) 219 

These equations described the rule for the projections both from competitive regions (when 220 

m=NCv, NCa, or NCs) to non-competitive regions (when s=Cv, Ca, or Cs) and the projections in 221 

the reverse direction (when m=Cv, Ca, or Cs and s=NCv, NCa, or NCs). The same activation 222 

threshold was required for both the projecting and receiving unit ( N); thus, changes in sm
ijL

, and 223 

ms
ijL
, were identical.  224 

To illustrate the crucial elements of the learning rule used here, we compared the results of the 225 

model obtained when using the learning rule above to those obtained when a generic Hebbian 226 

learning rule was substituted in its place (EQ12). In the generic rule, the connection (W) 227 

between the j-th neuron in the pre-synaptic region S and the i-th neuron in the post-synaptic 228 

area P was modified according to neurons’ activities (z) at time t:  229 

S
j

P
i

SP
ij

SP
ij zztWdttW )()( ,,       (12) 230 

In this equation, α is a learning factor kept constant throughout the training and  represents a 231 

low activation threshold.  232 

Simulations of Multisensory Development 233 

Exposure to a sensory cue was simulated by setting the external network input I to a value 234 

representing a point stimulus (Itraining, see Table 1),kept constant during a single training trial, 235 

updating the state of the network (EQ 1-7) until a steady state was reached, and applying the 236 

learning rules (EQ 8-11, or EQ12) to the plastic connections. Exposure to cross-modal cue 237 

combinations was simulated by setting input patterns for multiple subregions in the C and NC 238 

regions. External input patterns for each stimulus were identical for the relevant competitive 239 

and non-competitive regions. As described above, a “noise input” randomly selected from a 240 
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zero-mean Gaussian distribution with standard deviation 2.5 (N(0,2.5)), was also added to the 241 

external input I. 242 

Development was simulated by repeatedly exposing the network to different combinations of 243 

highly-effective cues (500,000 “trials”). Different developmental circumstances were simulated 244 

by using different mixtures of cue combinations (i.e., different “training sets”) for different 245 

networks: 246 

1) Normal-rearing training set: 40% of trials were VA, 30% VS, 30% AS. 247 

2) Dark-rearing training set (simulating rearing in a light-tight environment that precludes 248 

the visual-nonvisual experiences necessary for the development of SC visual-nonvisual 249 

multisensory integration, see (Yu et al., 2010, 2013)): 50% of trials were AS, 25% were A, 250 

and 25% were S. There were no visual or visual-nonvisual cues. 251 

3) Noise-rearing training set (simulating rearing in an omnidirectional sound environment 252 

that masks the transient auditory inputs necessary for the development of SC auditory-253 

nonauditory multisensory integration, see (Xu et al., 2014, 2017)): 50% of trials were VS, 254 

25% were V, and 25% were S. There were no auditory or auditory-nonauditory cues. 255 

Evaluations of Developmental Outcomes 256 

The end states of the model for the different developmental circumstances were evaluated by 257 

comparing the relationships between multisensory and unisensory responses predicted by the 258 

model with those that have been documented empirically from cats of either sex (Yu et al., 2010, 259 

2013, Xu et al., 2012, 2014, 2015, 2017). These evaluations involved recording the responses of 260 

individual model units to simulated visual, auditory, and somatosensory cues presented alone or 261 

in different concordant cross-modal combinations (30 trials/test), then calculating the 262 

proportionate difference (i.e., multisensory enhancement,  ME) between the unit’s mean 263 

response to each cross-modal cue combination and its most robust response to one of its 264 

modality-specific components. This value quantified how the unit integrated a particular cross-265 

modal stimulus combination. To assess patterns of integration within the different simulated 266 

developmental circumstances, multiple units were tested with simulated cues having different 267 

levels of efficacy randomly-selected from a Gaussian distribution with mean value I (see Table 268 

1).  269 

Experimental Design and Statistical Analysis 270 

Mean levels of ME and the relationship between ME and unisensory effectiveness were assessed 271 

for each cue combination and each developmental circumstance, and compared to the same 272 
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metrics obtained empirically. Individual model units were selected with unisensory response 273 

magnitudes similar to those of published biological exemplars for further illustration of 274 

similarities in developmental outcomes. Model performance was evaluated statistically by 275 

comparing the proportion of integrating neurons identified in different rearing environments 276 

and cross-modal configurations produced by the model to the distribution of empirically-277 

observed values reported in (Xu et al., 2015) using binomial tests. 278 

Parameter Selection and Weight Matrices 279 

Numerical parameter values for the model stimulations (Table 1) were selected so that units 280 

would rapidly respond to stimuli when present but otherwise maintain negligible levels of 281 

activity. The weights of all plastic connections were initialized to zero. Two other important 282 

design choices not described above are enumerated below: 283 

Constraint 1: Learning rate scalars for the excitatory weights between the non-competitive input 284 

compartments and the central compartment of the SC unit were greater (faster) than learning 285 

rates for the plastic inhibitory connections between competitive and non-competitive 286 

subregions.  287 

Constraint 2: The threshold value for the learning rule applied to the non-competitive input 288 

compartments ( C) was set to require joint activation of afferents from both modalities for the 289 

rule to be engaged. 290 

Individual Units Input 

N = 100 Itraining = 30 

θ  = 20 I = 19.5 

s  = 0.3 Training 

= 3ms maxW = 25 

Connections 0  = 0.1 

Wnc= 21 maxL = 15 

Wc= 42 0 = 0.001 

Sm
W = 25 

N = 0.4 
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K = 15 C = 0.7 

Table 1. Simulation parameters 291 

Results 292 

The different simulated rearing paradigms (normal, dark-rearing, and noise-rearing) produced 293 

different developmental trajectories, yielding “adult” neurons that responded to different pairs 294 

of spatiotemporally concordant cross-modal cues in different ways. In each case the model’s end 295 

points were very similar to those observed empirically in SC neurons after the corresponding 296 

rearing condition (Yu et al., 2010, 2013, Xu et al., 2012, 2014, 2015, 2017). The model 297 

reproduced, with reasonable accuracy, both the overall population trends in the biological data 298 

as well as the behavior of individual exemplars. Essentially, whenever a particular cross-modal 299 

pair was present in the simulated training paradigm/rearing environment (e.g., an auditory-300 

somatosensory stimulus pair during dark-rearing), adult SC neurons would produce enhanced 301 

responses to that pair. However, when experience with a particular pair was excluded during 302 

training/development (e.g., visual-auditory pairs were precluded during dark-rearing and 303 

disrupted in noise rearing by masking transient auditory cues) the response of the neuron to 304 

that pair was not enhanced – it was either equivalent to, or less than, the response to the most 305 

effective cue in the pair. These observations were found in both simulated bisensory and 306 

trisensory neurons. Thus, both in the model and in the actual SC, neurons use cross-modal 307 

sensory experiences to develop the ability to integrate only those cross-modal combinations 308 

present in that environment to produce enhancement. 309 

Initial State of the Model 310 

Tectopetal projections from the non-competitive input region were initially ineffective: in its 311 

native state, the SC behavior was solely determined by the active and mature winner-take-all 312 

(WTA) competition implemented among the competitive input subregions. Thus, when the 313 

network was tested with cross-modal cues at this time, the more efficacious cue suppressed the 314 

influence of the other and determined the SC response (after suffering some attrition). This 315 

occurred regardless of the relative positions of the cues within the array (i.e., simulated to be 316 

concordant or disparate in space). It is conceptually important to note that, according to the 317 

model, this experience-naïve state is not one in which multisensory processing rules are absent; 318 

rather, it is one in which cross-modal cues interact competitively. The result, however, is that in 319 

the native state there is no multisensory enhancement evoked by cross-modal cues at any level 320 

of efficacy (Fig. 2). 321 
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Changes during Training: 322 

Cross-modal cue pairs presented during simulated development evoked activity in SC units via 323 

the influence of the competitive input subregions (as noted above, this activity pattern was 324 

determined by the WTA). The non-competitive input compartments also became activated by 325 

the simulated cues, although they did not yet influence the SC due to the ineffective state of their 326 

connections with the central SC compartment. However, the activity-dependent engagement 327 

criteria of the learning rule were met. This resulted in changes to the two sets of plastic 328 

connections (Fig. 3): 329 

1) Co-activation of the SC unit and the non-competitive input compartment for a given 330 

cross-modal pair caused the learning rule to strengthen the connections between the 331 

input compartment and the central compartment (see Fig. 1B, EQ 8-9). Because joint 332 

activation of both (cross-modal) inputs to the non-competitive input compartment was 333 

required (Constraint 2), these connections were not strengthened by modality-specific 334 

cues, only cross-modal cues. 335 

2) Co-activation of the competitive and non-competitive input subregions also caused the 336 

mutual inhibitory connections between them to be strengthened (EQ 10-11). In this way, 337 

competitive input subregions and non-competitive input subregions that were co-338 

activated during training came to inhibit one another. However, like the excitatory 339 

projections described above, these changes were specific to the modalities presented 340 

together in the training set: a general inhibition did not form between all competitive 341 

and non-competitive subregions (Fig. 3). 342 

By design, the excitatory connections from the non-competitive input compartments to the 343 

central compartment of the SC unit were more sensitive to the training paradigm (Constraint 1) 344 

and, thus, were trained much faster than the inhibitory connections between the non-345 

competitive and competitive input subregions. This ensured that the non-competitive 346 

subregions did not begin to suppress competitive inputs until their excitatory influences on the 347 

SC were mature, which was essential because their maturation required that SC activity be 348 

initially driven by the competitive input region. However, over the course of training, the non-349 

competitive input subregions eventually came to be the major determinants of the SC response. 350 

This was because a single stimulus saturated the net competitive input to the SC, but multiple 351 

(i.e., 2) stimuli were needed to saturate the non-competitive input. The effective impact was that 352 

the non-competitive projection had reserved capacity to provide a more robust net input when 353 

multiple cross-modal cues were present. 354 
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Model End States and Developmental Outcomes 355 

The most informative comparisons between the results of the simulations in the model and the 356 

empirical data were obtained by examining the response patterns of model trisensory units and 357 

biological trisensory neurons after different rearing conditions. Simulated development in 358 

bisensory neurons revealed equivalent results for their particular convergence pattern. 359 

Exemplar Comparisons: Fig. 4 illustrates the unisensory and multisensory responses of three 360 

trisensory exemplar neurons recorded from the SC of normal (Fig. 4A), dark-reared (Fig. 4B), 361 

and noise-reared animals (Fig. 4C), and 0f three exemplar SC units of the model, trained to 362 

simulate each of these conditions. Each real neuron and model unit was tested with visual, 363 

auditory, and somatosensory cues placed alone and together in different concordant pairwise 364 

combinations within overlapping regions of their respective receptive fields. The responses to 365 

different pairs and their unisensory components were collected in different experimental blocks 366 

(there was some small variation in the unisensory response magnitudes across blocks). In each 367 

case there was a match between the patterns observed in the actual physiological responses 368 

(middle) and the model results (right). Whereas the normal-reared neuron evidenced robust 369 

response enhancement to each cross-modal combination, the responses of dark-reared neurons 370 

were enhanced only by the auditory-somatosensory combination, and the noise-reared neurons 371 

were enhanced only by visual-somatosensory combination. The responses of the neurons to all 372 

other cross-modal combinations (i.e., those to which they were not exposed during rearing) were 373 

approximated by the more robust modality-specific component response, or an average of the 374 

two comparator unisensory responses.  375 

The model explains how each of these patterns can result from differential development of the 376 

plastic non-competitive projections. In the normal-reared paradigm, all non-competitive 377 

projections are strengthened. But only the A-S non-competitive projections are strengthened in 378 

the dark-reared paradigm, and only the V-S non-competitive projections are strengthened in the 379 

noise-reared paradigm. Whenever a non-competitive projection representing a particular 380 

pairing was not strengthened, the response of the neuron to cross-modal cues belonging to that 381 

pairing was dictated by the competitive pathway. Thus, these responses reflected the outcome of 382 

the WTA competition and were not enhanced. 383 

Population Comparisons: Fig. 5 illustrates physiological results obtained from SC neural (left 384 

panels) and model populations (right column). In both model and biology, larger proportionate 385 

multisensory enhancements were more commonly associated with weaker modality-specific 386 

components, a common observation in normal-reared animals referred to as “inverse 387 
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effectiveness” (see Meredith and Stein 1986).  This feature varied in predictable ways across the 388 

different groups. For the normal-reared population (Fig. 5A), similar inverse trends were 389 

observed for each modality pairing in the model and the empirical dataset (Xu et al., 2015). For 390 

dark-reared and noise-reared populations (Fig. 5B and 5C, respectively), significant inverse 391 

trends only existed for modality pairings that were present in the rearing environment/training 392 

paradigm. The non-experienced/untrained modality pairs showed no significant enhancement 393 

(and even multisensory depression) at all levels of unisensory effectiveness. In each case the 394 

model provided a good match to the empirical trends. 395 

Fig. 6 summarizes the empirical and model results at a population level. One of the interesting 396 

features of the empirical data (Fig. 6A) was that, when a modality pairing was present in the 397 

environment, the average enhancement (ME) observed for that pair at the developmental end 398 

point (Fig. 6A, left) was approximately the same (~90%) regardless of the specific modalities 399 

involved. When a pairing was excluded from the rearing environment, ME only averaged ~20% 400 

in each case, regardless of the specifics of the excluding environment. A similar result was seen 401 

in the probability that an adult trisensory neuron would exhibit significant multisensory 402 

enhancement in response to each cross-modal pairing. If the cross-modal pairing was included 403 

in the rearing environment, the vast majority of these neurons (~70%) generated enhanced 404 

responses to those cues when mature. Only a minority of neurons generated significantly 405 

enhanced responses to an excluded pairing. The model replicated all of these findings with a 406 

high level of accuracy (Fig. 6B). In each case, the model’s proportion of integrating neurons are 407 

not statistically different from the empirically-observed values with an evaluation criteria of 408 

(α=0.01); in other words, the model’s behavior is within the expected variation of the empirical 409 

results (Table 2). 410 

 411 

  412 
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 Probability to Integrate (%) 

 Empirical Model p-value 

Normal-Reared    

      VA 84 82 0.56 

      AS 82 89 0.2 

VS 77 86 0.07 

Dark-Reared    

      VA 17 18 0.81 

      AS 77 83 0.25 

VS 11 13 0.51 

Noise-Reared    

      VA 22 10 0.04 

      AS 25 13 0.03 

VS 75 83 0.16 

Table 2. Comparisons of model and empirical results for the probability of a multisensory 

neuron (expressed as %) producing an enhanced vs. non-enhanced response in different 

stimulus conditions (VA=visual-auditory, AS=auditory-somatosensory, VS=visual-

somatosensory) in different simulated rearing conditions. P-values are obtained using the 

empirical data as the null hypothesis model in a binomial test. Empirical results are 

obtained from (Xu et al., 2015). 

 413 

Importance of model constraints revealed by a sensitivity analysis: The present model was 414 

reduced and simulated in a simple form in order to highlight the computational features of the 415 

circuit believed to be most crucial in accounting for the development of multisensory 416 

enhancement capabilities. One way to demonstrate the crucial nature of these particular 417 

features on the model’s effectiveness is to remove them, “breaking,” the model in specific ways 418 

and then examining the impact on the model’s developmental trajectories and endpoints. 419 

One crucial feature of the model in the present context is that the SC receives input from both 420 

competitive and non-competitive projections. The dominance of competitive projections in early 421 
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life was a necessary constraint to explain how neonatal multisensory neurons can be responsive 422 

to multiple sensory modalities, yet not generate enhanced responses to their concordant 423 

stimulation. The importance of the non-competitive projections in accurately explaining 424 

development was demonstrated by removing them from the model (Fig. 7). Since the model 425 

assumes that AES is the only source of the non-competitive projections (and other sources exist 426 

for competitive projections), this manipulation can be thought of as equivalent to removing AES 427 

in early life (Jiang et al., 2006, 2007; Rowland et al., 2014). The consequence for the model was 428 

the same as that observed in those empirical studies: the SC never developed multisensory 429 

enhancement capabilities because it lacked the substrate that allows cross-modal signals to 430 

bypass the default competition (Fig. 7). 431 

A second crucial feature of the model is that a joint activation between the presynaptic inputs is 432 

required to engage the learning rule operating on the non-competitive projections. This 433 

augmentation elevates the complexity of the learning rule above that of a standard generic 434 

associative learning rule, requiring the whole triad of (multiple) presynaptic and (singular) 435 

postsynaptic elements to be activated in order for the connection to be strengthened. This 436 

requirement of a triad restricts the development of multisensory enhancement capabilities to 437 

those specific pairs that have been experienced. To illustrate the importance of this feature, a 438 

generic Hebbian learning rule (EQ12) was substituted in place of our modified learning rule and 439 

applied to the non-competitive projection. Fig. 8 illustrates the results obtained from the model 440 

for dark-reared simulations using the generic learning rule: the model SC units develop the 441 

ability to integrate all pairs of cues, rather than only the AS pairs. This occurs because input 442 

from only a single modality is sufficient to strengthen the connection from any non-competitive 443 

input compartment to which it connects because it meets the presynaptic requirement of the 444 

generic association rule. Thus, if the training set/rearing environment includes even a single 445 

cross-modal pair (e.g., AS in dark-rearing), then the connections from all non-competitive input 446 

compartments become strengthened, because each non-competitive input compartment 447 

receives input from at least one of the modalities in the included pair. Consequently, by 448 

implementing a generic associative learning rule, multisensory enhancement capabilities 449 

develop for all modality pairings: patterns not actually seen in dark-reared or noise-reared 450 

animals (Yu et al., 2010, 2013; Xu et al., 2014). With a generic associative learning rule, the 451 

network would generalize any cross-modal experience and extend integrative abilities to cross-452 

modal pairs never experienced during training. 453 

 454 
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Discussion 455 

In the present model, the AES-SC projection is assumed to be active, efficacious, and composed 456 

of cross-modal convergent afferents in the absence of cross-modal experience; however, without 457 

such experience the cross-modal signals it relays interact competitively. With appropriate 458 

experience a non-competitive set of AES-SC inputs emerges and relays cross-modal signals that 459 

interact cooperatively. The present model replicates the specificity of the experience-dependent 460 

development of this multisensory integrative process as SC multisensory integration capabilities 461 

emerge and override the default state of cross-modal competition. The insights offered by the 462 

model in explaining why multisensory development proceeds in the way that it does, and the 463 

predictions it makes for future evaluation, are detailed below.  464 

One of the theoretical insights of the model is that the initial default state of the circuit is one in 465 

which sensory inputs interact competitively regardless of their modality or the concordance of 466 

information they relay. This concept represents an evolution in our understanding of 467 

multisensory development, which previously viewed enhancement capabilities, and integration 468 

capabilities more generally, as being built on a neutral or “unformed” substrate (Wallace and 469 

Stein, 1997, 2000, Wallace et al., 1997, 2004; Stein, 2005; Stein and Rowland, 2011), much as 470 

the emergence of other functional capabilities have been viewed (e.g. language, object 471 

recognition). However, this new perspective has intuitive appeal given the functional role of the 472 

SC in detecting and localizing external cues as a precondition for programming orientation 473 

responses. Because orientation can be directed at only one target at a time, a basic constraint 474 

imposed on multiple cues simultaneously seeking access to the sensorimotor circuitry of the SC 475 

is that they compete. In the adults, this is readily observable when within-modal or cross-modal 476 

cues are presented in different spatial locations: responses to either individual cue are often 477 

degraded (Alvarado et al., 2007; Gingras et al., 2009). The present model suggests that in the 478 

absence of experiences that provide evidence for a common origin of a particular cross-modal 479 

configuration (i.e., spatially concordant (Kayser and Shams, 2015)), the circuit extends its 480 

internal logic to process any two cross-modal cues as competitive. 481 

The second model insight is that the internal structure of the multisensory circuit allows for the 482 

computational segregation of pairs of sensory modalities. This recognizes that neurons do not 483 

develop a generic integrative process that is then applied to all cross-modal pairs. Rather, 484 

specific processing capabilities develop so that a neuron can deal differently with different cross-485 

modal pairs, and perhaps different spatiotemporal configurations, depending on its experience 486 

with those particular stimulus conditions. This is accomplished via the non-competitive input 487 
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compartments (an architecture that extends previous proposals, cf. (Rowland et al., 2007)). 488 

There are many different biological mechanisms that could accomplish such functional 489 

compartmentalization; e.g., by connections targeting adjacent dendritic locations (e.g., Poirazi et 490 

al., 2003); by interacting through NMDA-gated channels (Binns and Salt, 1996; Truszkowski et 491 

al., 2017); or by aligning inputs/EPSPs in temporal proximity or within a phase of an ongoing 492 

background oscillation (Lakatos et al., 2007; Senkowski et al., 2008; Engel et al., 2012). Equally 493 

likely is the possibility that the same endpoint is achieved through more indirect means; for 494 

example, by rebalancing contacts from or between interneuron populations which receive 495 

specific patterns of input (e.g., interneurons driven by AEV might reduce their inhibition of 496 

excitatory input from one region (e.g., FAES), but not from another (e.g., SIV)). Until relevant 497 

physiological studies examine these possibilities, there is no compelling reason to favor one 498 

alternative over another.  499 

A third insight of the model is that, although an associative learning rule can drive development 500 

in this circuit, it must be sensitive to the covariance among multiple presynaptic elements in 501 

addition to their common postsynaptic target. There is substantial evidence for the operation of 502 

Hebbian rules in multiple areas of the brain, including the SC (Bi and Poo, 2001), and there are 503 

several variants of the basic Hebbian learning rule that can implement such an idea. One of the 504 

most basic is a “sliding threshold” model (e.g., (Bienenstock et al., 1982)), in which the threshold 505 

required for the engagement of the learning rule is always just above the magnitude of the input 506 

from the most effective presynaptic element (e.g., unisensory input). In this way, both 507 

presynaptic elements must be active to engage the learning rule, which in turn causes 508 

strengthening of both, but in doing so the threshold is also pushed higher so that it is always out 509 

of reach of a single element. In the present context such a rule could apply to the development of 510 

both the competitive and non-competitive projections, with only variation of a single parameter 511 

(the threshold) being sufficient to explain their developmental asymmetries. It should be noted 512 

that although the simulated model applies changes to the strength of connections between 513 

compartments, this operation is equivalent to individually strengthening individual connections. 514 

Biophysical components such as the voltage-sensitive N-methyl-D-aspartate (NMDA) receptor 515 

may play a crucial role in implementing the proposed learning rule, as “clusters” of AES contacts 516 

on target SC neurons that utilize NMDA receptors could conceivably implement the triadic 517 

covariance rule. NMDA receptors have previously been implicated as playing a crucial role in the 518 

expression of multisensory integration in the SC/tectum (Binns and Salt, 1996; Truszkowski et 519 

al., 2017), and it is possible that they are likewise important in its development.  520 
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The present model represents a focused attempt to describe this development at higher 521 

resolution in a well-studied circuit. How these insights might extend to other multisensory 522 

circuits in the brain is unknown. One possibility is that the cooperative/competitive dynamics 523 

described here represent a general neural plan for signal filtering (i.e., figure/ground 524 

separation) that is engaged throughout the brain. A distinct alternative, however, is that the 525 

crucial multisensory computations engaged by each circuit depend on its unique computational 526 

goals.  For example, a circuit computing an “optimal estimate” of a property of an external event 527 

might default to competitive dynamics, while one designed to enhance the simultaneous 528 

processing of multiple features would not. If the latter hypothesis is correct, this diversity in the 529 

multisensory transform might reflect very different developmental dynamics. 530 

The model makes several key predictions. First, in the absence of cross-modal experience, the 531 

default SC multisensory computation will be one of competition, not one of “non-integration” 532 

(in which the less efficacious input would be discarded or ignored).  Second, the SC multisensory 533 

products in SC neurons of animals lacking experience with a set of cross-modal cues will be 534 

equivalent regardless of whether those cues are spatiotemporally concordant or disparate. 535 

Third, as a consequence of averaging, multisensory responses will be depressed below the best 536 

component unisensory response when those cross-modal cues differ significantly in efficacy. 537 

Fourth, if NMDA receptors play a crucial role in this development, it should be possible to 538 

preclude this development by deactivating them during early life when multisensory experience 539 

is typically first acquired.  540 

The model also suggests that the AES-SC projection has greater functionality than has been fully 541 

appreciated – in particular, that some of the competitive interactions observed in the SC reflect 542 

operations that take place within cortex itself, and are then relayed to the SC. There is some 543 

tangential empirical evidence consistent with this idea. For example, AES deactivation has been 544 

noted to have a partial effect on the incidence and magnitude of multisensory depression in the 545 

SC evoked by spatially disparate cross-modal cues (Jiang and Stein, 2003). The present model 546 

provides the first explanation for this dependency, and why it is only partial: it reflects the 547 

action of only a subset of the competitive cross-modal projections to the SC. However, to our 548 

knowledge this prediction has not yet been examined systematically. 549 

Additionally, the model predicts that multisensory enhancement capabilities will not have a 550 

transitive inference property. Separately formed visual-auditory and auditory-somatosensory 551 

associations will not automatically form a visual-somatosensory association. This requires 552 

visual-somatosensory experience. There are presently no empirical data that address this 553 
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prediction. However, it could be tested in either dark-reared animals in which enhancement 554 

capabilities to auditory-somatosensory inputs develop naturally and visual-auditory 555 

enhancement capabilities are later “trained,” or in noise-reared animals in which two 556 

comparable pairs of effective cross-modal configurations are created (Yu et al., 2010, 2013; Xu 557 

et al., 2017) . In both cases, the empirical test would be whether the untrained pair would now 558 

produce multisensory enhancement. The results of this empirical evaluation, and those 559 

described above, will further refine our conceptual frameworks for multisensory development 560 

and our understanding of its key mechanics.  561 

 562 
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Legends 671 

Figure 1: Structure of the model. A: A reduced model is shown here to isolate the circuit 672 
components of interest. These include: (1) a region representing the SC, (2) a region 673 
representing projections to the SC from the modality-specific visual, auditory, and 674 
somatosensory zones of AES (AEV, FAES, and SIV, respectively), and (3) a region representing 675 
all non-AES inputs (subcortical and cortical) from these same modalities. For a better 676 
comprehension of the network, the two figures depict the connectivity among single units 677 
belonging to the different structures implemented in the model. Subregions in each input region 678 
extend net inhibitory connections with each other that implement a winner-take-all (WTA) 679 
competition for control over SC responses (see text for more details). In addition, the AES 680 
subregions project excitatory connections to the SC that do not participate in this competition 681 
(“non-competitive projection”). The non-competitive connections, and the inhibitory 682 
connections between AES and non-AES, are modifiable by cross-modal experience (indicated by 683 
red lines). B: This architecture is further simplified for efficient simulation by collapsing all 684 
sources (AES & non-AES) of competitive input for each modality (Cv, Ca, and Cs) into a single 685 
region because of their similar function, thereby separating them from the modifiable AES non-686 
competitive (NCv, NCa, NCs) projections.  687 

Figure 2: The native state: In the model’s initial state, the responses of individual SC units 688 
are not enhanced by cross-modal cues at any level of stimulus efficacy. Plotted here is the 689 
amount of multisensory enhancement (ME, y-axis) observed in response to cross-modal (VA, 690 
VS, AS, see key) cue pairs at multiple efficacy levels (x-axis) for a network prior to any simulated 691 
development. Each point represents the multisensory enhancement index of a single unit. All 692 
points, regardless of specific cross-modal convergence pattern, cluster around zero.   693 

Figure 3: Training changes connection strength (“weights”) during development. 694 
A: Plotted for the three different training paradigms/simulated rearing conditions (normal, 695 
dark-rearing, noise-rearing) is the strength of the projection from each non-competitive 696 
compartment (y-axis) as a function of training epoch (x-axis). Non-competitive channels are 697 
identified by the modalities they pool (VA=visual and auditory, AS=auditory and 698 
somatosensory, etc.). The normal training paradigm leads to a strengthening of all channels 699 
because all modality pairings are presented, while the dark-reared and noise-reared paradigms 700 
produce strengthening only in the cross-modal pair represented in the training set. B: Similar 701 
experience-specific effects are seen for the inhibitory projections from the non-competitive 702 
subregions to the competitive subregions in each of the training paradigms (larger value = more 703 
inhibition). Reverse inhibitory projections from competitive subregions to non-competitive 704 
subregions are symmetric and show equivalent development. Robust inhibition develops for 705 
each modality present in the training set and in proportion to its amount of representation.  The 706 
consequence of this result is that inhibitory interactions are only formed between inputs that 707 
were co-activated during training, and not all inputs subregions.  708 

Figure 4: Empirical-model parallels in multisensory and unisensory responses 709 
after different rearing conditions. A-C: Illustrations of the results obtained for three 710 
different rearing conditions/training paradigms: A=normal-rearing, B=dark-reared, C=noise-711 
reared. Illustrated for each condition is a schematic of the sensory convergence pattern (left), 712 
physiological recordings (Xu et al., 2015) of responses from an SC trisensory neuron tested with 713 
different cues (middle), and the model results for those responses (right). Bar graphs indicate 714 
the magnitude of the responses to visual (V), auditory (A), and somatosensory (S) stimuli 715 
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presented alone or in different pairwise combinations (i.e., VA, VS, AS), as well as the 716 
multisensory enhancement (ME) generated by each multisensory response.  Note the striking 717 
parallels between the physiological response magnitudes (in units of mean impulses/trial) and 718 
the model responses (in normalized units). In both cases the sum of the responses to the 719 
unisensory components are reported for comparison. Adapted from (Xu et al., 2015) 720 

Figure 5:  Empirical-model parallels in multisensory enhancement (ME) and 721 
inverse effectiveness. Plotted are individual data points and trend lines relating 722 
proportionate multisensory enhancement (ME, %) to the magnitude of the response to the most 723 
effective component stimulus (i.e., unisensory response) for the normal-reared (top), dark-724 
reared (middle), and noise-reared (bottom) populations. The left panel for each population 725 
shows the empirical result from Fig 3 of Xu et al. (2015). The right plot shows the model results 726 
(each data point was derived from the mean responses of each model’s unit computed over 30 727 
trials/stimulus condition). In each case, modality-pairings that were present in the rearing 728 
environment / training paradigm showed an inverse relationship between ME and the 729 
magnitude of the best unisensory response, a trend termed “inverse effectiveness” (Meredith 730 
and Stein 1986). Pairings that were excluded from the rearing environment/training paradigm 731 
showed marginal, non-significant trends and no significant enhancement on average anywhere 732 
in the range. All fitted curves are exponential. Insets adapted from (Xu et al., 2015) 733 

Figure 6: Overall model-neuronal parallels. A: The empirical findings from Xu et al. 734 
(2015) indicate that multisensory enhancement is elicited by cross-modal pairings that were 735 
encountered in the rearing environment. Left: Mean proportionate enhancement (ME) elicited 736 
by each cross-modal pairing (VA, black; VS, red; AS, blue) in populations of trisensory neurons 737 
recorded from animals reared under different conditions (normal, dark-rearing, noise-rearing). 738 
Data are grouped on the x-axis according to whether each pairing would be encountered in the 739 
rearing environment (“with cross-modal experience”) or not.  Right: The proportion of 740 
trisensory neurons in each population that generated significantly enhanced responses to each 741 
of the modality-pairings (see Fig 3. Xu et al., 2015). B: The model predictions for each of the 742 
data points in (A), obtained by the mean responses, as reported in Fig. 5, of the simulated 743 
population of SC neurons in the model to different cross-modal pairs. There is a match between 744 
the trends in (A) and the model predictions in (B).  Figures in (A) adapted from (Xu et al., 2015) 745 

Figure 7: The effect of removing the non-competitive projections from the model. 746 
Shown are the model results trained with normal cross-modal experience, without the non-747 
competitive projections. Because only the competitive projections remain intact, multisensory 748 
responses are not enhanced for any cross-modal combination at any level of efficacy. 749 
Conventions are the same as previous figures. 750 

Figure 8: The effect on the model of removing the constraint requiring the 751 
activation of two presynaptic elements. The adult expression of multisensory 752 
enhancement capabilities in a network trained in the dark-reared paradigm in which a generic 753 
associative learning rule was implemented (i.e., the training thresholds for the non-competitive 754 
pathways have been lowered) so that activation of only one of the presynaptic elements was 755 
required. “Breaking” the network in this way produced results that no longer accurately 756 
reproduced the biological results. This network integrated all sensory combinations instead of 757 
only the AS combination. Conventions are the same as in previous figures. 758 
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N = 100 Itraining = 30 

θ  = 20 I = 19.5 

s  = 0.3 Training 

= 3ms maxW = 25 

Connections 0  = 0.1 

Wnc= 21 maxL = 15 

Wc= 42 0 = 0.001 

Sm
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N = 0.4 

K = 15 C = 0.7 

Table 1. Simulation parameters 
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 Probability to Integrate (%) 

 Empirical Model p-value 

Normal-Reared    

      VA 84 82 0.56 

      AS 82 89 0.2 

VS 77 86 0.07 

Dark-Reared    

      VA 17 18 0.81 

      AS 77 83 0.25 

VS 11 13 0.51 

Noise-Reared    

      VA 22 10 0.04 

      AS 25 13 0.03 

VS 75 83 0.16 

Table 2. Comparisons of model and empirical results for the probability of a multisensory 

neuron (expressed as %) producing an enhanced vs. non-enhanced response in different 

stimulus conditions (VA=visual-auditory, AS=auditory-somatosensory, VS=visual-

somatosensory) in different simulated rearing conditions. P-values are obtained using the 

empirical data as the null hypothesis model in a binomial test. Empirical results are 

obtained from (Xu et al., 2015). 

 


