
Unveiling dynamic system strategies for multisensory processing: 1 

from neuronal fixed-criterion integration to population Bayesian 2 

inference 3 

 4 

Jiawei Zhang1, Yong Gu2, Aihua Chen3* and Yuguo Yu1* 5 

 6 

1State Key Laboratory of Medical Neurobiology and MOE Frontiers Center for Brain 7 

Science, Research Institute of Intelligent and Complex Systems and Institute of Science and 8 

Technology for Brain-Inspired Intelligence, Human Phenome Institute, Shanghai 200433, 9 

China 10 

2Key Laboratory of Primate Neurobiology, Institute of Neuroscience, CAS Center for 11 

Excellence in Brain Science and Intelligence Technology, Chinese Academy of 12 

Sciences, Shanghai, China 13 

3Key Laboratory of Brain Functional Genomics (Ministry of Education), East China Normal 14 

University, 3663 Zhongshan Road N., Shanghai 200062, China 15 

 16 

 17 

*Correspondence: Yuguo Yu: yuyuguo@fudan.edu.cn 18 

               Aihua Chen: ahchen@brain.ecnu.edu.cn 19 

 20 

 21 

 22 

 23 

 24 

 25 

 26 

 27 

 28 

 29 

mailto:yuyuguo@fudan.edu.cn
mailto:ahchen@brain.ecnu.edu.cn


Abstract 30 

Multisensory processing is of vital importance for survival in the external world. Brain circuits 31 

can both integrate and separate visual and vestibular senses to infer self-motion and the motion of 32 

other objects. However, it is largely debated how multisensory brain regions process such 33 

multisensory information and whether they follow the Bayesian strategy in this process. Here, we 34 

combined macaque physiological recordings in the dorsal medial superior temporal area (MST-d) 35 

with modeling of synaptically-coupled multilayer continuous attractor neural networks (CANNs) to 36 

study the underlying neuronal circuit mechanisms. In contrast to previous theoretical studies that 37 

focused on unisensory direction preference, our analysis showed that synaptic coupling induced 38 

cooperation and competition in the multisensory circuit and caused single MST-d neurons to switch 39 

between sensory integration or separation modes based on the fixed-criterion causal strategy, which 40 

is determined by the synaptic coupling strength. Furthermore, the prior of sensory reliability was 41 

represented by pooling diversified criteria at the MST-d population level, and the Bayesian strategy 42 

was achieved in downstream neurons whose causal inference flexibly changed with the prior. The 43 

CANN model also showed that synaptic input balance is the dynamic origin of neuronal direction 44 

preference formation and further explained the misalignment between direction preference and 45 

inference observed in previous studies. This work provides a computational framework for a new 46 

brain-inspired algorithm based on multisensory inputs. 47 
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Introduction  69 

The primate brain frequently combines multisensory information from different sensory 70 

modalities, such as information of visual, vestibular, auditory, and haptic origin, to improve the 71 

perception of the external world. Both visual and vestibular information are valuable for the 72 

multisensory cortex to infer self-motion and object motion direction accurately in real-time. 73 

Previous experimental studies (Gu et al. 2006; Takahashi et al. 2007) showed that the macaque 74 

dorsal medial superior temporal region (MST-d) contains neurons responsible for multisensory 75 

encoding, e.g., vestibular and visual motion cues. Experimental studies observed that some MST-d 76 

neurons respond preferably to vestibular and visual motion in the same direction (called “congruent” 77 

neurons), while others prefer opposing directions (called “opposite” neurons) (Gu et al. 2006; 78 

Takahashi et al. 2007; Gu et al. 2008; Fetsch et al. 2011). Recent theoretical studies suggested that 79 

congruent neurons mainly implement cue integration, while opposite neurons mainly perform 80 

segregation. The responses of the congruent and opposite neurons are critical for the animal to make 81 

inference about whether information from the visual and vestibular senses are attributed to a 82 

common source or two separated ones. However, the mechanism for the origin of congruent or 83 

opposite neurons in MST circuit is rarely studied. Moreover, the mechanisms through which neurons 84 

implement multisensory integration and separation are also debated (Binns and Salt 1996; Meredith 85 

and Stein 1996; Driver and Spence 2000; Meredith 2002; Schroeder and Foxe 2005; Kayser and 86 

Logothetis 2007; Parise and Ernst 2016; Truszkowski et al. 2017; Zhang et al. 2019). 87 

Since sensory signals vary across modalities and conditions, Ernst and Banks proposed a 88 

general principle that the brain determines the degree to which a sense dominates the flow of 89 

information based on its reliability, which is defined as the variance of the sensory estimate (Ernst 90 

and Banks 2002). Further works demonstrated that human and monkey subjects adjusted the weight 91 

of each sensor based on cue reliability (stimulus motion coherence) and made the decisions about 92 

motion directions in a near-optimal way (Alais and Burr 2004; Shams et al. 2005; Morgan et al. 93 

2008; Fetsch et al. 2009). Evidence from experiments suggested that multisensory cortical neurons, 94 

e.g., MST-d (dorsal medial superior temporal), could represent the weighing of cue reliability by the 95 

neural response (Fetsch et al. 2012), comprising a link between single-neuron activity and behavior. 96 

Combining the theories and behavioral data, many works assumed that the neural system performs 97 

causal inference in Bayesian approach (Kording et al. 2007; Kayser and Shams 2015; Rohe and 98 

Noppeney 2015), which redefines the inference problem as an assessment of the posterior 99 

probability of integration based on the measurement distribution of each cue. The Bayesian causal 100 

inference (BCI) model managed to explain the experimental findings that spatially concurrent visual 101 

and vestibular inputs improved direction discrimination performance (Fetsch et al. 2012), which is 102 

mainly attributed to congruent neurons (Gu et al. 2008), while spatially confined inputs are canceled 103 

out by opposing neurons (Logan and Duffy 2006; Sasaki et al. 2017). Furthermore, by fitting the 104 



distribution width of sensory measurements, Bayesian computation captures the varying uncertainty 105 

that originates from both stimuli contrast and physiological noise (Qamar et al. 2013). Nonetheless, 106 

the BCI model does not explain the biophysical computation principle in neural systems due to the 107 

limit of its mathematical form. It remains to be solved how the Bayesian approach is achieved 108 

physically by neural systems, especially how the prior and posterior probability are represented by 109 

neuronal firing.  110 

In this study, we seek to combine both physiological recordings and computational models and 111 

explore two key scientific questions: 1) How are visual and vestibular signals integrated and 112 

separated by neuronal circuits? 2) How do multisensory computing algorithms emerge from 113 

hierarchical cortical circuits for behavioral-level inference decisions? In contrast to previous works 114 

that attribute the inference to the interaction between the multisensory areas (Zhang et al. 2019), 115 

this study first focuses on the multisensory computation of each MST-d neuron, which plays a more 116 

fundamental role. By investigating the physiological data from monkey MST-d neurons, we found 117 

that neuronal direction preference in the MST-d is correlated with relative synaptic input strength 118 

between the visual and vestibular inputs, which may entail multisensory computation. We further 119 

built a multipartite cortical circuit model that is composed of three continuous attractor neural 120 

networks (CANNs) (Cuppini et al. 2017). The circuit consists of three ring attractor networks, 121 

mimicking input transmission from the unisensory visual and vestibular regions to the MST-d along 122 

the cortical hierarchy. We demonstrate by this model that MST-d neurons naturally compose the 123 

coding bases for integration or separation by various synaptic coupling strengths between the inputs. 124 

The change of direction preference as observed in the data are an explicit form of the nonlinear 125 

coupling dynamic. 126 

Next, we went a further step and applied this computational principle to hypothetical decisions 127 

about whether the inputs should be integrated. We revealed that individual MST-d neurons 128 

implement a fixed-criterion strategy, which makes decisions with deterministic boundaries. 129 

However, by pooling MST-d neurons with different synaptic coupling strengths, the MST-d 130 

population implements Bayesian inference that leads to distinct decisions based on cue reliability, 131 

constituting a bio-plausible process for multisensory inference. 132 

 133 

Results 134 

Section 1. Analysis of physiological data 135 

We began with physiological recordings. We first characterized MST-d neurons with their 136 

turning response functions to the input senses. MST region is not only a crucial multisensory region 137 

(responding to both visual and vestibular inputs (Duffy 1998; Gu et al. 2006)) but also correlates 138 

with perception at the behavioral level (Celebrini and Newsome 1995; Rudolph and Pasternak 1999; 139 

Gu et al. 2008). Specifically, the dorsal part of the MST has a large receptive field that can respond 140 



to translational motion signals (Tanaka et al. 1989), which is well suited for detecting self-motion 141 

and object motion features in the horizontal plane. 142 

In our experiments, monkeys were seated on a motion platform attached to a screen (Fig. 1A). 143 

Without reporting, the subjects perceived visual motion through the optical flow presented on the 144 

screen or/and vestibular motion through the translation of the platform in the horizontal plane, 145 

comprising unisensory or multisensory conditions. Both visual and vestibular motion cues are 146 

designed to represent the same velocity and acceleration from one of 8 directions with 45° intervals. 147 

The multisensory condition contains 64 combinations of visual and vestibular input directions (Fig. 148 

1B), while the unisensory conditions contain 8 directions of each input. MST-d neuronal activities 149 

were recorded by a single-unit technique during the delivery of visual and/or vestibular stimuli. Fig. 150 

1C shows the response function of an example MST-d neuron in the unisensory condition (side 151 

panels) or multisensory condition (middle panel). Note that the unisensory condition means that 152 

either visual or vestibular cues are presented without the other cue (visual-only or vestibular-only), 153 

and the unisensory response is a function of each cue direction (𝜃). 154 

 𝑅𝑣𝑖𝑠
𝑚𝑎𝑥 = max[𝑓𝑣𝑖𝑠(𝜃𝑣𝑖𝑠)] (1) 155 

 𝑅𝑣𝑒𝑠
𝑚𝑎𝑥 = max[𝑓𝑣𝑒𝑠(𝜃𝑣𝑒𝑠)] (2) 156 

where 𝜃𝑣𝑖𝑠 and 𝜃𝑣𝑒𝑠 represent the visual and vestibular cue directions, 𝑓𝑣𝑖𝑠 and 𝑓𝑣𝑒𝑠 are the 157 

neuronal spatial tuning response functions, and 𝑅𝑣𝑖𝑠
𝑚𝑎𝑥 and 𝑅𝑣𝑒𝑠

𝑚𝑎𝑥 are neuronal maximal 158 

responses to either visual or vestibular cues, respectively, across all directions. We categorized 159 

each MST-d neuron by the balanced or imbalanced response level based on the ratio (𝑟),  160 

 𝑟 =
max(𝑅𝑣𝑖𝑠

𝑚𝑎𝑥,𝑅𝑣𝑒𝑠
𝑚𝑎𝑥)

min(𝑅𝑣𝑖𝑠
𝑚𝑎𝑥,𝑅𝑣𝑒𝑠

𝑚𝑎𝑥)
 (3) 161 

By definition, 𝑟 ≥ 1. To make it simple, we defined a neuron as balanced neuron when 1 ≤ 𝑟 ≤162 

1.7 and as imbalanced when 𝑟 ≥ 1.7(the criteria 𝑟 = 1.7 is explained later). In the data, 70 of 163 

115 MST-d neurons were identified as balanced neurons, characterized by relatively balanced 164 

synaptic inputs (Fig. 2A top panel), and the average max(𝑅𝑣𝑖𝑠
𝑚𝑎𝑥, 𝑅𝑣𝑒𝑠

𝑚𝑎𝑥) was 1.28 times the value 165 

of min(𝑅𝑣𝑖𝑠
𝑚𝑎𝑥, 𝑅𝑣𝑒𝑠

𝑚𝑎𝑥)  for neurons in this group. On the other hand, 45 of 115 neurons were 166 

identified as imbalanced neurons, characterized by the dominance of one input over the other (Fig. 167 

2A bottom panel). The value of max(𝑅𝑣𝑖𝑠
𝑚𝑎𝑥, 𝑅𝑣𝑒𝑠

𝑚𝑎𝑥)  in this group was 2.35 times that of 168 

min(𝑅𝑣𝑖𝑠
𝑚𝑎𝑥 , 𝑅𝑣𝑒𝑠

𝑚𝑎𝑥) on average. Since the cues were applied with the same reliability (velocity and 169 

acceleration), the ratio 𝑟 indeed measures the degree of contribution from one sense over the other 170 

in each neuron. It was proved that response amplitudes encode the input reliability that is linked to 171 

the signal-to-noise ratio (Fetsch et al. 2012); thus, 𝑟 is a neuronal pre-coded bias property of cue 172 

reliability, which is independent of real-time stimuli. 173 

Following the classification, the two encoding bases contained distinct tuning weights in 174 



unisensory condition. To specify the encoding properties in multisensory condition where both cues 175 

are presented, we examined the neural response 𝑅𝑚𝑢𝑙 that is a function of both cue directions 𝜃𝑣𝑖𝑠 176 

and 𝜃𝑣𝑒𝑠 (Fig. 1C middle panel), 177 

 𝑅𝑚𝑢𝑙 = 𝑓𝑚𝑢𝑙(𝜃𝑣𝑖𝑠, 𝜃𝑣𝑒𝑠) (4) 178 

where 𝑓𝑚𝑢𝑙 is the multisensory tuning curve function. The 𝑅𝑚𝑢𝑙
𝑚𝑎𝑥 = max(𝑅𝑚𝑢𝑙) on the response 179 

contour is appointed to the maximal neuronal response to a specific pair of visual and vestibular 180 

directions (denoted as 𝜃𝑣𝑖𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

 and 𝜃𝑣𝑒𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

). We defined the spatial disparity between the two 181 

directions as a multisensory-preferred disparity. 182 

 [𝜃𝑣𝑖𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

, 𝜃𝑣𝑒𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

] = argmax(𝑅𝑚𝑢𝑙) (5) 183 

 ∆𝜃𝑚𝑢𝑙 = 𝑚𝑖𝑛(|𝜃𝑣𝑖𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

− 𝜃𝑣𝑒𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

|, 360° − |𝜃𝑣𝑖𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

− 𝜃𝑣𝑒𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

|) (6) 184 

Similarly, the unisensory-preferred disparity was defined by the spatial disparity between the 185 

preferred directions of visual and vestibular cues ( 𝜃𝑣𝑖𝑠,𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

= 𝑎𝑟𝑔𝑚𝑎𝑥(𝑅𝑣𝑖𝑠) , 𝜃𝑣𝑒𝑠,𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

=186 

𝑎𝑟𝑔𝑚𝑎𝑥(𝑅𝑣𝑒𝑠)). 187 

 ∆𝜃𝑢𝑛𝑖 = 𝑚𝑖𝑛(|𝜃𝑣𝑖𝑠,𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

− 𝜃𝑣𝑒𝑠,𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

|, 360° − |𝜃𝑣𝑖𝑠,𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

− 𝜃𝑣𝑒𝑠,𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

|) (7) 188 

Both ∆𝜃𝑢𝑛𝑖 and ∆𝜃𝑚𝑢𝑙 range from 0° to 180°. In contrast to ∆𝜃𝑚𝑢𝑙, ∆𝜃𝑢𝑛𝑖 denotes the 189 

neuronal preference in the absence of multisensory interaction. As a result, ∆𝜃𝑢𝑛𝑖 is interpreted as 190 

the synaptic input disparity to each neuron, which represents the topological distance between the 191 

inherent preference of two independent cues after synaptic learning. 192 

Crucially, we observed that the multisensory preferences for visual and vestibular directions 193 

are usually different for each MST-d neuron, i.e., 𝜃𝑣𝑖𝑠,𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

≠ 𝜃𝑣𝑖𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

𝑜𝑟𝜃𝑣𝑒𝑠,𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

≠ 𝜃𝑣𝑒𝑠,𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

 (62/70, 194 

or 88.57% for balanced neurons; 40/45, or 88.89% for imbalanced neurons). As a result, the ∆𝜃𝑚𝑢𝑙 195 

is usually different from the ∆𝜃𝑢𝑛𝑖  in each neuron, which revealed the effect of multisensory 196 

operation on the encoding dynamics. Intuitively, the ∆𝜃𝑚𝑢𝑙 is interpreted as the disparity between 197 

the preferred directions of two sensory cues. The top panels of Fig. 2B-C present a typical balanced 198 

neuron that the disparity between the preferred directions increased when switching from the 199 

unisensory to multisensory condition. The bottom panels of Fig. 2B-C present an example 200 

imbalanced neuron in which the preferred disparity exhibited a decrement. The disparity preference 201 

change in multisensory condition resulted from the shifted peak of tuning curves (multisensory 202 

tuning curves are derived from red lines in Fig. 1C). The neural mechanism will be explained by a 203 

computational neural network in the next section.  204 

To specify the disparity preference at the population level, we investigated the probability 205 

distribution of unisensory (Fig. 2D) and multisensory preferences (Fig. 2E) in both balanced (left 206 



panels) and imbalanced neurons (right panel). The unisensory condition was characterized by 207 

polarized distributions. Balanced neurons generally preferred small ∆𝜃𝑢𝑛𝑖  values, while 208 

imbalanced neurons generally preferred large ∆𝜃𝑢𝑛𝑖  values. The summed population of MST-d 209 

thus had a bipolar distribution that parallels previous report (Gu et al. 2006). Under multisensory 210 

conditions, imbalanced neurons presented a major transition to preferring a small disparity between 211 

both cues. On the other hand, balanced neurons featured a uniform-distributed preference. We 212 

further specified the relationship between ∆𝜃𝑢𝑛𝑖 and ∆𝜃𝑚𝑢𝑙, as shown in Fig. 2F. It is clear that 213 

balanced neurons had a stronger correlation between the two disparities. A small ∆𝜃𝑢𝑛𝑖 generally 214 

led to a small ∆𝜃𝑚𝑢𝑙, and vice versa. In contrast, imbalanced neurons had a weaker correlation, and 215 

∆𝜃𝑚𝑢𝑙 was generally biased to 0° regardless of ∆𝜃𝑢𝑛𝑖. 216 

Based on the results above, we hypothesize that imbalanced neurons may serve as a sensory 217 

integration encoding basis because 1) it is commonly acknowledged that animals are inclined to 218 

integrate stimuli with small spatial disparity (Kording et al. 2007), in which imbalanced neurons are 219 

more likely to respond strongly given the dominance of the small ∆𝜃𝑚𝑢𝑙 value. 2) If one cue is 220 

unreliable, the subject tends to integrate the cues by giving larger weights to the more reliable one 221 

(Ernst and Banks 2002), which matches the pre-coded reliability bias of imbalanced neurons. 222 

Accordingly, we postulated that balanced neurons serve as a separation encoding basis in neural 223 

circuits since they are the counterparts of each other. In short, the balanced and imbalanced neurons 224 

have the potential to encode the spatial disparity of visual and vestibular cues in a reliability-based 225 

manner. We assumed that the ∆𝜃𝑚𝑢𝑙 distributions are identical in all directions; thus, only disparity 226 

coding was considered in this study, while specific directions were omitted. Next, we aimed to prove 227 

this hypothesis by a computational model that the response ratio, for either balanced or imbalanced 228 

neurons, is the dynamic origin that determines whether the MST-d neuron is a multisensory 229 

integration or separation encoder. 230 

 231 

Section 2. Continuous-attractor neural network (CANN) modeling 232 

To test our hypothesis that the response ratio for balanced or imbalanced neurons can 233 

determine neuronal encoding function, we constructed a multipartite cortical circuit model as a 234 

continuous-attractor neural network (CANN, Fig. 3A; modified from (Cuppini et al. 2017), see 235 

Methods for details). The model simulated hierarchical sensory processing composed of three 236 

neural networks, two of which were the unisensory middle temporal region (MT) and parietal-237 

insular vestibular cortex (PIVC). We assumed the third network to be a multisensory subnetwork 238 

that received the population outputs from the MT and PIVC regions and further determined the 239 

multisensory preference of MST-d neurons downstream. In other words, the CANN model 240 

simulated multisensory preference formation in specific synaptic input conditions; thus, it is 241 

independent of real stimuli. 242 

Model sketches 243 



Each network is composed of 180 neurons, whose positions denote preferences and are 244 

topologically aligned across networks. Neuronal dynamics are featured by a rate-based model in 245 

which activity ranges from 0 to 1 (Cuppini et al. 2017). The inputs to MT and PIVC are visual and 246 

vestibular signals, respectively, and were simulated by a Gaussian function that centers at position 247 

𝜃𝑣𝑖𝑠 or 𝜃𝑣𝑒𝑠 and has a wide range (Fig. 3B top panel). Once the inputs were received, the 248 

neurons in two unisensory layers showed group response ‘bumps’ mainly due to the lateral 249 

connections in a Mexican-hat shape (Fig. 3B bottom panel), and the center of the bump was 250 

usually distorted from 𝜃𝑣𝑖𝑠 or 𝜃𝑣𝑒𝑠 by neuronal intrinsic noise. 251 

Then, the response bumps were sent forward to the multisensory subnetwork. Notably, the 252 

response ratio in the data reflects the synaptic property because the inputs were applied with the 253 

same motion intensity. It is well acknowledged that synaptic input is the product of synaptic 254 

weight and the input firing rate. Since the input firing rate is normalized to 1, we assumed that the 255 

synaptic input is proportional to the synaptic weight; thus, the response ratio is interpreted as the 256 

synaptic weight ratio (more concisely referred to as the synaptic ratio). 257 

Therefore, balanced and imbalanced neurons were simulated by adjusting the proportion of 258 

the forward connection weights from the MT and PIVC to the subnetwork. The simulations were 259 

repeated 1,000 times, and the occurrence of the weight ratio value followed the balanced (Fig. 3C 260 

top panel) or imbalanced ratio distribution in the data (Fig. 3C bottom panel). 261 

When the forward inputs from the MT and PIVC arrived at the subnetwork, they still carried 262 

the distorted displacement between 𝜃𝑣𝑖𝑠 and 𝜃𝑣𝑒𝑠 due to the topological alignment setting. The 263 

neurons in the subnetwork responded to the inputs and formed bumps due to lateral connections 264 

(with the same parameters as unisensory layers), and the dynamics of the subnetwork are 265 

characterized by bifurcation states. It is obvious that when the inputs are close in distance, the 266 

neurons are prone to form a common response bump and cooperate (Fig. 3D). In contrast, when 267 

the inputs are distant, the neurons are prone to form two independent bumps and compete (Fig. 268 

3E). Due to noise interference, both states occur by chance given fixed 𝜃𝑣𝑖𝑠 and 𝜃𝑣𝑒𝑠; thus, the 269 

final bump pattern is bifurcated. When neuronal responses are saturated in rate-based dynamic, 270 

both states are stable due to the countereffect of excitatory and inhibitory components in lateral 271 

connections, and the bumps do not collapse unless the inputs are removed. 272 

Model interpretation 273 

The bifurcation state of the subnetwork explicitly interprets the encoding of integration and 274 

separation for downstream MST-d neurons. The multisensory subnetwork serves as the receptive 275 

field of MST-d neurons. When real-time inputs deviate from the bump locations on the 276 

subnetwork, the response of the MST-d neurons is lower, which parallels the multisensory 277 

response function shown in Fig. 1C (exemplified in the side panels of Fig. 3D-E, see also 278 

Supplementary Fig. S1). Group cooperation indeed results in sensory integration because the 279 

visual and vestibular inputs share the same receptive field. In this manner, the response of MST-d 280 

neurons indicates that they originate from the same source. In contrast, group competition results 281 

in sensory separation because the MST-d response represents visual and vestibular inputs with 282 



distinct receptive fields and thus distinct sources. The integration and separation are robustly 283 

encoded by measurable neuronal responses. Consistent with data analysis, we denoted the distance 284 

|𝜃𝑣𝑖𝑠 − 𝜃𝑣𝑒𝑠| as unisensory disparity ∆𝜃𝑢𝑛𝑖, which is a hyperparameter in CANN simulations. 285 

Since MST-d neuronal preference is characterized by the subnetwork, the distance between the 286 

responding bumps on the subnetwork is denoted as ∆𝜃𝑚𝑢𝑙. When only a common bump exists, 287 

∆𝜃𝑚𝑢𝑙 is defined as 0°. 288 

Simulation results 289 

By introducing balanced and imbalanced forward ratios (Fig. 4A), we first investigated the 290 

dynamic property in the time domain. Inputs were applied at 𝑡 = 0 ms and maintained until the 291 

end of the trial (𝑡 = 3000 ms). Fig. 4B shows that ∆𝜃𝑚𝑢𝑙 usually became stable after 1500 ms 292 

(arbitrary unit). In the balanced group, the majority of simulated neurons (658/1000≈ 66%) 293 

presented two independent response regions in the subnetwork, and the corresponding ∆𝜃𝑚𝑢𝑙 294 

ranged from 60° to 180° in the end (Fig. 4B top panel). However, in the imbalanced group, the 295 

majority (664/1000≈66%) had one common response region in the subnetwork, where ∆𝜃𝑚𝑢𝑙 =296 

0° in the end (Fig. 4B bottom panel). Consistent with the data analysis, we chose the time window 297 

of 500 ms (𝑡1) to 1500 ms (𝑡2) and computed the mean ∆𝜃𝑚𝑢𝑙 in this window. Fig. 4C shows that 298 

when MST-d neurons encode integration by a common response region, the mean ∆𝜃𝑚𝑢𝑙 does not 299 

necessarily decrease to 0° in the time window, especially for neurons in the imbalanced group. This 300 

validated that integration is encoded not only by neurons with ∆𝜃𝑚𝑢𝑙 = 0° but also by neurons 301 

with 𝑚𝑢𝑙𝑡𝑖  approximately 45° . Conversely, separation is encoded by balanced neurons with 302 

∆𝜃𝑚𝑢𝑙 ∈ [60°, 180°] and imbalanced neurons with ∆𝜃𝑚𝑢𝑙 ∈ [120°, 180°]. 303 

Next, we correlated the encoding functions from CANN simulations to physiological data. As 304 

mentioned above, experiments involved a 45° range for each recorded direction; thus, the neurons 305 

with ∆𝜃𝑚𝑢𝑙  implied the range [∆𝜃𝑚𝑢𝑙 − 22.5°, ∆𝜃𝑚𝑢𝑙 + 22.5°]. We concluded that balanced 306 

neurons with ∆𝜃𝑚𝑢𝑙 ∈ {90°, 135°, 180°}  encode separation, which includes a spatial range 307 

[67.5°, 180°] that is close to CANN predictions. On the contrary, balanced neurons with ∆𝜃𝑚𝑢𝑙 ∈308 

{0°, 45°} encode integration. For imbalanced neurons, those with ∆𝜃𝑚𝑢𝑙 ∈ {135°, 180°} encode 309 

separation, while those with ∆𝜃𝑚𝑢𝑙 ∈ {0°, 45°}  encode integration. Imbalanced neurons with 310 

∆𝜃𝑚𝑢𝑙 = 90° are reasonably omitted because they are both rare in CANN prediction and data (Fig. 311 

4D bottom panel, the 4 neurons with ∆𝜃𝑢𝑛𝑖 = 90° and ∆𝜃𝑚𝑢𝑙 = 90° were found to correlate 312 

more with balanced neurons with mean 𝑟 = 1.84, which is significantly smaller than that of other 313 

imbalanced neurons, p=0.021, n1=11,n2=34, two-sample t test). 314 

Fig. 4E demonstrates the integration-encoding probability (𝑝𝑖𝑛𝑡 ) of MST-d neurons as a 315 

function of ∆𝜃𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

 (hereafter briefed as integration function). 𝑝𝑖𝑛𝑡 denotes 𝑛𝑖𝑛𝑡/(𝑛𝑖𝑛𝑡 + 𝑛𝑠𝑒𝑝) 316 

at each ∆𝜃𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

, where 𝑛𝑖𝑛𝑡 is the integration-encoding neuron count, and 𝑛𝑠𝑒𝑝 is the separation 317 

neuron count in the balanced or imbalanced group at each ∆𝜃𝑢𝑛𝑖 . In the CANN model, 𝑝𝑖𝑛𝑡 318 

denotes 𝑛′𝑖𝑛𝑡/(𝑛′𝑖𝑛𝑡 + 𝑛′𝑠𝑒𝑝), where 𝑛′𝑖𝑛𝑡 is the number of trials that form one response region in 319 

the end, and 𝑛′𝑠𝑒𝑝 forms two response regions in the end. The total trial count (𝑛′𝑖𝑛𝑡 + 𝑛′𝑠𝑒𝑝) is 320 



1,000 at each ∆𝜃𝑢𝑛𝑖. The CANN model fitted well with the experimental data. Both the data and 321 

simulations showed that the integration-encoding probability decreased with increasing synaptic 322 

disparity (∆𝜃𝑢𝑛𝑖 ). Accordingly, the separation-encoding probability increased. In general, the 323 

balanced neurons were biased to encode separation, while imbalanced neurons were biased to 324 

encode integration. Fig. 4F also demonstrates the mean ∆𝜃𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

  (∆𝜃̅̅̅̅𝑚𝑢𝑙
𝑝𝑟𝑒𝑓

 ) conducted from 325 

integration or separation encoding neurons individually. CANN prediction in both balanced and 326 

imbalanced conditions reproduced data distributions. 327 

In conclusion, the model simulated hierarchical processing from unisensory to multisensory 328 

regions and validated that MST-d neurons receiving balanced synaptic inputs generally encode 329 

sensory separation, while those receiving imbalanced synaptic inputs generally encode sensory 330 

integration. Jointly, the functional distinction enables MST-d balanced and imbalanced neurons to 331 

be effective bases for multisensory encoding. This proved our early hypothesis raised from 332 

experimental analysis that the balance level of synaptic coupling strengths from MT and PIVC input 333 

to MST-d neurons may be the key mechanism in driving individual MST-d neurons to be congruent 334 

neurons for integration or opposite neurons for segregation by a self-organization process. 335 

 336 

Dynamic modulations from the synaptic ratio and intrinsic noise 337 

We further investigated the role of neuronal intrinsic noise by altering noise intensities in the 338 

CANN model. Different noise intensities were simulated by Gaussian noise with 0 means and 339 

different standard deviations (𝜎𝑛𝑜𝑖𝑠𝑒). In each noise condition, we simulated the neuronal integration 340 

probability 𝑝𝑖𝑛𝑡 with synaptic ratios of 1.0, 1.8, 2.2 and 2.6. Surprisingly, we found that neuronal 341 

intrinsic noise not only determined how distinct the encoding functions were, but also altered the 342 

effective encoding bases themselves. 343 

We first simulated a noise-free condition (𝜎𝑛𝑜𝑖𝑠𝑒 = 0 , Fig. 5A). In this condition, it was 344 

obvious that the model MST-d neurons encoded the inputs based on a fixed boundary (criterion) 345 

(Acerbi et al. 2018), and the boundary increased with the synaptic ratio (the criterion approximately 346 

70°, 90°, 130°, and 150° as the ratio increased from 1 to 2.6). If the synaptic disparity range was in 347 

the boundary, the neuron robustly encoded integration; otherwise, it encoded separation. At the 348 

computational level, it is commonly acknowledged that effective encoding requires distinct 349 

neuronal responses. In this condition, effective encoding obviously relies on neurons preferring 350 

congruent or opposite stimuli, which is the congruent or opposite neurons in (Gu et al. 2006; Zhang 351 

et al. 2019). When real inputs have a low degree of disparity, congruent neurons respond actively 352 

to infer integration, while opposite neurons remain inactive, and the individual can infer integration 353 

based on the response of congruent neurons, and vice versa. Without loss of generality, we only 354 

discuss the encoding of disparity, while absolute direction is omitted. 355 

With increasing noise levels (Fig. 5B), the integration functions of different ratios became 356 

increasingly distinct from each other across the range of ∆𝜃𝑢𝑛𝑖 values, and the boundary in each 357 



function was blurred. At the noise level that fitted the data best, effective encoding was produced 358 

by balanced and imbalanced groups as computational bases (Fig. 5C), which was the case we 359 

demonstrated above. In this case, integration was effectively inferred by a higher group response 360 

from imbalanced neurons and separation from balanced neurons. In other words, neuronal intrinsic 361 

noise transferred the encoding bases from congruent and opposite neurons to balanced and 362 

imbalanced neurons, where the synaptic ratio played a dominant role to discriminate the functions. 363 

The encoding of congruent and opposite neurons became less effective because their responses were 364 

usually similar under noisy conditions, shown as flatter integration functions across the range of 365 

∆𝜃𝑢𝑛𝑖
𝑝𝑟𝑒𝑓

 values. 366 

At a high noise level (𝜎𝑛𝑜𝑖𝑠𝑒 = 15, Fig. 5D), all integration functions approximated 50% since 367 

randomization was dominant, and the modulation from the synaptic ratio also deteriorated. Thus, 368 

neither encoding by congruent and opposite neurons nor encoding by balanced and imbalanced 369 

neurons was efficient. 370 

These results suggested that the synaptic ratio and intrinsic noise are both keys to neuronal 371 

multisensory computation. To quantify the modulation of the synaptic ratio, the integration functions 372 

were averaged as �̅�𝑖𝑛𝑡 at the best-fit noise level (�̅�𝑖𝑛𝑡 = ∑ 𝑝𝑖𝑛𝑡,∆𝜃𝑢𝑛𝑖
𝑖

𝑛
𝑖=1 /𝑛). With the increasing 373 

synaptic ratio, MST-d neurons were automatically classified as integration or separation encoders 374 

by a threshold of 1.8 (Fig. 5E). When the ratio was less than 1.8, neurons generally served as 375 

separation encoders on average. When the ratio was greater than 1.8, they generally became 376 

integration encoders. Thus, the encoding function of MST-d neurons was dynamically determined 377 

by the synaptic ratio. Notably, the threshold we chose to classify the data (1.7) in physiological 378 

analysis was close to this optimal threshold. 379 

Moreover, we propose that the typical balanced (r=1.28) and imbalanced (r=2.35) encoding 380 

were enhanced by the stochastic resonance (SR) mechanism (Fig. 5F). SR refers to the situation in 381 

which the existing noise improves the input and output signal-to-noise ratio (Douglass et al. 1993; 382 

Wiesenfeld and Moss 1995; Lindner et al. 2004). In multisensory encoding, the effect of SR was 383 

interpreted as inference efficiency ( ε ) measured by the revised Kullback–Leibler divergence 384 

between the integration functions of two encoders (see Methods). Intuitively, this can be interpreted 385 

as more effective encoding if the function curves deviate more from each other, allowing clearer 386 

representations. 387 

The model predicted that maximum efficiency was achieved when 𝜎𝑛𝑜𝑖𝑠𝑒 = 6.5 (≈0.26 times 388 

the peak amplitude of the model external input), which was close to the optimal noise level (𝜎𝑛𝑜𝑖𝑠𝑒
𝑜𝑝𝑡

) 389 

of 6 in our model. This indicated that real MST-d neurons achieved near-optimal encoding in the 390 

noisy physiological environment. Fig. 5F also demonstrates the rescaled efficiency of congruent 391 

and opposite encoding (see Methods). In this case, the efficiency was maximized when 𝜎𝑛𝑜𝑖𝑠𝑒= 0.8 392 

(≈ 0.03 times the peak amplitude of the model external input), suggesting that encoding by 393 

congruent and opposite neurons was most efficient in the low-noise condition. Nevertheless, 394 

encoding by balanced and imbalanced neurons was more efficient over a wide range of noise 395 



intensities. In the predicted physiological noise condition (𝜎𝑏𝑒𝑠𝑡−𝑓𝑖𝑡), the efficiency of balanced-396 

and-imbalanced encoding was 185% compared to that of congruent-and-opposite encoding (in 397 

Supplementary Fig. S3, the model results with intrinsic noise following a uniform distribution are 398 

also presented). 399 

Dynamic modulation from lateral connections 400 

Based on the CANN model results, we propose that balanced and imbalanced neurons 401 

comprise effective encoding with the help of intrinsic noise. We further investigated the role of 402 

lateral connections in the subnetwork. Potentially, these connections have a critical role in the 403 

encoding functions because the countereffect from excitatory and inhibitory connections is the main 404 

cause of the bifurcation states. We introduced a scale factor (𝛽𝑠𝑐𝑎𝑙𝑒) to both excitatory and inhibitory 405 

components to increase or decrease the lateral connection weights (Fig. 6A), while other parameters 406 

held the same weights. The best-fit CANN model refers to 𝛽𝑠𝑐𝑎𝑙𝑒 = 1.0 . Fig. 6B presents the 407 

integration-encoding functions in balanced simulations given different 𝛽𝑠𝑐𝑎𝑙𝑒 values. Separation 408 

encoding was robust when lateral weights decreased by half (𝛽𝑠𝑐𝑎𝑙𝑒 = 0.5). Notably, the balanced 409 

neurons still encoded separation even when lateral connections were removed (𝛽𝑠𝑐𝑎𝑙𝑒 = 0 ), 410 

although the integration probability was slightly larger. This is possibly due to the removal of 411 

inhibitory components, which is critical in competition among regions. When lateral weights 412 

increased (𝛽𝑠𝑐𝑎𝑙𝑒 ∈ {1.5,2}), the function of balanced neurons was modified to encode integration. 413 

For imbalanced neurons (Fig. 6C), neuronal function was augmented to encode separation when 414 

lateral weights decreased (𝛽𝑠𝑐𝑎𝑙𝑒 ∈ {0.75,0}), but the function to encode integration became more 415 

robust (𝑝𝑖𝑛𝑡~1) when lateral weights increased (𝛽𝑠𝑐𝑎𝑙𝑒 ∈ {1.25,2}). 416 

In the best-fit model (𝛽𝑠𝑐𝑎𝑙𝑒 = 1), the total lateral input to one neuron in the subnetwork was 417 

nearly one-fifth of the total forward inputs. Although the lateral inputs appeared to be subordinate, 418 

these results indicated that lateral connections in the subnetwork are also critical to the functional 419 

distinction. In conclusion, effective encoding must meet certain requirements of the synaptic ratio 420 

(ratio between forward weights), presence of noise and adequate lateral weights on the multisensory 421 

layer. These three factors comprise the neural mechanism of MST-d dynamic encoding. 422 

 423 

Section 3. Inference decision arising from MST-d populational network 424 

The analysis above demonstrated the hierarchical mechanism of computing function of 425 

individual MST-d neurons in multisensory integration and separation. In this section, we took a 426 

further step along the cortical hierarchy and investigated the underlying algorithm of multisensory 427 

decision based on the existing of integrators and separators in the circuit. Specifically, we sought to 428 

resolve the debate about whether the high-level cortex perform Bayesian decision or non-Bayesian 429 

decision, such as those with deterministic strategies (Acerbi et al. 2018).  430 

By simulating a bio-plausible decision-making process, we prove that a single MST-d neuron 431 

utilizes fixed-criterion (FC) strategy, which makes deterministic inferences based on explicit 432 

boundaries (non-Bayesian). However, at the population level, the MST-d neuron group may 433 

compute causal inference in a reliability-based Bayesian strategy, which takes each MST neuronal 434 



response as a sampling of prior distribution to calculate the posterior probability of the cue origin 435 

state accordingly.  436 

Single-neuron level 437 

The causal inference here denoted the binary judgment of whether the observed visual and 438 

vestibular inputs (𝑥𝑣𝑖𝑠  and 𝑥𝑣𝑒𝑠 ) are attributable to one common cause (C=1) or two separate 439 

causes (C=2). 440 

 𝑃(𝐶 = 1) + 𝑃(𝐶 = 2) = 1 (8) 441 

 We first focused on the inference performed by single neuron. Under noise-free conditions, 442 

we verified in the last section that MST-d neurons adopt an FC strategy, which means that the 443 

neurons infer a common cause (C=1) if the two measurements are closer than a fixed boundary , 444 

(|𝑥𝑣𝑖𝑠 − 𝑥𝑣𝑒𝑠| <), and infer two separate causes (C=2) otherwise. The strategy is deterministic 445 

because the boundary  is explicit and determined (Acerbi et al. 2018). However, the presence of 446 

neuronal intrinsic noise (𝜉) blurs the measured disparity. To test whether MST-d neurons still follow 447 

the FC strategy in the noisy condition, we simulated the noisy FC strategy as |𝑥𝑣𝑖𝑠 − 𝑥𝑣𝑒𝑠| + 𝜉 and 448 

fitted the integration decision from this strategy with the neuronal integration functions (see 449 

Methods). The parameter was boundary  which varied across functions, and the noise level was 450 

𝜉. Fig. 7B demonstrated that the noisy FC strategy closely reproduced integration functions (data 451 

here refer to CANN functions for higher ∆𝜃𝑢𝑛𝑖  resolution). This suggested that in the noisy 452 

condition, each MST-d neuron still performed deterministic inference with fixed and explicit 453 

boundaries, and the boundary varied among neurons due to different synaptic ratios. 454 

Population level 455 

At the MST-d population level, we postulated that a new strategy emerges due to the pooling 456 

of various boundaries. Since the decisions are decoded from responses in neural circuits, we first 457 

characterized the MST-d neuronal multisensory response properties based on the recorded data. 458 

The multisensory response was characterized as a function of both preferred disparity and real cue 459 

disparity (𝑓𝑏𝑎𝑙 and 𝑓𝑖𝑚𝑏𝑎𝑙, Fig. 7C). Both 𝑓𝑏𝑎𝑙 and 𝑓𝑖𝑚𝑏𝑎𝑙 were obtained by averaging the 460 

multisensory responses relative to the preferred condition in real data (see Supplementary Fig. S2 461 

for methods), and they characterized the real-time balanced or imbalanced neuronal response to 462 

hypothetical cues as 𝑅 = 𝑓(∆𝜃′), where ∆𝜃′ = |∆𝜃𝑚𝑢𝑙 − ∆𝜃𝑐𝑢𝑒|. For example, if ∆𝜃𝑐𝑢𝑒 is 30°, 463 

the neurons for which ∆𝜃𝑚𝑢𝑙=30° exhibit a maximal response because 𝑓(|∆𝜃𝑚𝑢𝑙 − ∆𝜃𝑐𝑢𝑒|) =464 

𝑓(∆𝜃′ = 0°) = 𝑅𝑚𝑢𝑙𝑡𝑖
𝑚𝑎𝑥 . However, the neurons for which ∆𝜃𝑚𝑢𝑙=180° have low responses 465 

because 𝑓(∆𝜃′ = 150°). We simulated ∆𝜃𝑐𝑢𝑒 from 0° to 180° in the horizontal plane, which is 466 

the same as the experimental conditions. 467 

Second, we adopted a probabilistic Monte-Carlo sampling process of neuronal responses in 468 

balanced and imbalanced groups individually. The response sampling is widely observed along the 469 

cortical hierarchy (Zemel et al. 1998; Moreno-Bote et al. 2011). Here, the sampling of MST-d 470 

neuronal responses simulated that MST-d neurons were randomly activated by fixed ∆𝜃𝑐𝑢𝑒 in 471 



noisy physiological condition, and each neuronal response served as a prior sample of the cues 472 

based on the inherent tuning property. To seek a minimal requirement to realize flexible decisions, 473 

we sampled 15 neurons from MST-d group, 9 of which were balanced neurons and 6 of which 474 

were imbalanced neurons. The proportion followed data observations (𝑛𝑏𝑎𝑙: 𝑛𝑖𝑚𝑏𝑎𝑙 = 70:45 ≈475 

3: 2).  476 

Next, the sampled responses were summed as balanced or imbalanced group responses and 477 

sent to a decision neuron, which compared the group response amplitude to reach a binary 478 

decision (the limited sample size is plausible because it is little likely that responses of all MST-d 479 

neurons are sent to a common neuron downstream). Since we proved that imbalanced neurons are 480 

integration encoding bases and balanced neurons are separation encoding bases, the resultant 481 

decision was to integrate the senses and report common source if imbalanced groups had higher 482 

responses, or to separate the senses and report different sources otherwise. At each ∆𝜃𝑐𝑢𝑒, we 483 

simulated such binary decision making for 100,000 times to obtain the averaged decision 484 

probability of reporting a common source (𝑝𝑐𝑜𝑚𝑚𝑜𝑛) as a function of external cue disparity (Fig. 485 

7D). 486 

It is crucial to note that balanced and imbalanced neurons are actually reliability-based. 487 

Previous works proved that imbalanced neurons are more sensitive to reliability changes in the 488 

dominant cue but less sensitive to those in the subordinate cue (Ohshiro et al. 2011). On the other 489 

hand, balanced neurons have equal sensitivity to both cue reliabilities. Thus, it is reasonable to 490 

expect that when one cue is unreliable, the response of the balanced neurons is weaker, while the 491 

imbalanced neurons that prefer the other cue maintain the response level (we assume each 492 

decision is made with imbalanced neurons with the same cue dominance). The response change 493 

was simulated by amplitude scaling (𝑅′ = 𝛼 ∙ 𝑅), where 𝛼 is the scale factor. In this situation, the 494 

amplitude change was expressed as 𝛼𝑏𝑎𝑙 < 1 and 𝛼𝑖𝑚𝑏𝑎𝑙 = 1. We simulated a mild decrease to 495 

balanced responses as 𝛼𝑏𝑎𝑙 ∈ {0.9, 0.8}, and we presented that the probability of reporting a 496 

common source (𝑝𝑐𝑜𝑚𝑚𝑜𝑛) significantly shifted toward 100% (Fig. 7D, circles, from black to light 497 

blue), which means that the decision was prone to integrate cues when a specific cue was 498 

unreliable. 499 

To specify the strategy during such decisions, we simulated classical Bayesian optimal 500 

inference (Kording et al. 2007) (see Methods). The Bayesian strategy differs substantially from 501 

the FC strategy because it computes the posterior probability of C=1 or C=2 based on sampled 502 

measurements 𝑥𝑣𝑖𝑠 and 𝑥𝑣𝑒𝑠 and prior 𝑝(C=1). We considered the Bayesian strategy here 503 

because the prior may be computed by pooling the fixed boundaries during the decision. In the 504 

simulation, the prior was set as a parameter that varied across the decision functions. 505 

As the curves in Fig. 7D demonstrated, the Bayesian strategy approximated well with decisions 506 



from the sampling process. Notably, the case when 𝛼𝑏𝑎𝑙 = 1 and 𝛼𝑖𝑚𝑏𝑎𝑙 = 1 matched the real 507 

neuronal recording when both cues represented the same motion. In this case, the best-fit prior was 508 

0.48, which was close to the flat prior (0.5). This result suggested that the inference in the adult 509 

brain assumes a fair prior when both cues are equally reliable. Furthermore, when the reduced 510 

reliability of one cue was projected to the weaker response of balanced neurons, the prior increased 511 

accordingly (Fig. 7E) and resulted in a higher probability of reporting a common source. 512 

Next, we considered the other case in which the dominant cue is unreliable. Consequently, the 513 

imbalanced neuron response decreased more than the balanced neurons. It is obvious that when both 514 

responses are decreased proportionally, the decision is the same as that when 𝛼𝑏𝑎𝑙 = 1  and 515 

𝛼𝑖𝑚𝑏𝑎𝑙 = 1. Thus, we simulated the case in which 𝛼𝑏𝑎𝑙 = 1 and 𝛼𝑖𝑚𝑏𝑎𝑙 ∈ {0.9, 0.8} instead (Fig. 516 

7F). We presented data in Fig. 7G that decisions from the sampling process were biased to different 517 

sources in this case. The Bayesian strategy consistently approximated the decisions with decreasing 518 

prior (Fig. 7H). In conclusion, we proved that the Bayesian strategy naturally emerged from the 519 

encoding of balanced and imbalanced encoding bases. The two bases linked disparity coding with 520 

cue reliability in the form of prior computation and produced flexible decisions that varied 521 

accordingly with cue reliability. In other words, the fMCS model provided a physical base to derive 522 

multisensory decision by the posterior probability of integration based on the response samples in 523 

MST-d. 524 

Finally, we demonstrated the Bayesian interpretation of sample size (Totalsize = 𝑛′𝑏𝑎𝑙 +525 

𝑛′𝑖𝑚𝑏𝑎𝑙, Fig. 7I). Note that the sample size in this section is independent of the sample size in 526 

experimental recordings. The variation of sample size could result from inherent synaptic 527 

connection from MST-d neurons to the specific decision neuron, or from different intensities of 528 

external cues, where strong intensity activates more MST-d neurons, and more samples participate 529 

in a decision trial therewith. With an increasing total sample size, the decision functions showed 530 

steeper gradients (Fig. 7J), indicating that decisions were made with more confidence. In other 531 

words, accumulating evidence is represented by more neurons participating in the decision. This is 532 

consistent with behavioral conclusions that the more evidence accessible, the more confidence is 533 

associated with the decision (Noppeney et al. 2010; Hou et al. 2019). The decision functions were 534 

nicely fitted by a Bayesian strategy with a narrower probability distribution, while other parameters 535 

were fixed (Fig. 7K, 𝑝(𝑥𝑣𝑖𝑠|𝑠)  and 𝑝(𝑥𝑣𝑒𝑠|𝑠) , where 𝑠  denotes the sensory source and 𝑥  the 536 

sensory measurements. Prior probability=0.51 in these simulations; see Methods for details). The 537 

narrowing distribution in Bayesian fitting matched the statistical rules that standard error decreases 538 

with increasing sample size (standard error=𝜎/√𝑛, where 𝜎 is the standard deviation of sensory 539 

measurements, and 𝑛  is the sample size). These results strongly proved the emergence of a 540 

probabilistic Bayesian strategy from coding in the balanced and imbalanced groups of neurons.  541 

Previous works argued that both FC and Bayesian strategies are likely to underlie brain 542 

inference, and we validated that the two strategies function on different levels. Crucially, a Bayesian 543 

decision cannot be reduced to the summation of individual neurons that perform FC strategy only. 544 

This is because each neuron carries a fixed prior representation, but the change in the prior is 545 



computed by pooling neurons with different synaptic features during a decision. Such group coding 546 

allows the realization of a flexible probabilistic decision that is biased to integrate the inputs from 547 

different modalities when one of them is not reliable and separate them when both of them are 548 

reliable. This section proposed the Bayesian-decision emergence by varying neuronal response. We 549 

also presented in Supplementary Fig. S4 that change of proportion between balanced and 550 

imbalanced neurons also produced Bayesian-like decision, where the prior have more drastic bias. 551 

The change of proportion could result from various neuronal activation threshold in physiological 552 

condition. The proportion change added to the multisensory inference flexibility in real brain. 553 

 554 

Discussion 555 

This study aimed to reveal the neural encoding mechanism of multisensory causal inference in 556 

the MST-d. The novel focus of this paper is to prove computationally that the balance level of 557 

synaptic coupling strengths from MT and PIVC inputs to MST-d neurons may be the key 558 

mechanism in driving the MST-d neurons to be congruent encoders for integration, or 559 

opposite/intermediate encoders for segregation by a self-organization process. The computational 560 

results also demonstrated another novel mechanism that produces the maximum coding capacity 561 

by stochastic resonance with the optimal intensity of intrinsic noise. Based on these mechanisms, 562 

we further demonstrated that each MST-d multisensory neuron implements a non-Bayesian FC 563 

strategy, but the prior emerges by pooling diversified criteria. Moreover, MST-d neuron 564 

populations implement a probabilistic Bayesian strategy. Therefore, this study established a 565 

computational framework that the feedforward inputs from early pathways play a key role in 566 

determining the emergence of congruent and opposite neurons in multisensory decoding, and 567 

sensory motion discrimination requires both Bayesian and non-Bayesian strategies, each serving at 568 

the single-neuron or populational level. 569 

1. Synaptic coupling generates a novel set of neural bases for multisensory encoding 570 

Previous works generally assumed that unisensory congruent neurons perform sensory 571 

integration, while opposite neurons perform sensory separation; theoretical works verified this 572 

assumption through vector computation (Gu et al. 2006; Zhang et al. 2019). However, there are also 573 

works demonstrating that congruent neurons can perform separation, and opposite neurons can 574 

perform integration (Rideaux et al. 2021). 575 

In this study, we first pointed out that neuronal preference in multisensory conditions is usually 576 

different from that in unisensory conditions. Therefore, implementing multisensory coding by 577 

unisensory distributions generally led to confusion. Second, we proposed the novel encoding bases 578 

of balanced and imbalanced neurons, whose encoding properties originates from inherent synaptic 579 

features but not unisensory features. In this case, the congruent and opposite neurons are not tightly 580 

correlated with the balanced and imbalanced categories (Supplementary Fig. S5). The CANN 581 

model further demonstrated a neuronal encoding mechanism based on balanced and imbalanced 582 

neuronal bases, which is nearly twice as efficient as the mechanism based on congruent and opposite 583 



bases (Fig. 5F). Notably, our results solved three outstanding problems. 1) Unisensory intermediate 584 

neurons are usually omitted in functional analysis. Here, we confirmed that these neurons also 585 

participated in dynamic multisensory encoding, and they are equally functional as unisensory 586 

congruent and opposite neurons. 2) We confirmed the finding from Rideaux et al. through 587 

physiological analysis and revealed that multisensory encoding is probabilistic. 3) The vector 588 

computation proposed by Zhang et al. does not cover the neuronal functions when ∆𝜃𝑚𝑢𝑙= 90°. We 589 

specified the role of these neurons as separation encoding, which explained behavioral observations 590 

that separation estimation generally has less estimated error than integration (Wallace et al. 2004; 591 

Kording et al. 2007). In our theory, the separation encoding basis is the balanced neuron group, 592 

which has more neurons encoding a wider range of disparity (from 60°  to 180°). Therefore, 593 

separation encoding has higher resolution in comparison because the disparity is detected by more 594 

neurons. 595 

In our theory, causal inference emerges from the sensory processing hierarchy from unisensory 596 

to multisensory cortical areas, which has been verified by fMRI studies (Rohe and Noppeney 2015). 597 

As the means of connection of this hierarchy, the synaptic coupling mechanism explains the finding 598 

in evolutionary biology that multisensory computation emerges postnatally with the development 599 

of synaptic connections (Yu et al. 2019). In the superior colliculus (SC) of the cat, multisensory 600 

neurons are initially unable to integrate combinations of sensory cues to produce significant 601 

enhancement or depression of responses (Wallace and Stein 1997), but the ability to integrate cross-602 

modality inputs gradually increases with postnatal experience as cortical SC synapses are modified 603 

following Hebbian rules (Cuppini et al. 2011). Furthermore, the findings of the present study are in 604 

line with functional conclusions that the spatial reference frame of the MST-d varies as a function 605 

of the relative strength of visual and vestibular inputs when different modalities are combined 606 

(Fetsch et al. 2007). 607 

 608 

2. Model interpretation of the subnetwork 609 

We propose that the subnetwork is necessary for multisensory attractor computation, while 610 

the recorded MST-d neurons mainly serve to report the inference. There are a few plausible 611 

explanations for this subnetwork identity. First, this network belongs to an anatomical subregion 612 

in MST-d. In this case, the responding units involved in separation encoding may be recorded as 613 

singularly tuned neurons because they only respond to a single input, while in integration 614 

encoding, the responding units may be considered multisensory neurons with aligned preferences. 615 

This hypothesis will be further substantiated if structural organization in MST-d is revealed in the 616 

future. Another potential identity is the ventral intraparietal area (VIP). The VIP meets three 617 

requirements crucial to attractor computation: 1) the VIP is anatomically connected with the PIVC 618 

(Lewis and Van Essen 2000) and reciprocally connected with the MT (Maunsell and Vanessen 619 

1983); thus, in the multisensory condition, the response of the VIP may be fed back to preceding 620 

cortical areas to change the receptive field property. 2) Almost half of the neurons in the VIP are 621 

dominated by congruent visual and vestibular preferences (Chen et al. 2013). This is crucial to the 622 



multisensory attractor computation because it passes the ∆𝜃𝑢𝑛𝑖 from unisensory areas to a 623 

common level and the disparity feature is preserved. 3) VIP neurons have a larger activity 624 

correlation than MST-d neurons measured by correlated noise (Chen et al. 2013), which indicates 625 

that VIP neurons process multisensory signals more intensively than other neurons. Although it 626 

seems inappropriate to assume a whole network computation for each recorded MST-d neuron, the 627 

majority of neurons in this subnetwork are redundant and can be released from the circuit after 628 

synaptic modification, and only specific neurons carrying multisensory direction preference are 629 

preserved. It is also possible that the hypothetical subnetwork stands for an undiscovered type of 630 

multisensory synaptic attractor learning rule, which requires further work. 631 

 632 

3. Probabilistic bases in group encoding are the key to flexible probabilistic decision-making 633 

MST-d neurons are predetermined as integration and separation encoders based on synaptic 634 

inputs. Due to noise, balanced and imbalanced groups have distinct functions in multisensory 635 

inference, which makes them ideal computational bases to maximize inference efficiency. Although 636 

we consider each MST-d neuron an essential encoding component in a decision, our theory still 637 

supports the idea that MST-d group encoding is the foundation of multisensory discrimination 638 

(Kording et al. 2007). Since the FC strategy applied by each MST-d neuron also stems from the 639 

group coding of the preceding unisensory areas, it seems that the complexity increases as 640 

downstream cortical neurons receive preceding inputs and produce outputs. Although the 641 

probabilistic decision substantially matches the behavioural results of similar tasks (Salinas and 642 

Abbott 1994; Sanger 1996; Zemel et al. 1998; Ma et al. 2006), the psychophysical results show low 643 

resolution, with the threshold between integration and separation discrimination being 644 

approximately 47 °  (Fig. 7G), whereas the threshold in behavioural tasks lies at 20 ° . Other 645 

mechanisms, such as top-down modulation or crosstalk between several multisensory areas, might 646 

be necessary to further improve the resolution (Acerbi et al. 2018). 647 

While many works have focused on the direct correlation between one decision and a specific 648 

neural basis, our results indicated that real cognitive performance may not be able to be reduced to 649 

a corresponding smaller structure but may instead emerge naturally through a series of probability 650 

distributions of bases. We presented in Supplementary Fig. S6 that a clear correlation between the 651 

causal scenario and neurons only makes rigid decision, while the distributed preference as we 652 

observed in data produces maximal inference efficiency. In conclusion, the brain functions as an 653 

integrated hierarchy, and neural firing in different cortical areas represents different features. In 654 

multisensory areas, it is likely that single neuron encodes multiple features that is either reliability-655 

based or modality-based. The multi-dimensional encoding may serve as the key to produce flexible 656 

intelligence behavior. 657 

 658 

Limitations of this study and suggestions for potential future research 659 

The physiological results must be interpreted with caution because of the limited sample size. 660 



Furthermore, the model used a simplified structure that excludes real neuronal synaptic dynamics, 661 

such as neural firing heterogeneity within and across the cortical area. The diversity of synapses 662 

may enrich the dynamics of integration and separation inference. Moreover, the model did not 663 

employ a synaptic learning process to transfer the characteristics of the response subnetwork to the 664 

receptive field property. Regarding possible future directions, further study is needed concerning 665 

receptive field modification to develop a complete attractor computation process. Additionally, 666 

further studies can test this synaptic modulation theory in other multisensory areas, such as the VIP, 667 

to specify the scale on which synaptic encoding modulation functions as a general mechanism. 668 

 669 

Methods 670 

Subjects and surgery 671 

Two male rhesus monkeys (Macaca mulatta) served as subjects. The general procedures 672 

followed in this study have been described previously (Shulman et al. 1997; Pessoa et al. 2003). 673 

Each animal was outfitted with a circular molded plastic ring anchored to the skull with titanium 674 

T-bolts and dental acrylic. To monitor eye movements, a scleral search coil was implanted in each 675 

monkey. The Institutional Animal Care and Use Committee at Washington University approved 676 

all animal surgeries and experimental procedures, which were performed following National 677 

Institutes of Health guidelines. Animals were trained to fixate on a central target for fluid rewards 678 

using operant conditioning. 679 

 680 

Vestibular and visual stimuli 681 

A 6-degree-of-freedom motion platform (MOOG 6DOF2000E; Moog, East Aurora, NY) was 682 

used to passively translate the animals along one of eight directions in the horizontal plane, spaced 683 

45° apart. A tangent screen was affixed to the front surface of the field coil frame, and visual 684 

stimuli were projected onto it by a three-chip digital light projector (Mirage 2000; Christie Digital 685 

Systems, Cypress, CA). The screen measured 60×60 cm and was mounted 30 cm in front of the 686 

monkey, thus subtending ~90° ×90°. The visual stimuli simulated translational movement along 687 

the same eight directions through a three-dimensional cloud of stars. Each “star” was a triangle 688 

that measured 0.15 cm × 0.15 cm; the cloud measured 100 cm wide by 100 cm tall by 40 cm 689 

deep and had a star density of 0.01 per cm3. To provide stereoscopic cues, the cloud was rendered 690 

as a red–green anaglyph and viewed through custom red–green goggles. The optic flow field 691 

contained naturalistic cues mimicking the translation of the observer in the horizontal plane, 692 

including motion parallax, size variations, and binocular disparity. 693 

 694 

Electrophysiological recordings 695 

We recorded action potentials extracellularly from both hemispheres in each of the two 696 

monkeys. For each recording session, a tungsten microelectrode was passed through a transdural 697 

guide tube and advanced using a micromanipulator. An amplifier, an eight-pole bandpass filter 698 

(400–5000 Hz), and a dual voltage-time window discriminator (BAK Electronics, Mount Airy, 699 

MD) were used to isolate action potentials from single neurons. Action potential times and 700 

behavioral events were recorded with 1 ms accuracy by a computer. Eye coil signals were 701 

processed with a low-pass filter and sampled at 250 Hz. 702 



Magnetic resonance imaging (MRI) scans and Caret software analyses along with 703 

physiological criteria were used to guide electrode penetration into the MST-d area (Gu et al. 704 

2006). Neurons were isolated while a large field of flickering dots was presented. In some 705 

experiments, we further advanced the electrode tip into the lower bank of the superior temporal 706 

sulcus to verify the presence of neurons with response characteristics typical of the MT (Gu et al. 707 

2006). Receptive field locations changed as expected across guide tube locations based on the 708 

known topography of the MT (Gu et al. 2006). 709 

 710 

Experimental protocol 711 

We measured neural responses to eight heading directions evenly spaced every 45° in the 712 

horizontal plane. Neurons were tested under three experimental conditions. 1) In vestibular trials, 713 

the monkeys were required to maintain fixation on a central dot on an otherwise blank screen 714 

while being translated in one of the eight directions. 2) In visual trials, the monkeys were 715 

presented with optic flow simulating self-motion (in the same eight directions), while the platform 716 

remained stationary. 3) In bimodal trials, the monkeys experienced both translational motion and 717 

optic flow. We paired all eight vestibular headings with all eight visual headings for a total of 64 718 

bimodal stimuli. Eight of these 64 combinations were strictly congruent, meaning that the visual 719 

and vestibular cues simulated the same heading. The remaining 56 cases had conflicting cue 720 

stimuli. This relative proportion of strictly congruent and conflicting stimuli was adopted purely to 721 

characterize the neuronal combination rule and was not intended to be ecologically valid. Each 722 

translation followed a Gaussian velocity profile. It had a duration of 2 s, an amplitude of 13 cm, a 723 

peak velocity of 30 cm/s, and a peak acceleration of 0.1 × g (981 cm/s2). 724 

These three stimulus conditions were interleaved randomly along with blank trials, which 725 

included neither translation nor optic flow. Ideally, five repetitions of each unique stimulus were 726 

collected for a total of 405 trials. Experiments with fewer than three repetitions were excluded 727 

from the analysis. When isolation remained satisfactory, we ran additional blocks of trials with the 728 

coherence of the visual stimulus reduced to 50% and/or 25%. Motion coherence was lowered by 729 

randomly relocating a percentage of the dots on every subsequent video frame. For example, we 730 

randomly selected one-quarter of the dots in every frame at 25% coherence and updated their 731 

positions to new positions consistent with the simulated motion, while the other three-quarters of 732 

the dots were plotted at new, random locations within the 3D cloud. Each block of trials consisted 733 

of both unimodal and bimodal stimuli at the corresponding coherence level. When a cell was 734 

tested at multiple coherence levels, both unimodal vestibular tuning and unimodal visual tuning 735 

were independently assessed in each block. 736 

Trials were initiated by displaying a 0.2° ×0.2° fixation target on the screen. The monkeys 737 

were required to fixate on the target for 200 ms before the stimulus was presented and to maintain 738 

fixation within a 3° ×3° window to receive a liquid reward. Trials in which the monkeys broke 739 

fixation were aborted and discarded. 740 

 741 

Data analysis 742 

The neural responses were binned in 25-ms time windows. Mean neural responses were 743 

averaged from 5 trials, and the units of measurement were spikes per second. The outliers in the 5 744 

trials were removed, and the mean response was averaged from the remaining 4 trials. Using 745 

MATLAB (MathWorks, Natick, MA), we chose the window of 625 ms to 1250 ms to select valid 746 



data. We considered a neuron to have discriminative tuning properties to one specific stimulus 747 

modality if the maximum response was 5 spikes/s more than the minimum response of the same 748 

curve. Tuning curve symmetry was not considered. Neurons that failed to meet this requirement 749 

for either the visual or the vestibular unisensory condition were considered unisensory-tuned 750 

neurons or poorly tuned neurons and removed from further analysis. Then, we computed the 751 

response ratio based on the visual and vestibular unisensory tuning curves of that neuron in the 752 

same time window. A threshold of 1.7 was chosen to discriminate between balanced and 753 

imbalanced data. We analyzed the tuning curve in the time window from 1000 ms to 1250 ms, 754 

which corresponds to the maximum motion speed and maximum neural response (data not 755 

shown). The window parameters were first scanned and then selected comprehensively to show 756 

the discrimination of the integration probability 𝑃𝑖𝑛𝑡 between the balanced and imbalanced 757 

neurons and to be physiologically plausible. 758 

The group  distribution was rectified by doubling the probability at 0° and 180°, while the 759 

probabilities in other directions remained the same. This procedure was followed because of the 760 

experimental protocol in which directions were binned in 45° intervals; a 0° preference 761 

encompassed preferences from -22.5° to +22.5°, and a 180° preference encompassed preferences 762 

from 167.5° to 202.5°. However, each of the other preference bins was represented twice because 763 

both sides were included (for example, a  of 45°encompassed directions from 22.5° to 67.5° 764 

and from -22.5° to -67.5°). To align the widths of the probability bins, the data counted at 0° and 765 

180° were included twice. 766 

 767 

Continuous attractor neural network modeling 768 

The model is composed of three identical neural networks with hierarchical structures, of 769 

which two simulate the unisensory middle temporal region (MT) and parietal-insular vestibular 770 

cortex (PIVC), while the third simulates a subnetwork. Each network is specified as a ring 771 

attractor with the same structure. We consider a network of L (180) neurons 𝑖 ∈ [1,2,…𝐿] 772 

arranged along a ring topology, each representing a 2° direction range (preference) in the external 773 

world. Due to the circular structure, neuron 𝑖 = 𝐿 is a neighbor of neuron 𝑖 = 1, and we defined 774 

a circular distance 𝑑(𝑖, 𝑗) between neurons 𝑖 and 𝑗 as 𝑑(𝑖, 𝑗) = min(|𝑖 − 𝑗|, 𝐿 − |𝑖 − 𝑗|), 775 

which takes a value from 0°~180°. 776 

Without loss of generality, we adopted a normalized rate-based model to describe the neural 777 

dynamics, which was sufficient for attractor computation. The activity of neuron 𝑘 in all layers is 778 

described by the following equation. 779 

 𝜏
𝑑

𝑑𝑡
𝑦𝑘(𝑡) = −𝑦𝑘(𝑡) + 𝑆(𝐼𝑘,𝑟 + 𝐼𝑘,𝑒 + 𝐼𝑘,𝑛𝑜𝑖𝑠𝑒) (9) 780 

𝜏 is the time scale, and 𝑦𝑘(𝑡) is the neuronal activity. 𝑆(𝐼) is the sigmoid activation 781 

function. 782 

 𝑆(𝐼) =
1

1+𝑒𝑥𝑝(𝑤∙(𝐼−𝜑))
 (10) 783 

𝐼𝑘,𝑟 is the recurrent connection within each ring network. 784 

 𝐼𝑘,𝑟 = ∑ 𝑤𝑗,𝑘 ∙ 𝑦𝑗(𝑡)
𝐿
𝑗=1  (11) 785 

The connection weights 𝑤𝑗,𝑘 follow the Mexican hat profile, which is identical across layers. 786 



 𝑤𝑗,𝑘|𝑗≠𝑘 = 𝑤𝑒𝑥 ∙ exp (
−𝑑𝑗,𝑘

2

2𝜎𝑒𝑥
2 ) − 𝑤𝑖𝑛 ∙ exp (

−𝑑𝑗,𝑘
2

2𝜎𝑖𝑛
2 ) (12) 787 

where 𝑤𝑒𝑥 and 𝑤𝑖𝑛 are excitatory and inhibitory components (𝑤𝑒𝑥 > 𝑤𝑖𝑛), and 𝜎𝑒𝑥 and 788 

𝜎𝑖𝑛 characterize the excitatory and inhibitory range (𝜎𝑒𝑥 < 𝜎𝑖𝑛). 𝑑𝑗,𝑘 denotes the topological 789 

distance from the 𝑗𝑡ℎ neuron to the 𝑘𝑡ℎ neuron. As unisensory layers, MT and PIVC receive 790 

corresponding visual and vestibular external inputs with range 𝜎 from proceeding areas, whose 791 

intensity decays with the relative distance (d) from the input center (𝜃𝑚𝑎𝑥,𝑣𝑖𝑠 and 𝜃𝑚𝑎𝑥,𝑣𝑒𝑠). 792 

 𝐼𝑘,𝑒 = 𝑤𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 ∙ exp(
−𝑑(𝜃𝑚𝑎𝑥,𝑘)

2

2∙𝜎𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙
2 ) (13) 793 

where 𝑤𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 is the maximal input weight and 𝜎𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 is the input range. Once the 794 

inputs are applied, the neurons in the same layer interact with each other through lateral 795 

connections and eventually form the group response in a bump shape on the layer. Meanwhile, the 796 

responses of two unisensory areas are sent to the subnetwork by forward synaptic connections, 797 

which are topologically aligned such that one neuron receives maximally weighted input from the 798 

upstream neuron at the same position. 799 

 𝐼𝑘,𝑒
𝑠𝑢𝑏 = ∑ 𝑤𝑀𝑇 ∙ exp (

−𝑑𝑖,𝑘
2

2∙σ𝑓𝑜𝑟𝑤𝑎𝑟𝑑
2 )𝐿

𝑖=1 ∙ 𝑦𝑖
𝑀𝑇 + ∑ 𝑤𝑃𝐼𝑉𝐶 ∙ exp (

−𝑑𝑗,𝑘
2

2∙σ𝑓𝑜𝑟𝑤𝑎𝑟𝑑
2 )𝐿

𝑗=1 ∙ 𝑦𝑗
𝑃𝐼𝑉𝐶 (14) 800 

where 𝑤𝑀𝑇 and 𝑤𝑃𝐼𝑉𝐶 are forward synaptic weights from the MT and PIVC regions to the 801 

multisensory subnetwork. The ratio between two weights simulates balanced and imbalanced 802 

neurons.σ𝑓𝑜𝑟𝑤𝑎𝑟𝑑 characterizes the forward input range. 𝑑 denotes the topological distance from 803 

the 𝑖𝑡ℎ MT neuron or 𝑗𝑡ℎ PIVC neuron to the 𝑘𝑡ℎ subnetwork neuron, whose activity is 𝑦𝑖
𝑀𝑇 804 

and 𝑦𝑗
𝑃𝐼𝑉𝐶 individually. 805 

Finally, each neuron is independently subjected to Gaussian intrinsic noise except for the 806 

individual MST-d multisensory neuron downstream. 807 

  𝐼𝑘,𝑛𝑜𝑖𝑠𝑒 = 𝜓(𝑡) (15) 808 

 〈𝜓(𝑡1) ∙ 𝜓(𝑡2)〉 = 0 (16) 809 

 〈𝜓(𝑡1)2〉 = 𝜎𝑛𝑜𝑖𝑠𝑒
2  (17) 810 

When inferring the integration or separation from the response of the subnetwork, the threshold 811 

is set as 0.15 to discriminate effective population response from an undetectable response or neural 812 

avalanche. The cases in which that all neurons in the final state have responses lower than 0.15 or 813 

higher than 0.15 were excluded. The threshold was fixed and used only when inferring the 814 

integration and separation trials. The optimal values of the parameters are listed in Table. 1. 815 

 816 

Table. 1 Model parameters  817 

Lateral connections 

(Mexican hat) 
External inputs Forward connections Intrinsic noise 

𝑤𝑒𝑥 𝜎𝑒𝑥 𝑤𝑖𝑛 𝜎𝑖𝑛 𝑤𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝜎𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑤𝑀𝑇𝑎𝑛𝑑𝑤𝑃𝐼𝑉𝐶 𝜎𝑓𝑜𝑟𝑤𝑎𝑟𝑑 𝜇 𝜎𝑛𝑜𝑖𝑠𝑒 

5 10 3 70 25 160 

Follow data 

distribution of 

ratio (𝑟) 

5 0 6 

 818 



Neuronal response curve simulation 819 

We supplemented direction interpretation with observations from the data by projecting the 820 

computation of the CANN network on the MST-d neuron by the leaky integrate-and-fire model. 821 

The input for this model is an external stimulus with different directions and the output the 822 

neuronal fire rate. For a given MST-d neuron along with its circuit, the input direction is fixed by 823 

the receptive field, and the input intensity decreases when the real motion direction is misaligned 824 

with the preference. The unisensory preference is fixed by the assigned location of two inputs on 825 

the receptive field. 826 

 ∆𝜃𝑢𝑛𝑖 = min[|𝜃𝑚𝑎𝑥,𝑣𝑖𝑠 − 𝜃𝑚𝑎𝑥,𝑣𝑒𝑠|, 𝐿 − |𝜃𝑚𝑎𝑥,𝑣𝑖𝑠 − 𝜃𝑚𝑎𝑥,𝑣𝑒𝑠|] (18) 827 

In the unisensory condition, each simulated neuron receives preceding inputs from the 828 

aforementioned directions when real input directions 𝜃 ∈ [0°, 360°]. 829 

 𝐼𝑘,𝑒
𝜃 = 𝑤𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙

𝜃 ∙ exp(
−𝑑(𝜃𝑚𝑎𝑥

𝑢𝑛𝑖 ,𝑘)2

2∙𝜎𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙
2 ) (19) 830 

where 𝑤𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 is the external input weight at 𝜃𝑚𝑎𝑥
𝑢𝑛𝑖  (same as that in the CANN model), whose 831 

intensity decreases when the real input direction 𝜃 deviates from 𝜃𝑚𝑎𝑥
𝑢𝑛𝑖 . Thus, the group output 832 

𝑌 from either the MT or PIVC is the summation of each neuronal response, 833 

 𝑌𝑐 = ∑ 𝑦𝑖,𝑐
𝐿
𝑖=1 , 𝑐𝑖𝑠𝑀𝑇𝑜𝑟𝑃𝐼𝑉𝐶 (20) 834 

where 𝑦𝑖,𝑐 is the 𝑖𝑡ℎ neuronal response on layer 𝑐. The afferent input current 𝐼𝑠𝑡𝑖(𝑡) is further 835 

specified as 836 

 𝐼𝑠𝑡𝑖(𝑡) = 𝛼𝑌𝑐 − 𝑡ℎ𝑟 (21) 837 

𝛼 denotes the rescaling factor (limited in this section), and 𝑡ℎ𝑟 denotes the signal detection 838 

threshold. The membrane potential (V) of neurons in the `MST-d is derived from the differential 839 

equation, 840 

 𝐶
𝑑𝑉

𝑑𝑡
= −𝑔𝑙(𝑉(𝑡) − 𝑉𝑚) + 𝐼𝑠𝑡𝑖(𝑡) (22) 841 

where 𝑉𝑚 is the resting potential (-65 mV) and 𝑉(𝑡) denotes the membrane potential at time 𝑡. 842 

In the multisensory condition, the subnetwork is set to update the preference after 30 ms, and 843 

both inputs are sent to the MST-d. 844 

 𝐼𝑘,𝑒
𝜃 = 𝑤𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙

𝜃 ∙ exp(
−𝑑(𝜃𝑚𝑎𝑥

𝑚𝑢𝑙𝑡𝑖,𝑘)2

2∙𝜎𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙
2 ), t>30 ms (23) 845 

 𝐶
𝑑𝑣

𝑑𝑡
= −𝑔𝑙(𝑣(𝑡) − 𝑣𝑚) + 𝐼𝑠𝑡𝑖

𝑀𝑇(𝑡) + 𝐼𝑠𝑡𝑖
𝑃𝐼𝑉𝐶(𝑡) (24) 846 

 847 

Computation of inference efficiency shown in Fig. 6 848 

We measured the inference efficiency based on cross-entropy (Kullback–Leibler Divergence) 849 

since we measured the distribution of integration probability (though not the probability 850 

distribution, which requires ∑𝑝𝑖𝑛𝑡(𝑥) = 1). Cross-entropy achieves a maximum value if two 851 

distributions are identical; however, the computational principle requires the encoding bases to 852 

differentiate distributions. Thus, we denote the inference efficiency ε by negative cross-entropy. 853 

To balanced and imbalanced neuronal encoding, 854 

 𝜀 = ∑ [𝑝(𝑦𝑏𝑎𝑙)𝑙𝑜𝑔2𝑝(𝑦𝑖𝑚𝑏𝑎𝑙) − 𝑝(𝑦𝑏𝑎𝑙)𝑙𝑜𝑔2𝑝(𝑦𝑏𝑎𝑙)]
180°
∆𝜃=0°  (25) 855 



To congruent and opposite neuronal encoding, 856 

 𝜀′ = ∑ [𝑝(𝑦𝑜𝑝𝑝𝑜)𝑙𝑜𝑔2𝑝(𝑦𝑐𝑜𝑛𝑔) − 𝑝(𝑦𝑜𝑝𝑝𝑜)𝑙𝑜𝑔2𝑝(𝑦𝑜𝑝𝑝𝑜)]
∆𝜃0+90°
∆𝜃0

 (26) 857 

where ∆θ0 is 0° in congruent neurons and 90° in opposite neurons. The congruence and 858 

opposite cases are set as mutually exclusive here to match the balanced and imbalanced 859 

classification. The congruent probability is the mean probability of congruent neurons (0°~90°) 860 

from both balanced and imbalanced groups and the opposite probability from opposite neurons 861 

(90°~180°) from both groups. To align with the scale of balanced and imbalanced encoding, we 862 

denote ε = 2ε′ when plotting the congruent-and-opposite inference efficiency in Fig. 5F. 863 

 864 

Inference based on a fixed-criterion strategy 865 

 𝑃(𝐶 = 1|𝑥𝑣𝑖𝑠, 𝑥𝑣𝑒𝑠) = {
1𝑖𝑓|𝑥𝑣𝑖𝑠 − 𝑥𝑣𝑒𝑠| + 𝜉 < 𝜅
0𝑖𝑓|𝑥𝑣𝑖𝑠 − 𝑥𝑣𝑒𝑠| + 𝜉 ≥ 𝜅

, 𝜉~𝑁(0, 𝜎𝑛𝑜𝑖𝑠𝑒) (27) 866 

𝑥𝑣𝑖𝑠 and 𝑥𝑣𝑒𝑠 are the visual and vestibular location samples from each Gaussian distribution, 867 

and |𝑥𝑣𝑖𝑠 − 𝑥𝑣𝑒𝑠| corresponds to one sampling of ∆𝜃𝑢𝑛𝑖. The fixed-criterion (FC) strategy results 868 

in an inference based on the criterion κ, which is fixed and independent of the prior. The inference 869 

is binary: if the measured disparity |𝑥𝑣𝑖𝑠 − 𝑥𝑣𝑒𝑠| is smaller than κ, the unit infers robust integration 870 

(𝑃(𝐶 = 1|𝑥𝑣𝑖𝑠, 𝑥𝑣𝑒𝑠) = 1); otherwise, it infers separation (𝑃(𝐶 = 1|𝑥𝑣𝑖𝑠, 𝑥𝑣𝑒𝑠) = 0). When noise is 871 

present, the disparity measurement is modified as |𝑥𝑣𝑖𝑠 − 𝑥𝑣𝑒𝑠| + 𝜉, but κ remains fixed. In this 872 

case, both integration and separation inferences are possible if the noisy measurement approaches 873 

κ. The inference was repeated 100,000 times to represent the integration functions of MST-d 874 

neurons. When the integration functions were fitted, only κ was set as a free parameter. 875 

 876 

Inference based on a Bayesian strategy 877 

We assumed that the stimulus measurements would follow a Gaussian distribution with 878 

different mean positions (𝑥𝑣𝑖𝑠~𝑠𝑣𝑖𝑠(𝜇𝑣𝑖𝑠, 𝜎𝑣𝑖𝑠) and 𝑥𝑣𝑒𝑠~𝑠𝑣𝑒𝑠(𝜇𝑣𝑒𝑠, 𝜎𝑣𝑒𝑠)), where 𝜎𝑣𝑖𝑠 = 𝜎𝑣𝑒𝑠 =879 

𝜎 is a free parameter. The Bayesian strategy computes the posterior probability based on the prior 880 

(Maunsell and Vanessen 1983; Chowdhury et al. 2009; Chen et al. 2011). 881 

 𝑃(𝐶 = 1|𝑥𝑣𝑖𝑠, 𝑥𝑣𝑒𝑠) =
𝑃(𝑥𝑣𝑖𝑠,𝑥𝑣𝑒𝑠|𝐶=1)𝑃(𝐶=1)

𝑃(𝑥𝑣𝑖𝑠,𝑥𝑣𝑒𝑠)
 (28) 882 

Aside from the sampling distribution 𝜎 , the common cause distribution and the prior 883 

probability 𝑃(𝐶 = 1) were also set as free parameters to provide an optimal fit for the biophysical 884 

simulation. To align the binary judgments, we adopted an optimal Bayesian reporter that reports 885 

integration if 𝑃(𝐶 = 1|𝑥𝑣𝑖𝑠, 𝑥𝑣𝑒𝑠) > 0.5; otherwise, it reports separation (Kording et al. 2007; Rohe 886 

and Noppeney 2015; Acerbi et al. 2018). As with the fixed-criterion strategy, reporting was repeated 887 

100,000 times. Different integration functions and psychophysical functions were fitted by adjusting 888 

only the prior 𝑃(𝐶 = 1). 889 

 890 

Psychophysical decisions by neural Monte Carlo sampling 891 

We adopted a biophysically plausible decision process that weighs the group response 892 



sampling of each type of multisensory encoder. The balanced group has been demonstrated to 893 

encode separation, and the imbalanced group has been demonstrated to encode integration. 894 

Considering both of them as computation bases, the decision neuron reported separation if the 895 

balanced group responded more strongly than the imbalanced group, and vice versa. Since the 896 

∆𝜃𝑚𝑢𝑙 is characterized by distribution in both groups, the multisensory preference (∆𝜃𝑚𝑢𝑙) of the 897 

MST-d inputs may not be traversed, as the decision neuron does not necessarily receive many inputs 898 

under real conditions. Based on this fact, the decision neuron model performed probabilistic 899 

sampling according to the observed distribution of ∆𝜃𝑚𝑢𝑙 in the balanced (𝐷𝑏𝑎𝑙) or imbalanced 900 

( 𝐷𝑖𝑚𝑏𝑎𝑙 ) group; meanwhile, the input components remain proportional (balanced group: 901 

70/115=0.61; imbalanced group: 45/115=0.39; balanced:imbalanced≈3:2). For example, if the 902 

decision neuron received 15 inputs from the MST-d, then 9 of them were from balanced neurons 903 

and 6 were from imbalanced neurons. Among the 9 balanced neurons, the distribution of ∆𝜃𝑚𝑢𝑙 904 

was fairly uniform for each neuron, and there was a fairly good chance that neurons with various 905 

disparities were represented. On the other hand, each of the 6 imbalanced neurons was more likely 906 

to sample a small ∆𝜃𝑚𝑢𝑙. The neuronal response was obtained from a data-averaged multisensory 907 

tuning function (𝑓𝑏𝑎𝑙  and 𝑓𝑖𝑚𝑏𝑎𝑙; see Supplementary Fig. S2), which measures the difference 908 

between the preferred multisensory disparity and real input disparity (∆𝜃′). Finally, the decision 909 

neuron computed the summed responses and decided which response was higher. We repeated such 910 

decision reports for 100,000 trials in each real input disparity condition. 911 

 912 

 ∆𝜃′𝑖 = ∆𝜃𝑖𝑛𝑝𝑢𝑡 − ∆𝜃𝑖, 𝑤ℎ𝑒𝑟𝑒∆𝜃𝑖 ∈ 𝐷𝑏𝑎𝑙 (29) 913 

 ∆𝜃′𝑗 = ∆𝜃𝑖𝑛𝑝𝑢𝑡 − ∆𝜃𝑗 , 𝑤ℎ𝑒𝑟𝑒∆𝜃𝑗 ∈ 𝐷𝑖𝑚𝑏𝑎𝑙 (30) 914 

 𝑅𝑏𝑎𝑙
𝑖 = 𝑓𝑏𝑎𝑙(∆𝜃′𝑖) (31) 915 

 𝑅𝑖𝑚𝑏𝑎𝑙
𝑗

= 𝑓𝑖𝑚𝑏𝑎𝑙(∆𝜃′𝑗) (32) 916 

 𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = ∑ 𝑅𝑏𝑎𝑙
𝑖𝑛𝑏𝑎𝑙

𝑖=1 − ∑ 𝑅𝑖𝑚𝑏𝑎𝑙
𝑗𝑛𝑖𝑚𝑏𝑎𝑙

𝑗=1 {
≥ 0 → 𝑆𝑒𝑝𝑎𝑟𝑎𝑡𝑖𝑜𝑛
< 0 → 𝐼𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑖𝑜𝑛

 (33) 917 
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 1068 

Fig. 1. Experimental protocol and multisensory preference schematics. A Schematic of the 1069 

physiological experiment. The screen was placed on a platform with 6 degrees of motion. Visual motion 1070 

stimuli were simulated by the movement of a dot cloud, and vestibular motion stimuli were simulated by 1071 

the movement of the platform. B Systematic table of multisensory stimuli. Each stimulus took 8 1072 

discretized movement directions spaced by 45°; thus, 64 neural responses were recorded for each 1073 

neuron under the multisensory condition. C Neuronal responses in unisensory (side panels) and 1074 

multisensory (middle panel) conditions. Multisensory preference was identified from the maximum 1075 

response (𝑅𝑚𝑢𝑙𝑡𝑖
𝑚𝑎𝑥 ) in the grid of 64 responses that specifies a joint visual and vestibular preferred 1076 

direction. Multisensory tuning curves were identified by fixing the direction of one modality at the 1077 

preferred value while varying the other (multisensory visual curve: solid red line, multisensory vestibular 1078 

curve: dashed red line). Both multisensory tuning curves intersect at the maximal response 𝑅𝑚𝑢𝑙𝑡𝑖
𝑚𝑎𝑥 . 1079 



 1080 

Fig. 2. Data analysis of balanced and imbalanced neuronal preference. A Averaged tuning curves of 1081 

balanced neurons (top panels, n=70) and imbalanced neurons (bottom panels, n=45) defined by the 1082 

response ratio (𝑟). Preferred directions are shifted to align at 0°. B-C The unisensory (B) and multisensory 1083 

(C) tuning curves of a typical balanced (top panel) or imbalanced (bottom panel) neuron. The two curves 1084 

denote that fixing visual direction are preferred direction and changing vestibular direction (multisensory 1085 

vestibular curve), and switching the roles as multisensory visual curve. The two curves intersect at 𝑅𝑚𝑢𝑙𝑡𝑖
𝑚𝑎𝑥  1086 

as the red lines in Fig.1C middle panel. Insets show the preferred visual and vestibular motion directions 1087 

of the neuron as vectors, and the shaded region indicates the preference disparity. D Distributionof the 1088 

unisensory disparity 𝑝(Δ𝜃𝑢𝑛𝑖)  of neurons in the balanced (left) and imbalanced (right) groups. E 1089 

Distribution of multisensory disparity 𝑝(Δ𝜃𝑚𝑢𝑙). F Joint distribution of Δθ𝑢𝑛𝑖and Δθ𝑚𝑢𝑙 for balanced and 1090 

imbalanced neurons. Color gradients indicate Δ𝜃𝑚𝑢𝑙. 1091 

 1092 



 1093 
Fig. 3. Multipartite CANN model structure and interpretation of preference. A The model structure. 1094 

Each neuron stands for a specific direction preference. The synaptic connection weights are in proportion 1095 

with the experimental observations. B Parameters of the model. Top: synaptic inputs to the MT and PIVC 1096 

from preceding areas. The input weight declines with the topological distance of neurons. Bottom: lateral 1097 

connection in a Mexican hat shape. C Synaptic strength ratio, determined from the data observed, is 1098 

introduced in the model connection from the MT and PIVC to MST-d without specifying the visual or 1099 

vestibular origin. D One state in the bifurcation system in the subnetwork, given fixed unisensory input 1100 

directions. In this state, the subnetwork forms one coactivated region that assigns aligned preferences in 1101 

the multisensory condition for the MST-d neuron downstream. The side panel shows a simulation trial in 1102 

which the MST-d neuronal response achieves a maximum value when receiving congruent inputs. E The 1103 

other state in the bifurcation system in the subnetwork. In this state, the subnetwork forms two 1104 

independent regions that assign unaligned preferences in the multisensory condition. The side panel 1105 

shows a simulation trial in which the MST-d neuronal response achieves a maximum value when receiving 1106 

nearly opposite inputs. 1107 

 1108 



 1109 

Fig. 4. The CANN model simulates integration functions in the MST-d. A Schematics of balanced 1110 

(top) and imbalanced (bottom) simulations in the CANN model. All other plots follow this arrangement. B 1111 

Dynamic in the time domain. Five hundred trials are presented in each graph. The black dashed lines 1112 

denote ∆𝜃𝑚𝑢𝑙 = 60° and ∆𝜃𝑚𝑢𝑙 = 120°. Side panels denote corresponding dominant response patterns 1113 

in the subnetwork. C Dynamics in the space domain as a function of synaptic disparity (∆𝜃𝑢𝑛𝑖). ∆𝜃𝑚𝑢𝑙 is 1114 

averaged from the time window 𝑡1 to 𝑡2, indicated by the red lines in B. D Classified integration and 1115 

separation-encoding neuron data in the joint distribution of Fig. 2F. E Probability of integration encoding 1116 

(𝑝𝑖𝑛𝑡) as a function of ∆𝜃𝑢𝑛𝑖. 𝑝𝑠𝑒𝑝 = 1 − 𝑝𝑖𝑛𝑡. Data: diamonds. CANN simulation: dotted curves. F Mean 1117 

∆𝜃𝑚𝑢𝑙 of integration-encoding as well as separation-encoding neurons (data: diamonds, CANN simulation: 1118 

lines). The error bar denotes the standard error. 1119 

 1120 

 1121 



 1122 

Fig. 5. Dynamic modulation by the synaptic ratio and noise. A-D The integration function is modulated 1123 

by both the synaptic ratio (from 1.0 to 2.6) and noise (from 0 to 15). E Modulation of the synaptic ratio 1124 

determines neuronal function. The vertical dashed line shows the ratio that optimizes the threshold 1125 

(𝑃𝑖𝑛𝑡=50%) between integration and separation. F Inference efficiency (𝜀) is modulated by the noise level 1126 

(). The gray vertical dashed line shows the optimal noise level for congruent and opposite neurons as 1127 

encoding bases (asterisks), and the red vertical dashed line shows the optimal noise level for balanced 1128 

and imbalanced neurons as encoding bases (circles). 𝜀 on the y-axis is presented in arbitrary units based 1129 

on a modified form of Kullback–Leibler divergence. 1130 
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 1132 

Figure. 6. Dynamic modulation by lateral connections in the multisensory subnetwork. A 1133 

Schematics of lateral-connection scaling by 𝛽𝑠𝑐𝑎𝑙𝑒, where 𝑤′𝑒𝑥 = 𝛽𝑠𝑐𝑎𝑙𝑒 ∙ 𝑤𝑒𝑥 and 𝑤′𝑖𝑛 = 𝛽𝑠𝑐𝑎𝑙𝑒 ∙ 𝑤𝑖𝑛. An 1134 

example in which 𝛽𝑠𝑐𝑎𝑙𝑒 = 1.0 correlates with the best-fit case. B CANN simulated encoding functions of 1135 

balanced neurons are modulated by lateral connection weights. C The same content as in B, but for 1136 

imbalanced neurons. 𝛽𝑠𝑐𝑎𝑙𝑒 is slightly different from B to moderately differentiate the curves. 1137 
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 1139 

Fig. 7 The fixed-criterion and Bayesian inference strategies emerge on different levels of the 1140 

cortical hierarchy. A Schematics of cortical inference from single MST-d neurons implementing a fixed-1141 

criterion (FC) strategy to neurons in the MST-d group implementing a Bayesian strategy. B The FC 1142 

strategy fitted with the neuronal integration functions with different synaptic ratios. C Multisensory 1143 

response functions of balanced (𝑓𝑏𝑎𝑙, left) and imbalanced (𝑓𝑖𝑚𝑏𝑎𝑙, right) neurons. The response 1144 

decrement of balanced neurons is simulated by 𝑅′𝑏𝑎𝑙 = 𝛼𝑏𝑎𝑙 ∙ 𝑅𝑏𝑎𝑙, where 𝛼𝑏𝑎𝑙= 1, 0.9 or 0.8. 𝛼𝑖𝑚𝑏𝑎𝑙 1145 

holds at 1. D Decisions simulated from the sampling process with different balanced response scales 1146 

(circles) and Bayesian fitting (curves) with different prior probabilities while other parameters are fixed. 1147 

The decision was about whether to report a common source or different sources, and the results are 1148 

shown as probability (𝑝𝑐𝑜𝑚𝑚𝑜𝑛). The color matches the scaling condition in C. E The best-fit prior in 1149 



Bayesian fitting, shown as a function of 𝛼𝑏𝑎𝑙. F-H same as C-E, but for imbalanced neuron scaling by 1150 

𝛼𝑖𝑚𝑏𝑎𝑙. The parameters in Bayesian fitting are the same as those in D, except for the prior. I Schematics 1151 

of different sample sizes. The top panels show the balanced sampling size, and the bottom panels show 1152 

the imbalanced sampling size. A proportion of 3:2 was maintained. J Decision from sampling with 1153 

different total sizes, as shown in I (circles), and Bayesian fitting with different measurement distributions 1154 

(curves). The prior is fixed at 0.51. K The distribution relationship used in the fitting of J. 1155 
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