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Abstract 35 
Walking and other forms of self-motion create global motion patterns across our eyes. 36 

With the resulting stream of visual signals, how do we perceive ourselves as moving through a 37 

stable world? While the neural mechanisms are largely unknown, human studies (e.g. Warren & 38 

Rushton, 2009) provide strong evidence that the visual system is capable of parsing the global 39 

motion into two components – one due to self-motion and the other due to independently moving 40 

objects.  In the present study, we use computational modeling to investigate potential neural 41 

mechanisms for stabilizing visual perception during self-motion that build on neurophysiology of 42 

areas MT and MST. One such mechanism leverages direction, speed, and disparity tuning of 43 

cells in MSTd to estimate the combined motion parallax and disparity signals attributed to the 44 

observer’s self-motion. Feedback from the most active MSTd cell subpopulations suppresses 45 

motion signals in MT that locally match the preference of the MSTd cell in both parallax and 46 

disparity. This mechanism combined with local surround inhibition in MT allows the model to 47 

estimate self-motion while maintaining a sparse motion representation that is compatible with 48 

perceptual stability. A key consequence is that after signals compatible with the observer’s self-49 

motion are suppressed, the direction of independently moving objects is represented in a world-50 

relative rather than observer-relative reference frame.  Our analysis explicates how temporal 51 

dynamics and joint motion parallax-disparity tuning resolve the world-relative motion of moving 52 

objects and establish perceptual stability. Together, these mechanisms capture findings on the 53 

perception of object motion during self-motion.  54 
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Significance Statement 55 
 56 

The image integrated by our eyes as we move through our environment undergoes 57 

constant flux as trees, buildings, and other surroundings stream by us. If our view can change so 58 

radically from one moment to the next, how do we perceive a stable world? Although progress 59 

has been made in understanding how this works, little is known about the underlying brain 60 

mechanisms. We propose a computational solution whereby multiple brain areas communicate to 61 

suppress the motion attributed to our movement relative to the stationary world, which is often 62 

responsible for a large proportion of the flux across the visual field. We simulated the proposed 63 

neural mechanisms and tested model estimates using data from human perceptual studies. 64 

 65 

Introduction 66 
Everyday situations demand that humans successfully interact with moving objects. This 67 

requires that we accurately perceive their trajectory during self-motion, which is impressive 68 

when one considers the complexity of the motion pattern that appears on the mobile observer’s 69 

eye. The local optical motion only reliably corresponds to the object’s movement through the 70 

world when the observer is stationary — eye, head, and full-body self-motion all create global 71 

patterns of motion across the visual field that influence the motion corresponding to the object. 72 

Therefore, the local optical motion may reflect the observer’s self-motion or a combination with 73 

the independent movement of objects.  74 

 75 

Figure 1: The problem of recovering object motion independent of the observer’s movement. (a) 76 

An object moving up-and-left (large red arrow) through the world produces upward (large blue 77 

arrow) motion on the eye of a moving observer. This occurs because the optical motion (blue 78 

arrow) is the sum of object motion relative to the stationary world (red arrow) and the pattern 79 
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induced by the observer’s self-motion (rightward orange arrow). The world-relative motion 80 

(center panel) can be recovered by suppressing the self-motion component (orange arrows; right 81 

panel) from the optical pattern (blue arrows; left panel). (b) Suppressing an incorrect estimate of 82 

the self-motion component results in spurious object motion estimates. For example, if depth is 83 

systematically underestimated (right panel), too much motion would be suppressed, which would 84 

yield an incorrect object direction (gray instead of red arrow; center panel) and make stationary 85 

objects appear to be moving (backwards arrows; center panel). 86 

 87 

The influence of self-motion could be reconciled by estimating its contribution and 88 

suppressing it (Figure 1a). This follows because self-motion additively influences an object’s 89 

optical motion. An estimate of the global motion induced by the observer’s self-motion would 90 

allow the visual system to suppress its influence on the optical pattern to resolve the final 91 

undetermined component, the motion of the object relative to the stationary world. Crucially, the 92 

process of differentiating self-motion and object motion would suppress the global flux 93 

throughout the visual field induced by the observer’s movement, thereby relating perception to 94 

the stationary world. This closely relates to perceptual stability, which refers to the perception of 95 

a stable environment despite its constantly changing optical projection induced by the observer’s 96 

movement. In dynamic environments, perceptual stability involves perceiving objects that move 97 

with a constant velocity as moving along stable, invariant trajectories, despite changes in the 98 

observer’s self-motion. 99 

While it is well established that self-motion perception involves visual (Gibson, 1950; 100 

Warren & Hannon, 1988) and non-visual (Bremmer, Kubischik, Pekel, Lappe, & Hoffmann, 1999; 101 

Cullen, 2012; Fajen & Matthis, 2013) contributions, much less is known about the neural 102 
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mechanisms involved in establishing perceptual stability. Behavioral (Rushton & Warren, 2005; 103 

Matsumiya & Ando, 2009; Warren & Rushton, 2009; Dupin & Wexler, 2013) and preliminary 104 

neural (Peltier, Angelaki, & Deangelis, 2016) studies suggest that the visual system does in fact 105 

suppress the self-motion component to establish world-relative object motion perception, which 106 

facilitates our interactions with moving objects and explains why objects appear to move along 107 

similar trajectories despite potential changes in our self-motion (e.g. starting to run when chasing 108 

a fly ball does not alter the perceived trajectory of the ball). 109 

Despite the apparent simplicity of the solution, suppressing self-motion contributions 110 

from the optical motion signal requires complex, nuanced considerations. Here, we focus on one 111 

in particular — depth throughout the visual field — that the visual system must take into 112 

account, otherwise too much or too little would be deducted from the object’s optical motion, 113 

potentially leading to widespread misperceptions in an object’s trajectory. For example, 114 

“subtracting out” the self-motion component when depth is systematically underestimated leads 115 

to erroneous world-relative object motion and stationary objects appearing as moving (Figure 1b; 116 

center panel; compare with Figure 1a, center panel).  117 

Neurophysiological studies have begun to identify how cells in areas, such as MT 118 

(Nadler, Angelaki, & DeAngelis, 2008; Nadler et al., 2013) and MSTd (Yang, Liu, Chowdhury, 119 

DeAngelis, & Angelaki, 2011), combine motion and depth through disparity during self-motion, 120 

and experiments have shown that humans take advantage of depth when judging the direction of 121 

moving objects, as if to establish a stable perceptual reference frame (Warren & Rushton, 2007; 122 

Matsumiya & Ando, 2009). The mechanisms that underlie and connect these processes are not 123 

yet well understood. 124 
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The aim of the present study is to formalize the fundamental computational principles 125 

involved in using depth through motion parallax and disparity to stabilize visual perception 126 

during self-motion. We developed a model to generate predictions of how bottom-up and top-127 

down signals could interact — exploring specifically the hypothesis that feedback from MSTd to 128 

MT- and MSTv plays a key role in perceptual stability and the recovery of world-relative object 129 

motion.  Our analysis links surround suppression and joint motion parallax-disparity tuning and 130 

compares model behavior with existing behavioral and neural data.  131 

Materials and Methods 132 
Joint motion parallax and disparity model of MT and MST 133 
 134 

In this section, we present an overview of the model, depicted in Figure 2a (see Appendix 135 

for mathematical details). The model builds on ViSTARS (Browning, Grossberg, & Mingolla, 136 

2009a; Browning, Grossberg, & Mingolla, 2009b) and former versions of the Competitive 137 

Dynamics model (Layton, Mingolla, & Browning, 2012; Layton & Browning, 2014; Layton & 138 

Fajen, 2016b; Layton & Fajen, 2017), and consists of two interconnected brain areas: MT and 139 

MST. It is well-established that neurons in area MT demonstrate selectivity to motion direction, 140 

speed, and disparity (Born & Bradley, 2005) and receptive fields (RFs) may (MT-) or may not 141 

(MT+) have a surround in which motion suppresses the response (Born, 2000; Cui, Liu, 142 

Khawaja, Pack, & Butts, 2013). The properties of neurons in MST differ depending on their 143 

anatomical position: cells in dorsal MST (MSTd) have large RFs and are involved with heading 144 

perception (Duffy & Wurtz, 1995); cells in ventral MST (MSTv) have comparatively smaller 145 

RFs and respond to small moving objects (Tanaka et al., 1986; Tanaka, Sugita, Moriya, & Saito, 146 

1993).  147 
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To anticipate the model’s functional organization, we assume that perceived self-motion 148 

is reflected in model area MSTd, perceived object motion in model areas MT- and MSTv, and 149 

that these two areas interact to recover world-relative object motion. Known connectivity and 150 

neurophysiological properties implicate MT and MST for implementing mechanisms like those 151 

described here, though this does not rule out the involvement of other areas with similar 152 

characteristics. For concreteness, we will specifically reference MT and MST. 153 

 154 
Figure 2: Diagram of model MT and MST. (a) The model contains two major pathways: 155 

MT+/MSTd subserves self-motion (top) and MT-/MSTv subserves object motion (bottom). The 156 

model is dynamic and estimates self-motion and object motion simultaneously. Units in MSTd 157 

model physiologically supported populations tuned to full-field radial patterns, speed (band-pass, 158 

speed summating), and non-direction dependent disparities. Cells in MT-/MSTv have receptive 159 

fields (RFs) with inhibitory surrounds due to local and feedback mediated suppression. Feedback 160 

comes from dominant MSTd units and suppresses MT-/MSTv units locally tuned to the 161 

direction, speed, and disparity that match the estimated self-motion motion pattern. As we will 162 

show, feedback mediated suppression shifts population object motion responses from a retinal to 163 

world-relative reference frame. The efficacy of MT+/MSTd synapses decreases in response to 164 

tonic presynaptic activity in MT+. Model MT tuning curves for direction (b), speed (c), and 165 

disparity (d). 166 

 167 
Overview 168 

The model takes as input motion vectors  specifying the 169 

motion  units °/sec,  and depth , units cm, of points in the world at retinal 170 

position  and frame  of the discrete video-based input sequence. We represented the input 171 

in this fashion to focus on the contributions of the novel mechanisms; it could be seen as the 172 
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output of preprocessing stages that extract motion from a sequence of images (e.g. LGN and V1) 173 

and perform stereo matching across binocular inputs (e.g. V1, V2). Direction, speed, and 174 

disparity filters process the input signal and convert the motion and depth vectors into a neural 175 

signal by Layer 4,6 MT units (hereafter referred to as MT L4,6); units respond to the input based 176 

on their tuning curves. We show sample tuning curves for direction, speed, and disparity in 177 

Figure 2b-d. 178 

Units in the next stage, Layer 2-3 (hereafter referred to as MT L2-3), are jointly tuned to 179 

direction, speed, and disparity, but process the output of MT L4,6 differently, depending on 180 

whether they possess reinforcing (MT+) or antagonistic (MT-) surrounds (Figure 2a). This 181 

bifurcation reflects the anatomical segregation of MT into pathways that subserve self-motion 182 

and object motion (Born & Tootell, 1992; Tanaka et al., 1993; Born, 2000; Yu, Hou, Spillmann, 183 

& Gu, 2018): MT+ units project to MSTd and MT- project to MSTv. The former pathway 184 

matches the MT+ output signals against laminar (Figure 2a; top) and radial (Figure 2a; bottom) 185 

templates that define the pattern selectivity of MSTd units. We modeled MSTd units that either 186 

respond proportionally to retinal speed (‘speed summating cells’) (Inaba, Shinomoto, Yamane, 187 

Takemura, & Kawano, 2007; Perrone, 2012) or respond maximally to different average speeds 188 

across the visual field (‘band-pass cells’; Duffy & Wurtz, 1997). Every MSTd unit pools over 189 

similar MT+ disparity signals to which it is tuned. The disparity tuning of every model MSTd 190 

unit is independent of pattern (radial, laminar) and/or speed selectivity, consistent with most cells 191 

in MSTd (non-direction dependent cells; Yang et al., 2011). This motion integration process 192 

combined with intra-areal dynamics within MSTd allows the model to estimate the speed 193 

gradient and direction pattern that corresponds to the observer’s self-motion (motion parallax) 194 

while taking depth through disparity into account.  195 
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Units in the MT-/MSTv pathway have surrounds that are tuned to similar directions, 196 

speed, and disparities as the receptive field centers (see Results for anticipated response 197 

differences as selectivity varies). Both areas perform an on-center/off-surround integration of 198 

motion and disparity signals, with the exception that MSTv units respond proportionally to 199 

retinal speed (Tanaka et al., 1993) like MSTd speed summating cells. We readout the model’s 200 

estimate of the object’s motion, usually in area MSTv, from units that have the moving object 201 

within the receptive field at the end of each simulation. We used a population estimate for 202 

increased precision when comparing model derived estimates to human judgments (see Direction 203 

readout). 204 

 205 

Figure 3: Overview of suppressive feedback mechanism.  MT- and MSTv units are inhibited 206 

depending on how their tuning properties relate to the corresponding local subregion of the most 207 

active MSTd unit's RF.  (a) The strength of the inhibitory feedback from MSTd is speed- and 208 

depth-dependent in accordance with motion parallax.  When an observer moves forward, the rate 209 

of flow is greatest at near depths and least at far depths.  Likewise, the MT- and MSTv cells that 210 

are inhibited the most are those that are tuned to faster speeds and near disparities, moderate 211 

speeds and fixational disparities, and slower speeds and far disparities (i.e., those with 212 

“congruent” speed-disparity tuning; see enclosed region along the diagonal in Figure 3a).  (b) 213 

The pattern selectivity of the MSTd unit is indicated on the top-right and the RF of some MT 214 

units are shown in left superimposed circle. Highest peak curve in plot shows that MT 215 

suppression is greatest when the MT direction tuning locally matches (leftward; 0° mismatch) 216 

the MSTd RF; units with mismatching direction tuning receive progressively less inhibition. 217 

Other curves show that inhibition drops off as speed tuning locally differs from the MSTd RF. 218 
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 219 
We used the model to explore the prediction that MSTd cells that respond to the pattern 220 

of motion generated by the observer’s self-motion send feedback to MT- and MSTv to establish 221 

perceptual stability and recover world-relative object motion. We hypothesized that there is a 222 

general guiding structure in these feedback signals. 223 

Specifically, we considered the overarching rule whereby MSTd feedback suppresses 224 

MT-/MSTv units most compatible with the visual pattern to which the most active MSTd units 225 

are tuned. Figure 3 illustrates how this principle not only encompasses direction (i.e. suppressing 226 

MT units tuned to directions consistent with the global visual pattern), but also speed and 227 

disparity. For example, Figure 3a shows that MT-/MSTv units tuned to far disparities/slow 228 

speeds and near disparities/fast speeds (“congruent cells”) receive greater inhibition due to 229 

MSTd feedback than units tuned to far disparities/fast speeds and near disparities/slow speeds 230 

(“opposite cells”). Note that we define model congruent and opposite cells based on their 231 

disparity and speed tuning, which may differ from cells with same name reported in existing 232 

physiological studies. For example, the properties of congruent and opposite cells of Nadler et 233 

al., 2013; Kim, Angelaki, & DeAngelis, 2016 are based on the consistency between depth tuning 234 

and motion parallax during self-motion with eye movements. Because we do not model eye 235 

movements and our viewing geometry differs from that of Nadler et al., 2013; Kim et al., 2016, 236 

we caution against direct comparisons between the cell populations unless evidence is produced 237 

to substantiate such a connection. 238 

Figure 3a,b show that the suppression drops off as tuning in any particular dimension 239 

becomes more dissimilar among units that share receptive fields in the same visuotopic region of 240 

the visual field (i.e. in the same MT-/MSTv macrocolumn). For example, suppression decreases 241 

in MT-/MSTv units with receptive fields that coincide with the left side of the horizon and 242 
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deviate in speed (non-blue curves) and direction (positions along the blue curve that do not 243 

correspond to the maximum) tuning from the global pattern depicted in Figure 3b. 244 

Direction readout 245 
To estimate the direction of moving objects from the model’s neural signals, we relied on 246 

a population vector readout technique whereby we weighted the direction preference by the 247 

firing rate among units that respond to a moving object. With this approach, activity from the 248 

entire population of direction tuned units factors into the estimate. 249 

 
 (1) 

In analyses, we calculated the population vector for both MSTv cells  and MT- 250 

cells . We relied on the following equation to extract the object angle signaled by 251 

the MT-/MSTv population: 252 

 (2) 

Finally, we subtracted the object’s retinal direction  from the model estimate  (Eq. 3) to 253 

compute the relative difference  between the retinal and world relative object directions. A 254 

zero valued  would indicate that the neural population maintained the retinal direction of the 255 

object, while a positive value would indicate a shift in the signal toward the world relative 256 

direction. 257 

 (3) 

Simulations 258 
We implemented the model in MATLAB and performed simulations using R2017a on a 259 

4.3 Ghz quadcore desktop machine with 32GB of memory running Microsoft Windows 10. We 260 
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numerically integrated the model using Euler’s method such that each new input frame was 261 

integrated ten time steps. This amounts to a step size of 3 msec, assuming 30 frames/sec. We 262 

implemented the divisive, subtractive, and local surround suppression mechanisms in Wolfram 263 

Mathematica 11.1.  264 

When simulating the model with monocular inputs, we withheld the input depth signal 265 

and left out the disparity related tuning curves and parameters (e.g. 266 

, ), replacing their contribution in equations with unity. 267 

Experimental Design and Statistical Analysis 268 
 We performed a series of simulation experiments to test computational mechanisms in 269 

the model. Each experiment involved simulating a different set of visual displays. Given that we 270 

often compared model performance with human judgments, some of these displays correspond to 271 

those used in psychophysical studies as indicated. 272 

Full, Global, Local conditions 273 
To test interactions between the suppressive feedback and local inhibitory computational 274 

mechanisms, we generated optic flow displays (Full, Global, and Local conditions) that 275 

correspond to those used by Warren and Rushton (2009). The Full condition contained full-field 276 

motion. The Global condition was similar, except motion within a circular mask centered on the 277 

object was removed. There was also a mask in the Local condition, except motion was masked 278 

on the exterior. In all conditions, the simulated observer moved at 59 cm/sec along a central 279 

straight ahead heading through a 3D volume of dots. To maintain the dot density over time, we 280 

regenerated dots at a random relative depth when they exited the field of view. The virtual 3D 281 

dot cloud contained 4000 dots, up from the 300 used by Warren and Rushton (2009) to account 282 

for our use of stereo (they used monocular displays). The dots spanned relative depths between 283 

50 cm and 150 cm from the observer. The object moved along the depth axis at the same speed 284 



 

 13 

as the observer (59 cm/sec) so as to maintain a constant depth of 100 cm.  It also moved 285 

vertically at a speed of 0.65 deg/sec from an initial position on the horizontal midline at a retinal 286 

eccentricity of 6.5  to the right of center. We generated 14 frames of input, presenting each to the 287 

model for 30 msec.  288 

We also simulated monocular versions of the Full, Global, and Local conditions to 289 

explore the contributions of disparity. These were identical to their stereo counterparts, except 290 

the input depth signal was withheld from the model. 291 

Translation and Rotation conditions 292 
To explore the influence of disparity tuning in MT/MST on model mechanisms, we 293 

simulated the stereo displays of Warren and Rushton (2007). The simulated observer translated 294 

rightward at 2 cm/sec in the Translation condition or performed a 0.75 deg/sec rightward eye 295 

movement in the Rotation condition. In each self-motion scenario, the simulated environment 296 

either consisted of a 3D dot cloud 100 cm deep (Full condition) or a 20 cm cross-section thereof 297 

(Variable Depth conditions). The Full and Variable Depth conditions in the present study 298 

correspond to the displays used in Experiment 1-2 and 3 of Warren & Rushton (2007), 299 

respectively. Our implementation deviated from theirs in that our scene consisted of a 3D cloud 300 

of 2000 dots rather than textured wireframe cubes. The object was positioned 85, 105, or 125 cm 301 

away from the observer, at 6.5 deg eccentricity right of the horizontal midline. It moved upwards 302 

at 0.9 cm/sec through the world. In the Variable Depth conditions, the 3D cloud was centered at 303 

each of the object depths (85, 105, or 125 cm).  304 

Direction threshold object detection conditions 305 
We performed several experiments that compared the model’s moving object detection 306 

capabilities with human thresholds. In some cases, we simulated a subset of the optic flow 307 

displays used in Experiment 4 of Royden and Connors (2010) whereby the simulated observer 308 
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translated forward at 100 cm/sec through a virtual environment consisting of stationary discs and 309 

a moving object, which appeared at 5  eccentricity and moved at a range of retinal speeds. In our 310 

implementation, we used a 3D cloud of 500 dots rather than discs spanning relative depths of 70 311 

cm and 140 cm. Moreover, we created a stereo version of the displays wherein the moving object 312 

started 100 cm in depth relative to the observer. 313 

To compute model moving object detection thresholds, we increased the object’s angular 314 

deviation in 1 deg increments from the radial background pattern until the MSTv cell whose 315 

receptive field was centered on the object exceeded a firing rate threshold of 0.154 after 14 316 

frames of input. 317 

Disparity-based object detection conditions 318 
We also performed an experiment that tested the extent to which the model can detect a 319 

moving object on the basis of disparity. We created displays with a 3D volume of 5000 dots 110-320 

140 cm away from the observer wherein a small moving object moved as if it were part of the 321 

stationary background, except we independently controlled its depth (70-120cm from the 322 

observer). The object moved with a direction and speed like a dot positioned at the forefront of 323 

the 3D dot volume (110 cm), but we adjusted the z position in simulation. At the selected 324 

horizontal offsets of 15, 35, and 55 cm the object appeared at approximate average eccentricities 325 

of 10°, 20°, and 30°, respectively. 326 

Model equations 327 
 328 

The following two sections present computational mechanisms for perceptual stability 329 

(Figures 4-5). These mechanisms focus on direction alone, ignoring speed and disparity to focus 330 

on the principles; afterwards, we present equations for the more elaborate model that builds on 331 

these mechanisms to account for interactions between motion parallax and disparity that evolve 332 

over time.  333 
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Computational mechanisms for perceptual stability 334 
Self-motion and object motion interaction  335 

Local motion signals that surround a moving object cannot alone account for human 336 

judgments about its direction (Warren & Rushton, 2008; Warren & Rushton, 2009) — strong 337 

evidence implicates a mechanism that relies on the global pattern of motion throughout the visual 338 

field. We propose that this global mechanism emerges in the process of establishing perceptual 339 

stability based on an estimate of the visual pattern corresponding to the observer’s self-motion. 340 

This singular estimate obtained by integrating the motion across the visual field must suppress 341 

different matching local motion signals, depending on their originating position on the retina. We 342 

considered how this task could be accomplished through interactions between neurons small 343 

enough to locally signal the direction of moving and stationary objects in the environment (e.g. 344 

in MT) and feedback from neurons with large enough receptive fields to integrate global optic 345 

flow patterns that arise during self-motion (e.g. in MSTd).  We examined how two plausible 346 

interaction models would impact the direction signaled by a population of neurons that respond 347 

to moving object and share a common spatial receptive field (e.g. in a MT macrocolumn). The 348 

first is a divisive inhibition model (Grossberg, 1973; Reynolds & Heeger, 2009) that satisfies a 349 

Naka-Rushton equation (Naka & Rushton, 1966) 350 

  (4) 

where  represents the response of neuron  tuned to direction ,  is the excitatory 351 

(feedforward) input signal,  is the direction tuned feedback derived inhibitory signal, and the 352 

constant  represents the cell’s decay rate. When considering the inputs to the entire direction 353 

tuned population of units with spatially overlapping receptive fields, the excitatory and inhibitory 354 

inputs become the vectors  and , respectively. We modeled these directional inputs with the 355 

following Gaussians distributions: 356 
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(5) 

 
 

(6) 

where  indicate the direction preference of the cells most stimulated and inhibited, 357 

respectively, and  control the extent to each input influences units with dissimilar 358 

direction preferences. In simulations summarized in Figure 4, we fixed the excitatory input 359 

 and varied which cells received the inhibition, adjusting . 360 

We fixed , 20% of the maximum mean firing rate and set  as labeled in Figure 4.  361 

 For the subtractive model, we used the following equation: 362 

  (7) 

where the inputs  and  are defined according to Eqs. A2 and A3, respectively, and  363 

represents thresholding to maintain positivity in the firing rate. 364 

In both cases, we quantified the influence of suppression on the direction signaled by the 365 

cell population  (plotted in Figure 4b,c), we computed the shift  (units ) in the activity peak 366 

induced by the divisive or subtractive interactions: 367 

  (8) 

Surround suppression from local motion signals 368 
 369 
 In this section, we present a simple model to quantify how the well-established on-370 

center/off-surround organization of MT receptive fields could influence object motion responses 371 

due to surround suppression.  We used the following Gaussian filter to model the MT unit 372 

receptive field center and surround: 373 
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 (9) 

where   describe the spatial position and direction, respectively, that yield the maximum 374 

filter response, controls the sensitivity across space, and  refers to the filter gain. The 375 

parameter  controls the degree to which the center or surround is direction tuned. For example, 376 

large values of  produce an untuned surround (Rust, Mante, Simoncelli, & Movshon, 2006; 377 

Cui et al., 2013), whereas small values make the filter highly selective for a particular direction. 378 

Eq. 9 assumes a one-dimensional (1D) representation of space to keep things simple, but the 379 

filter could be readily extended to include a second spatial dimension. We defined the center 380 

region as , assuming that the receptive field is centered at the origin 381 

, has unit gain , and the unit is tuned to rightward motion ( ). The latter 382 

assumption is arbitrary and made for concreteness since we are concerned with the relative 383 

tuning of the surround.  384 

We defined the surround as , with the assumption that its spatial 385 

extent is broader than the center . Specifically, we fixed  and 386 

 to define  and 10  center and surround regions, measured by the full width at half 387 

maximum (FWHM).  By default, we equated the center/surround directional pooling extent to a 388 

broad value  (~95  FWHM) (Born, 2000) and set . We modified 389 

according to the ratio  for the stimulations summarized in Figure 5b to test how the 390 

strength of surround direction tuning impacted object motion signals: larger values  weaken 391 

the surround direction selectivity (i.e. surround pools over a greater range) and smaller values 392 

strengthen it. In Figure 5c, we show the influence of . 393 
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For the simulations reported in Figure 5, we considered a scenario wherein the observer 394 

moves straight forward along a central heading toward a distant wall in the presence of a small 395 

object that moves rightwards in the upper periphery of the visual field (Figure 5a). In separate 396 

simulations, we repositioned the object at the same eccentricity to assess the impact of different 397 

directions in the surround, while keeping the object centered on the model unit’s receptive field. 398 

That is, rightward motion appears in the receptive field center, and both rightward and the 399 

background motion directions (e.g. upward when the object appears on the middle upper region 400 

of the visual field) appear in the surround. Assuming an MT unit with a 1° center and surround 401 

ten times as wide (Born & Bradley, 2005), we defined the model input as follows: 402 

 
 (10) 

where  specifies the direction present in the surround. 403 

 The stimulus dependent center  and surround   filter output is given by: 404 

 =  (11) 

 =  (12) 

We used the divisive model specified by Eq. 4 to generate the MT unit response 405 

 
 (13) 

setting  After evaluating Eq. 13, we set , since we are only interested in units 406 

whose receptive fields coincide with the origin (centered on the object). As in the previous 407 

section, we quantified the influence of surround suppression on the direction carried by the 408 

object motion signal using the following equation, analogous to Eq. 8: 409 
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  (14) 

Eq. 14 computes the difference between the direction signaled by the most active MT unit and 410 

the direction of the object present in the receptive field center.  411 

Joint motion parallax and disparity model of MT and MST 412 
Here, we present the model of MT and MST that integrates mechanisms described in the 413 

previous sections into a unified system that takes into account speed and disparity, not only 414 

direction. Additionally, the model estimates the motion pattern corresponding to the observer’s 415 

self-motion in area MSTd and dynamically influences object motion signals, even as the object 416 

moves and the self-motion estimate updates over time. The model extends the Competitive 417 

Dynamics Model (Layton & Fajen, 2016b) and builds on the ViSTARS model (Browning et al., 418 

2009b; Browning et al., 2009b). 419 

 420 
Notation 421 

When defining functions, we use the notation , where  is the 422 

function name,  are the independent variables, and  are parameters. In 423 

expressions and equations, we use the notation , where  is the name,  are the 424 

independent variables, and  refers to the relevant model area, if applicable. Parameters that 425 

appear with a hat refer to ordinal count parameters (e.g.  refers to the 24 MT tuning directions). 426 

Specific parameter values used in Gaussian or von Mises tuning curves appear in Table 1, values 427 

that relate to neural dynamics appear in Table 2. 428 

MT Layer 4,6 429 
 Activity within the input layers of MT is obtained by filtering the input motion and depth 430 

signal ( ) with direction, speed, and disparity tuning curves to define the joint sensitivity of 431 

each unit. We filtered input signals along each of these dimensions independently since these 432 
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tuning characteristics are largely separable (Smolyanskaya, Ruff, & Born, 2013). We defined 433 

MT direction tuning according to a von Mises distribution: 434 

 
 (15) 

and evaluated it at  for all  and input frame . We extract the angle of the 435 

motion vector at every position  using the two-argument form of arctangent: 436 

  (16) 

 Eq. 15 matches this angle with the preferred direction  of each unit, where the parameter  437 

controls the direction tuning width. We normalized Eq. 15 so that it outputs 1 when the peak 438 

tuning of the unit matches the input.  439 

 MT L4,6 units process the input signal for speed by computing 440 

 
 (17) 

and evaluating the following Gaussian tuning curve at  for all  and : 441 

 
 (18) 

 442 

where  controls the width of the tuning curve across speeds and  define the speeds that 443 

yield the maximal sensitivity in the MT population. As indicated in Table 1, we created units 444 

tuned to five speeds (  and defined the speeds that elicit the maximal filter 445 

response according to speed distribution quintiles present in the first frame of each input . 446 

 For disparity, we evaluated the Gaussian tuning curve defined by Eq. 18 at 447 

, where  controls the width of the disparity tuning curves and  448 
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define the depths that yield the maximal sensitivity in the MT population. We multiplied the 449 

filter by a disparity gain  to simulate the tendency for stereo stimuli to garner greater 450 

activation in MT (Nadler et al., 2013). As indicated in Table 1, we created units tuned to five 451 

disparities ( . We configured  using one of the following functions: 452 

  (19) 

 (20) 

where , represents the Increasing Variance Model and  453 

represents the default scheme for how disparity tuning varied with depth. 454 

 We computed the MT L4,6 activation  by multiplicatively combining the 455 

input- tuning curve outputs that filter the input for direction, speed, and disparity: 456 

 
(21) 

MT Layer 2-3 (MT+) 457 
MT+ units perform a spatial integration of MT L4,6 activity  throughout the 458 

receptive field using a two-dimensional Gaussian (2D) filter:  459 

 
 (22) 

The following 2D convolution function specifies how this integration occurs: 460 

 

 
(23) 
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We evaluate Eq. 23 as  to obtain the MT+ input, 461 

where  indicates the ceiling operation taken with respect to time  to map continuous time to 462 

the discrete input signal at frame . 463 

We defined the MT+ activity according to the leaky integrator equation 464 

 
 (24) 

Among models that explain MSTd responses based on their feedforward input from MT, 465 

those that include a nonlinearity that compresses the MT signals perform best (Mineault, 466 

Khawaja, Butts, & Pack, 2012). The compressive nonlinearity could be explained by synaptic 467 

depression, the tendency for the same inputs to lose their efficacy over time. We modeled MT+ 468 

synaptic depression  as follows: 469 

 
 

(25) 

 (26) 

where  denotes the output signal to MSTd from MT+ units,  is the synaptic time 470 

constant, and  represents the rate at which the efficacy of the input signal  declines 471 

over time (Grossberg, 1980). 472 

MSTd 473 
Visual self-motion pattern matching (MT+ MSTd) 474 
 The model includes MSTd units tuned to the following laminar ( ) or radial ( ) 475 

patterns: 476 

  (27) 

 (28) 
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where  refers to the directions of maximal MT tuning and  indicates the position of the 477 

singularity in the radial template. MSTd cells tuned to laminar patterns spatially average MT+ 478 

output signal tuned for a common direction and speed: 479 

  (29) 

where  refers to the spatial dimensions of the MT+ unit representation in the model. 480 

Considering that the input comes as a sequence of digital images, we assumed for convenience a 481 

1-to-1 mapping between pixels in each image and the spatial distribution of MT units, meaning 482 

 refers to the number of pixels along each linear dimension of an input frame. 483 

To match the radial pattern  with the responses generated each directional cell in a 484 

MT+ macrocolumn, we created direction templates that select MT+ signals tuned to a particular 485 

direction when they appear within the sector of the visual field that is ‘appropriate’ for the radial 486 

expansion pattern. For example, the rightward motion template pools the responses of MT+ cells 487 

tuned to rightward motion when their receptive fields coincide with the right side of the visual 488 

field. The following equations define these direction templates  that integrate MT+ cells 489 

tuned to direction , normalized by the number of pooled cells  (Eq. 32): 490 

  (30) 

 
(31) 

 =  (32) 

Eq. 32 resolves the direction component of the radial pattern match input to MSTd ( ), 491 

which compares the direction templates ( ) and the output of MT+ ( ). Each 492 
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direction template integrates MT+ responses with greater weight near the preferred singularity 493 

position ) and the weights decrease exponentially with distance (Layton & Fajen, 2016b; 494 

Layton & Fajen, 2016a). 495 

  (33) 

Speed tuning (MT+ MSTd) 496 
Model MSTd contains units tuned for two distinct speed profiles. Speed summating cells 497 

respond proportionally to the average retinal speed (Inaba et al., 2007; Perrone, 2012). We 498 

modeled this speed sensitivity with a weighted sum of MT+ speed signals: 499 

  (34) 

where the sum is normalized by the total number of preferred speeds in MT+ . In Eq. 32, we 500 

express the summation as a function  because speed summating cells could be tuned to either 501 

laminar  or radial  patterns.  502 

On the other hand, band-pass cells maintain their sensitivity to the same average speed as 503 

MT+ units: 504 

  (35) 

Disparity tuning (MT+ MSTd) 505 
Because the disparity sensitivity in MSTd need not correspond to that in MT, we applied 506 

functions to map MT+ signals to MSTd. To transform MT+ disparities into corresponding 507 

disparities in MSTd, we applied a Gaussian weighting function  defined by Eq. 508 

18, where  indexes MT+ disparities,  defines the  MSTd disparity, and  controls the 509 

degree of pooling between MT+ disparities to resolve those in MSTd. To give a concrete 510 

example, we simulated five MT+ disparities ( ) and three MSTd disparities (511 
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), where 1 is the nearest disparity and 5 is the farthest. Therefore, disparities in MT map to 512 

respective disparities in MSTd, but the tuning is coarser in this example. This mapping is 513 

realized with the following convolution: 514 

  (36) 

where  is the disparity gain. As the next section indicates, model disparity tuning is 515 

independent of speed (band-pass, summating) and pattern (radial, laminar) tuning. That is, the 516 

type of disparity tuning defined by Eq. 36 corresponds to non-direction-dependent disparity 517 

(non-DDD) cells that comprise most of the disparity tuned cells in MSTd (Yang et al., 2011). 518 

Network dynamics 519 
The input signal to MSTd depends on the unit’s preferred pattern (  for laminar, 520 

 for radial), speed profile (  for summating,  for band-pass), and disparity 521 

. We created the signal by composing each of these signals. For example, we 522 

computed the input to band-pass cells tuned to radial patterns as 523 

, where  indexes disparities in MSTd ( ). 524 

MSTd units compete with one another in recurrent networks (Layton et al., 2012; Layton 525 

& Fajen, 2016b; Layton & Fajen, 2017) that implement divisive interactions like those in Eq. 4, 526 

but in differential equation form. We define the activity of band-pass cells  tuned to 527 

radial patterns using the following equation 528 

 

(37) 
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where  defines the passive decay rate of each unit,  refers to the MSTd input signal, 529 

and  is the on-center/off-surround recurrent feedback MSTd units send 530 

one another. The last term involving four summands means that each unit receives inhibition 531 

from units tuned for the same type of pattern (e.g. radial) and either have a different receptive 532 

field position , speed tuning ( ), or disparity tuning ( ). The recurrent feedback is defined 533 

by the sigmoid function 534 

   (38) 

where  is the activity of the unit sending the feedback signal,  defines the inflection point of 535 

the sigmoid, and  represents the activity threshold that must be overcome in order to send the 536 

feedback signal. The sigmoid recurrent feedback function allows MSTd units to compete with 537 

one another to resolve winners without necessarily eliminating all the other weaker activity 538 

across the network (i.e. soft winner-take-all) (Grossberg, 1973; Grossberg, 2013).  539 

 The following equation describes the dynamics of speed summating cells tuned to radial 540 

patterns, which is analogous to Eq. 37: 541 

 

(39) 

 The following two equations adapt Eqs. 35 and 37 to describe the dynamics of band-pass 542 

and speed summating cells tuned to laminar patterns, respectively. Note that the only differences 543 

are the addition of the direction subscript  and absence of spatial subscripts . 544 
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(40) 

 

(41) 

Feedback (MSTd  MT-, MSTd  MSTv) 545 
MSTd units send feedback to suppress cells in MT- and MSTv tuned to directions, 546 

speeds, and disparities that are locally consistent with the global pattern to which the active 547 

MSTd cell prefers. In our implementation of the model, we assume that only the maximally 548 

active cells tuned to each pattern and each disparity send feedback. If MSTd neurons are tuned to 549 

either near, fixational, and far disparities, this means that a total of 12 units send feedback: three 550 

band-pass radial units, three speed summating radial units, three laminar radial units, and three 551 

laminar speed summating units.   The feedback described here implements the mechanism 552 

introduced above (see section Self-motion and object motion interactions, Figure 3, and Figure 553 

4a for intuition).  554 

The MSTd direction feedback weighting obeys the following Gaussian function 555 

 
 (42) 

evaluated at  for MSTd cells tuned radial patterns and , 556 

where  refers to the singularity position of the maximally active radial MSTd unit,  557 
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refers to the direction preference of the maximally active laminar MSTd unit,  represents the 558 

tuning directions in MT, and  controls the extent to which the feedback signal affects MT-559 

/MSTv units with similar direction preferences. The maximum weight in Eq. 42 is 1 because 560 

only the most active MSTd unit tuned to each pattern type may send feedback.  561 

 We compute the feedback from band-pass  and speed summating  562 

MSTd units, either tuned to radial (  and ) or laminar (  and )  563 

motion patterns, as follows: 564 

 (43) 

  (44) 

  (45) 

  (46) 

where  indicates the preferred speed of the most active MSTd unit and  indicates that unit’s 565 

preferred disparity. Note from Eqs. 41-44 that speed summating cells send equivalent feedback, 566 

regardless of the speed tuning of the recipient cell, while band-pass cells concentrate the 567 

feedback weight around recipient cells tuned to similar preferred speeds. Consistent with the 568 

feedforward direction, recipient cells receive feedback from MSTd cells tuned to corresponding 569 

disparities (e.g. near-to-near, far-to-far). 570 

 The feedback signal that reaches recipient cells in MT-/MSTv is the sum of Eqs. 41-44: 571 

  (47) 
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where , , 572 

 represents the Heaviside step function, and  indicates the activity threshold that each 573 

type of MSTd unit must exceed to send feedback. 574 

MT Layer 2-3 (MT-) 575 
MT- units perform an on-center/off-surround integration of MT L4,6 signals. We obtain 576 

the center input by evaluating the 2D convolution function  (Eq. 23): 577 

, which mimics the MT+ center input (Eq. 24).  578 

To resolve the spatial component of the inhibitory surround, we evaluate Eq. 23 at 579 

, where  controls the spatial 580 

extent of the integration with , and  is the filter gain. We pass 581 

the output of this convolution through a von Mises filter that defines the directional 582 

selectivity of the surround: 583 

  (48) 

where  controls the direction selectivity of the surround tuning, analogously to  (see 584 

section Surround suppression of local motion signal), and  is the filter gain. The function 585 

 refers to the following 1D Gaussian filter convolution: 586 

  (49) 

We evaluate the disparity component of the feedforward surround inhibitory signal by 587 

performing a convolution with the disparity filters: 588 

  (50) 

where  indexes MT disparities and  determines the disparity selectivity of the surround.  589 
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 MT- dynamics obey the following on-center/off-surround network: 590 

 

 

(51) 

where  specifies the hyperpolarizing lower bound of each unit’s activation when suppressed 591 

and  refers to feedback from MSTd. 592 

MSTv 593 
MSTv units perform an on-center/off-surround integration of signals from MT-, much in 594 

the same way MT- integrates feedforward signals from MT L4,6. Aside from larger receptive 595 

fields, the main difference is that MSTv cells respond proportionally to the average speed, like 596 

speed summating cells in MSTd. To model this, we perform a spatial integration of rectified MT- 597 

signals, weighted by their speed in both center and surround: 598 

 ,  (52) 

 , (53) 

where  is the weighted sum defined by Eq. 34. We filtered the surround output  by the 599 

von Mises direction filter  to establish direction selectivity: 600 

  (54) 

We configured the surrounds as untuned for disparity — motion at any disparity inhibits MSTv 601 

units when it appears in the surround: 602 

  (55) 

where,  denotes the surround disparity gain. 603 

 The following equation describes the network dynamics of MSTv units : 604 
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(56) 

Tables 605 
Parameter Areas Purpose Description Value Unit 

 All Direction Number of direction tunings 24 Ordinal 
 All Direction Directions to which units are tuned [-180,…,165] ° 
 All Speed Number of speed tunings 5 Ordinal 
 All except 

MSTd 
Disparity Number of disparity tunings 5 Ordinal 

 All except 
MSTd 

Spatial Size of horizontal dimension 64 Pixels ( ) 

 All except 
MSTd 

Spatial Size of vertical dimension 64 Pixels ( ) 

 MSTd Disparity Number of MSTd disparities 3 Ordinal 
 MSTd Disparity Disparity dependent gain 4.5 N/A 
 MSTd Disparity MT+/MSTd disparity tuning width 0.75 N/A 

 MSTd Disparity MSTd disparities 1,3,5 Ordinal 
 MSTd Spatial Extent of MSTd distance-

dependent spatial integration from 
the preferred singularity position 

 Pixels ( ) 

 MSTd  Spatial Number of evenly spaced 
horizontal singularities to which 
MSTd units are tuned 

16 Ordinal 

 MSTd Spatial Number of evenly spaced vertical 
singularities to which MSTd units 
are tuned 

16 Ordinal 

 MSTv Direction Surround direction tuning curve 
width 

7  

 MSTv Direction Surround direction tuning curve 
gain 

0.26 N/A 

 MSTv Disparity Surround disparity gain 1.5 N/A 
 MSTv Spatial 2D center spatial filter gain 4 N/A 
 MSTv Spatial 2D surround spatial filter gain 6 N/A 
 MSTv Spatial Diameter of 2D center spatial filter 3 Pixels ( ) 
 MSTv Spatial Diameter of 2D surround spatial 

filter 
7 Pixels ( ) 

 MSTv Spatial Center spatial tuning extent 0.5 Pixels ( ) 
 MSTv Spatial Surround spatial tuning extent 4 Pixels ( ) 

 MT- Direction Surround direction tuning curve 
width 

7  

 MT- Direction Surround direction tuning curve 
gain 

0.26 N/A 

 MT- Disparity Surround disparity tuning curve 
width 

1  

 MT- Spatial 2D center spatial filter gain 1.5 N/A 
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 MT- Spatial 2D surround spatial filter gain 0.5 N/A 
 MT- Spatial Diameter of 2D center spatial filter 5 Pixels ( ) 
 MT- Spatial Diameter of 2D surround spatial 

filter 
7 Pixels ( ) 

 MT- Spatial Center spatial tuning extent 0.5 Pixels ( ) 
 MT- Spatial Surround spatial tuning extent 4 Pixels ( ) 

 MT L4,6 Direction Direction tuning curve width 4  
 MT L4,6 Disparity Disparity dependent gain 45 N/A 
 MT L4,6 Disparity Depths to which MT units are 

tuned 
70, 85, 100, 
115, 130 

cm 

 MT L4,6 Disparity Disparity tuning curve width 8  
 MT L4,6 Disparity Change in disparity tuning curve 

width with depth 
0.5  

 MT-, 
MSTv 

Direction Direction specificity of suppressive 
MSTd feedback 

1  

 MT-, 
MSTv 

Speed Speed specificity of suppressive 
MSTd feedback 

0.2 Pixels/sec 
( /sec) 

 MT-, 
MSTv 

Disparity Disparity specificity of suppressive 
MSTd feedback 

4  

 MT-, 
MSTv 

N/A Activity threshold needed for 
MSTd units to send suppressive 
feedback 

0.01 Mean spk rate 

 MT+ Spatial Diameter of feedforward 2D 
spatial filter 

10 Pixels ( ) 

 MT+ Spatial 2D spatial tuning extent 3 Pixels ( ) 
Table 1: Tuning curve parameter values used in joint motion parallax and disparity model. Where applicable, we 606 
parameterized the model in pixel units for convenience for processing stimuli represented as a set of motion vectors 607 
in a sequence of digital images. Units of pixels (°) means that the given value in pixels may be readily converted to 608 
units of degrees of visual angle. 609 
 610 
 611 
 612 
Parameter Area Description Value Unit 

 MT+ Synaptic depression recovery rate 10 Mean 
spks/sec 

 MT+ Synaptic depression time constant 10 msec 

 MSTd Decay rate 0.1 Mean 
spks/sec 

 MSTd Inflection point in recurrent feedback sigmoid transfer 
function 

0.12 Mean spk 
rate 

 MSTd Activity threshold required to send recurrent feedback 0.28 Mean spk 
rate 

 MT- Activity hyperpolarizing lower bound  0.4 Mean spk 
rate 

 MSTv Activity hyperpolarizing lower bound 0.3 Mean spk 
rate 
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Table 2: Dynamical parameter values used in joint motion parallax and disparity model. Spk denotes spike and 613 
mean spk/sec are in normalized units. 614 

Results 615 
Our approach in this study is to simulate the model (or its individual mechanisms) to 616 

inform decisions about model development, to better understand how specific mechanisms 617 

behave and how they contribute to self-motion and/or object motion perception, and to compare 618 

model behavior to that of human observers.  We organized the forthcoming six sets of analyses 619 

as follows. In the first two sections, we identify and simulate plausible mechanisms for 620 

perceptual stability. The focus is on direction of motion rather than speed and/or disparity to 621 

better understand each mechanism’s properties and to inform subsequent model development. 622 

We then embed the mechanisms into a larger model system to investigate their interactions when 623 

dynamically processing disparity, speed, and direction (motion parallax) signals (Figure 2a). In 624 

the fourth and fifth sections, we focus on the influence that depth tuning may have on object 625 

motion perception during self-motion and the detection of moving objects, respectively.   626 

Mechanisms for establishing perceptual stability: Divisive or subtractive interactions 627 
Area MSTd is a reasonable candidate for mediating the estimation and suppression of the 628 

visual pattern arising from the observer’s self-motion to establish perceptual stability given the 629 

RFs in many cells that span much of the visual field (Duffy & Wurtz, 1991), causal link to 630 

heading perception (Gu, DeAngelis, & Angelaki, 2012), and sensitivity to optic flow patterns 631 

generated by self-motion (also eye/head movements) (Duffy, 1998; Liu & Angelaki, 2009). 632 

Importantly, with their direction and disparity tuning (Yang et al., 2011), MSTd neurons are 633 

capable of taking depth into account when integrating the self-motion component from retinal 634 

motion signals. 635 

 MSTd is reciprocally connected with MT, an area in which virtually all neurons are 636 

motion-tuned and unlike MSTd, have small enough RFs to respond to object motion. This makes 637 
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MT a plausible brain region where the suppression of the motion pattern that arises from the 638 

observer’s self-motion could begin to take place. In addition to neurophysiological studies that 639 

show contextual modulation in MT neurons based on motion surrounding the classical receptive 640 

field (Allman, Miezin, & McGuinness, 1985; Tanaka et al., 1986), preliminary evidence directly 641 

shows suppression in responses to small moving objects and direction modulation when RFs are 642 

surrounded by the type of radial motion experienced by a moving observer (Peltier, Angelaki, & 643 

Deangelis, 2016). 644 

 For MT and MSTd to be involved in stabilizing perception during self-motion, given 645 

known properties of neurons contained therein, MSTd neurons could send a feedback signal that 646 

reflects the motion pattern most consistent with the observer’s self-motion. We consider the 647 

possibility that this feedback signal exerts a suppressive influence on MT neurons with RFs 648 

distributed across the visual field. We illustrate how this feedback mechanism works in Figure 649 

4a. The top-left panel depicts a radial pattern generated by an observer moving straight forward 650 

along a central heading in the presence of an object, moving upwards on the retina, but up-and-651 

to-the-left relative to the stationary world (as in Figure 1a). MSTd neurons tuned to the pattern of 652 

radial expansion send feedback to MT neurons that integrate the local direction throughout the 653 

field (purple arrows; top-left panel). The purple Gaussian profiles in the bottom panels show 654 

these feedforward local motion signals in two specific regions of the visual field. The orange 655 

Gaussian curves show the motion signals that correspond to the preferred direction of the MSTd 656 

neuron sending the feedback to MT locally within the MT unit’s RF. The purple (retinal) and 657 

orange (feedback) curves may have a high degree of overlap, such as when the motion arises 658 

from observer movement relative to the stationary world (bottom-right panel), or much less 659 

overlap, such as when the motion arises from an independently moving object (bottom-left 660 
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panel). To establish perceptual stability, feedback signals (orange curves) from MSTd could 661 

suppress responses to the different local directions distributed across the visual field. This 662 

suppression would be most effective when the orange feedback distributions match (i.e. overlap 663 

maximally) with the purple sensory input distributions (e.g. bottom-right panel). 664 

 665 

Figure 4: The influence of divisive and subtractive suppression of self-motion on object motion 666 

signals. (a) Simulated forward self-motion toward a wall (purple radial pattern) in the presence 667 

of a moving object that moves upward on the eye (blue “retinal” arrow). Top-right panel: pattern 668 

preference of the MSTd unit that responds best to the radial optical motion pattern on the eye. 669 

Bottom panels: schematic local direction signals integrated by MT neurons (purple Gaussian 670 

profiles) in two specific regions: the object (bottom-left panel) and lower-right portion of the 671 

visual field (bottom-right panel). The purple Gaussian profiles (‘Retinal motion’; “+”) show the 672 

feedforward input motion signal to MT units. The orange profiles show the suppressive feedback 673 

signal, which locally targets MT units consistent with the pattern preference of the MSTd cell 674 

sending the feedback (top-right panel). Motion MT responses emerge through an interaction 675 

between the top-down (orange) and bottom-up (purple) signals. (b) Shift in the object direction 676 

represented by the peak MT population response, compared to the optical direction, from a 677 

mechanism that models MT-MSTd interactions through divisive interactions. The x-axis 678 

represents the degree of similarity between the feedforward and feedback signals: 0° indicates 679 

perfect overlap (a, bottom-right panel) and 180° indicates small degrees of overlap.  The 680 

different curves show the influence that the broadness ( ) of each signal (i.e. variance of the 681 

orange and purple direction distributions in Figure 4a) has on the shift. (c) Same as (b) except 682 

generated by a mechanism that models subtractive interactions between MT-MSTd signals. (d) 683 
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Standard deviation (broadness) of the resulting object direction distribution after MT-MSTd 684 

interactions as predicted by the divisive interaction model. The top thin dashed line indicates the 685 

broadness of the MT population activity without suppression in the case of the red curve 686 

( ). (e) Same as (d) except generated by the subtractive interaction model. 687 

 688 

 In principle, there are several ways in which suppression of the self-motion component 689 

from MT responses could be achieved. As a starting point, we first simulated interactions 690 

between MT and MSTd signals using a simple divisive model (Eq. 4). According to this model, 691 

each unit within an interacting neural population receives driving excitatory input consistent with 692 

its tuning properties and inhibition normalizes the activity across the population. Figure 4b 693 

shows changes in the direction signaled by the MT population corresponding to a moving object 694 

as a function of different degrees of overlap between the purple (‘Retinal motion’) and orange 695 

(‘Self-motion’) distributions in Figure 4a. Focusing on the case wherein the broadness (standard 696 

deviation σ) of both the feedforward and feedback direction distributions is 25° (red curve), 697 

Figure 4b shows that the object direction is unaffected when the distributions perfectly overlap 698 

(0° mismatch) or hardly overlap (180° mismatch). When feedback does overlap with the 699 

feedforward distribution originating from the object (e.g. Figure 4a, bottom-left panel), 700 

interactions modulate the object direction represented across the population, shifting it toward 701 

the world-relative direction (positive shifts in Figure 4b). Simulating the same model with 702 

different σ values (other colored curves in Figure 4b) reveals the same qualitative behavior, 703 

indicating the pattern of results does not depend on a specific parameter value.  704 

Following the suggestion from human studies that the brain “subtracts” out the global 705 

pattern (e.g. Warren & Rushton, 2007), we also simulated a model with subtractive (Eq. 7) rather 706 
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than divisive interactions. The subtractive model differs in that inhibition subtracts from (rather 707 

than scales) the firing rate of the neuron (Mejias, Payeur, Selin, Maler, & Longtin, 2014).  This 708 

decreases the response of a neuron through a direct shift, without necessarily balancing activity 709 

across the population. The two models demonstrate qualitatively similar effects (Figure 4b-c). 710 

They differ most substantially in their predictions about the broadness of the local MT 711 

population direction distributions, which corresponds to the variance of the purple and orange 712 

Gaussians depicted in the bottom panels of Figure 4a. For comparably strong feedforward and 713 

feedforward signals (e.g. Gaussian peaks in bottom panels of Figure 4a have roughly the same 714 

height), the divisive model exerts a modulatory, sharpening effect (Figure 4d inset plot). This 715 

means that the model MT direction response after the purple and orange Gaussians interact 716 

would be narrower than any one of the original signals, which can be seen by inspecting the 717 

variance plotted in Figure 4d. For example, the red curve in Figure 4d corresponds to a Gaussian 718 

object motion signal with σ = 25°. The curve plateaus at the dashed horizontal line at  719 

when there is little suppression and at  when suppression is maximal. Suppression is 720 

greatest when the feedforward and feedback signals match (0° mismatch; Figure 4a, bottom-right 721 

panel), which has the effect of squaring (i.e. narrowing) the direction distribution. Hence, the 722 

standard deviation of the red curve (σ = 25°) shrinks to, but does not drop below, 5°. On the 723 

other hand, the subtractive model can completely suppress, or at least greatly diminish, the 724 

output signal when the feedforward and feedback signals overlap (e.g. when the moving object 725 

moves along a similar direction relative to the background self-motion pattern). This can be seen 726 

by inspecting how the standard deviation of the output direction signal shrinks to 0° when the 727 

interacting signals match in Figure 4e (also see inset plot). 728 
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The property of having the gain and broadness of the output direction signal not drop 729 

below a minimum value in the divisive interaction model may offer computational benefits for 730 

maintaining acute sensitivity to moving objects while establishing perceptual stability, even 731 

when objects may move along similar trajectories to the background motion. The complete 732 

suppression of the object motion signal in the subtractive model may be problematic because it 733 

implies that in certain circumstances the object would not be perceived. On the other hand, the 734 

subtractive model does enable more precise signaling of the object motion direction (smaller 735 

minimum standard deviation; Figure 4e). For these reasons, we adopt a hybrid approach: a 736 

mostly divisive inhibitory interaction model in subsequent simulations with a weaker subtractive 737 

component. 738 

Local center-surround influences 739 
 Feedback may not be solely responsible for modulating the object motion direction 740 

toward a world-relative reference frame. Local center-surround mechanisms within MT could 741 

also contribute. Indeed, a large, distinct subpopulation of MT cells (MT-) possess suppressive 742 

surrounds tuned to direction, speed, and disparity that matches the center region of the RF (Born 743 

& Bradley, 2005). They tend to be quiescent due to strong surround suppression when the same 744 

signal stimulates both center and surround; only when the direction, speed, and/or disparity in the 745 

surround mismatch the center does the cell fire vigorously. For example, one particular cell may 746 

respond best when slow speeds occupy the center and fast speeds occupy the surround. In 747 

general, the suppression falls off as the discrepancy from the preferred combination in any one of 748 

these dimensions grows (Xiao, Marcar, Raiguel, & Orban, 1997; Xiao, Raiguel, Marcar, & Orban, 749 

1997; Xiao, Raiguel, Marcar, & Orban, 1998; Born & Bradley, 2005). MT surrounds likely have a 750 

tuned inhibitory component derived from feedforward or intra-areal signals (Cui et al., 2013), 751 

distinct from feedback because the stimuli used to measure surround properties often only locally 752 
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stimulate the MT RF and do not involve the global motion patterns that resemble those 753 

experienced during self-motion. 754 

We performed simulations to test the extent to which local non-feedback mediated MT 755 

surround suppression (e.g. inhibition from feedforward connections) could influence direction 756 

signals among MT cells with matching center-surround direction tuning. We focused on a 757 

scenario wherein the observer moves straight forward along a central heading toward a distant 758 

wall in the presence of a small object that moves rightwards in the periphery of the visual field 759 

(Figure 5a). We used a simple divisive MT model (Eq. 13) to quantify the influence that center-760 

surround interactions have on object motion signals (rightward optical direction), as the local 761 

surround direction varied in the radial pattern along an iso-eccentricity circle (Figure 5a). In 762 

Figure 5b, we varied the broadness of the center and surround RF direction tuning curves (e.g. 763 

broadness of the Gaussians in Figure 4a, bottom panel). Focusing a unit that has equally broad 764 

center and surround direction tuning (orange curve; ), responses were weakest when 765 

the same (0 deg) or very different (135 deg) motion directions stimulated the center and 766 

surround. MT responses peaked somewhere in between these two extremes, depending on the 767 

ratio of center-surround direction tuning bandwidth. For units with a much narrower center 768 

direction tuning curve than the surround (e.g. ), the response peaked when there 769 

was a small difference between the motion directions stimulating the center and surround. The 770 

peak shifted toward larger directional differences when the surround was relatively narrower 771 

(e.g. ( ). In most cases, shifts are toward the world-relative direction (positive). 772 

The shift increased proportionally to the gain of the inhibitory surround tuning curve 773 

(Figure 5c). A higher gain in surround tuning curve would resemble the peak of the orange curve 774 

in one of the bottom panels of Figure 4 if it were higher than that of the purple curve. Figure 5d 775 
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shows the basis of the shift in one particular simulation, when the output of the center RF 776 

Gaussian filter coincides with rightward motion of the moving object (0 ) (top panel) and the 777 

surround filter output deviates (middle panel). The bottom panel shows the shifted response 778 

distribution (i.e. shifted to the left), predicted by the divisive interaction model. This suggests 779 

that at least for motion patterns that arise during linear self-motion, despite the limited extent of 780 

MT RFs, the local mechanisms (e.g. within MT) could contribute, together with feedback that 781 

signals the self-motion estimate (e.g. from MSTd), to establish perceptual stability.  782 

    783 

Figure 5: Effects of local center-surround interactions on object direction signals. (a) Scenario 784 

used in simulations: forward, straight-ahead simulated self-motion and rightward moving object 785 

that changed positions along an iso-eccentricity circle. Among units that signal object motion, 786 

the central direction remains fixed, whereas the surround direction varied systematically 787 

(difference represented by x-axis in (b-c)). (b) Effect of broadness of the center and surround RF 788 

direction tuning curves (e.g. broadness of the Gaussians in Figure 4a, bottom panel) on the shift 789 

in the object’s direction toward the world-relative direction. Color curves show simulations for 790 

different relative ratios between the center/surround tuning bandwidth ( ). Positive shifts are 791 

in the world-relative direction. The baseline tuning width is  (c) Effect of gain in the 792 

surround direction tuning curve on the object direction signal. The baseline center gain is 793 

. (d) Output of the center (top) and surround (middle) direction tuning curves for a unit 794 

maximally tuned to the object’s rightward motion (0°). The local center-surround interactions 795 

induce a shift in the output distribution in the world-relative direction (bottom). 796 

   797 
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Suppression of self-motion component from object motion signals and spatio-temporal 798 
dynamics of object motion signals 799 

Figures 4 and 5 illustrate how surround suppression arising from feedback carrying the 800 

self-motion signal and local inhibition could modulate the direction of object motion signals. To 801 

appreciate the joint influence on perceptual stability during self-motion, we developed a model 802 

of MT and MST that accounts for direction, speed, and disparity tuning, more elaborate than the 803 

simple direction-focused simulations described up until now. The model includes “wide-field” 804 

MT units with summating surrounds (MT+) (Tanaka et al., 1986), and units with tuned 805 

suppressive surrounds (MT-) (Born & Bradley, 2005). Our model contains distinct MT+/MSTd 806 

(Born & Tootell, 1992; Born, 2000; Yu et al., 2018) and MT-/MSTv (Thier & Erickson, 1992; 807 

Tanaka et al., 1993) pathways: the former pathway specializes in motion pooling, self-motion 808 

estimation, and detecting global patterns, whereas the latter is suited for signaling the motion of 809 

objects that move differently than their background (see Methods for more details).  810 

The division of areas MT and MST into functionally distinct pathways could lie at the 811 

heart of how the visual system establishes perceptual stability during self-motion. While the 812 

presence of cells in the MT-/MSTv pathway that selectively respond to object motion has been 813 

well-established (Tanaka et al., 1993), the reference frame of these responses has not yet been 814 

examined and could shed light onto the strategy by which the visual system disambiguates the 815 

retinal motion field: signals in an observer-relative (retinal) reference frame would indicate a 816 

mere segmentation of moving objects, whereas shifts toward a world-relative reference frame 817 

would suggest the recovery of parameters related to the object’s 3D movement, independent of 818 

the observer. We therefore focused our investigation on the frame of reference of object motion 819 

signals as they propagate through MT and MST. Given how MSTd feedback and local inhibition 820 

may shape the resultant direction through surround suppression from lateral, feedforward, and 821 
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feedback signals, we simulated how activity in the MT-MST system dynamically unfolds over 822 

time. 823 

Figure 6 depicts the temporal evolution of MT-MST signals generated by the model for a 824 

scenario that involves forward, straight-ahead simulated self-motion through a 3D cloud of dots 825 

viewed in stereo in the presence of a small moving object. Although the object’s retinal motion is 826 

upward (i.e. in an observer relative reference frame), the world-relative movement is up-and-to-827 

the-left (Figure 6a). Figure 6b shows the progression in MSTd cell population tuned to radial 828 

expansion (forward self-motion) and the same disparity as the moving object. Model MSTd units 829 

integrate evidence about the observer’s heading direction over time and competition suppresses 830 

signals incompatible with the evolving estimate. This reduces the variance across the MSTd 831 

distribution as units estimate the observer’s self-motion with greater confidence. The ~200 msec 832 

model MSTd peak latency is shorter than the 300-500 msec of optic flow duration required until 833 

the accuracy of human heading judgments stabilizes (Layton & Fajen, 2016c), which is consistent 834 

with the idea that MSTd neurons contribute to heading perception (Britten & van Wezel, 2002; 835 

Gu et al., 2012). The time course of MSTd neurons varies considerably, but model unit dynamics 836 

are compatible with physiological response latencies (e.g. 120-440 msec interquartile range; 837 

Lagae, Maes, Raiguel, Xiao, and Orban (1994)). 838 

As MSTd units send feedback to MT- and MSTv to signal the observer’s self-motion, the 839 

direction signaled by populations responding to the object motion begins to shift from retinal to 840 

world-relative reference frames (Figure 6c). To understand why this transformation occurs, we 841 

plotted in Figure 6d the distribution of feedforward direction signals among MT- units (blue) that 842 

integrate object motion (i.e. the object appears within their receptive field) alongside the 843 

distributions that represent the inhibition that each respective unit receives from MSTd feedback 844 
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(red) and local surround interactions (green). Figure 6e shows how these two inhibitory signals 845 

change the shape of the snapshots of MSTv activity distributions over time, which in turn 846 

influences the direction signaled by the population (shift to the left). While early activity is 847 

aligned with the object’s retinal direction (black dashed vertical line), it shifts toward the world-848 

relative direction. Similar dynamics and shifts toward a world-relative reference frame arise in 849 

MT-, through the joint influence of MSTd feedback and local surround inhibition, analogous to 850 

the green and red curves in Figure 6d. The shift is greater in MSTv than MT- because we model 851 

area MSTv as one level higher than MT and the direction shifts compound from one area to the 852 

next through both feedforward and feedback connections. Direction modulation may occur 853 

shortly following the motion onset (e.g. in MSTv) because we do not explicitly model a time 854 

delay between excitatory or inhibitory signals. 855 

    856 

Figure 6: Temporal dynamics in joint motion parallax and disparity model. (a) 857 

Schematic of the observer’s movement through the 3D volume of dots, with the object moving 858 

up and to the left through the world, along with the retinal radial flow. The stimulus is a stereo 859 

version of the Full condition used by Warren & Rushton (2009). (b) Temporal dynamics of the 860 

self-motion signal in MSTd in the Stereo Full condition. The distribution of activity across 861 

MSTd reflects the confidence in the heading estimate. For example, broad activity distributed 862 

across MSTd (colors other than dark pink) indicates uncertainty in the heading direction. (c) The 863 

temporal dynamics of the object motion signal in MT- and MSTv in the Stereo Full condition. 864 

Positive values indicate shifts toward the world-relative object motion direction (CCW).  (d) 865 

Input signals that MSTv units integrate that have the object within their RFs and inhibitory 866 

distributions from MSTd feedback and surround inhibition are superimposed. The x-axis 867 
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corresponds to MT-/MSTv direction tuning in units whose local receptive field is centered on the 868 

object. (e) Direction distribution shift over successive snapshots in time as feedback and 869 

surround inhibition interact with motion signals in MSTv. The blue dashed vertical line marks 870 

the early MSTv activity peak position (retinal direction) and the black dashed vertical line marks 871 

the object world-relative direction. Same axes conventions as (d). 872 

 873 

 To examine the relative contribution of feedback and non-feedback sources of surround 874 

suppression in the modulation of direction, we introduced a circular mask around the moving 875 

object to remove a region of retinal motion. This manipulation eliminates the influence of either 876 

MT non-feedback mediated surround suppression (i.e. from local inhibitory signals) when the 877 

motion inside the circle is removed (Stereo Global; Figure 7a) or feedback when motion when 878 

the motion outside the circular mask is removed (Stereo Local; Figure 7b). For example, shifts in 879 

the Stereo Local condition (Figure 7b) arise entirely due to local, non-feedback mediated 880 

surround interactions in MT- and MSTv. Notice how the direction shift greatly diminishes when 881 

the mask removes the global surrounding pattern (Figure 7b) compared to when it removes the 882 

local motion (Figure 7a). Together, these mask manipulations show that MSTd feedback is 883 

responsible for a large proportion of the influence in the direction of object motion signals, 884 

consistent with the ordinal difference in gains of the inhibitory distributions shown in Figure 6d 885 

(red vs. green). 886 

    887 

Figure 7: Simulations of Stereo Global and Local conditions. (a) Temporal dynamics of object 888 

motion signals in the Stereo Global condition. Positive values indicate shifts toward the world-889 

relative object motion direction (CCW). (b) Temporal dynamics of object motion signals in the 890 
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Stereo Local condition. Positive values indicate shifts toward the world-relative object motion 891 

direction (CCW). 892 

 893 

 The large contribution of the MSTd feedback mechanism suggests a reliance on the 894 

global motion pattern to suppress the self-motion component. There was no requirement for this 895 

to be the case — the suppression could instead heavily rely on the local surround suppression 896 

signals. To assess the plausibility that the MSTd feedback mechanism has a greater contribution 897 

than local center-surround interactions, we compared model-derived object motion direction 898 

estimates with human judgments about object trajectory reported by Warren & Rushton (2009). 899 

Their displays resemble those used in Figures 6 and 7, except the subjects viewed monocular 900 

displays. To facilitate comparison, we performed the simulations again, but this time without 901 

disparity sensitivity throughout the model. We obtained a model object-direction estimate by 902 

plotting the direction signaled by the MSTv population at the end of each stimulus presentation 903 

(Figure 8). This analysis shows that model estimates of object direction closely correspond to 904 

human judgments, which suggests a dominant role of a feedback-based mechanism in MT 905 

surround suppression that may arise to disambiguate retinal motion during self-motion. 906 

Interestingly, when we ran the simulations using displays with disparity (Figure 6c), the shift was 907 

~10% greater compared to the monocular version shown in Figure 8.  908 

 909 

Figure 8: Simulations of monocular versions of Full, Global, Local conditions from Warren & 910 

Rushton (2009). 911 

 912 
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Influence of disparity tuning 913 
 In this section, we use the MT-MST model system to explore the potential role of 914 

disparity within neural mechanisms involved in perceptual stability. We focused on how 915 

surround suppression may influence the direction estimates of a moving object positioned at 916 

different depths. To constrain model disparity tuning, we selected MT disparity tuning curves for 917 

which sensitivity remains constant across depth (i.e. constant variance disparity tuning curves) 918 

(Figure 2d). For comparison, we considered an alternative based on the weak tendency for 919 

disparity sensitivity to become coarser with depth (DeAngelis & Uka, 2003), which we call the 920 

“increasing variance model.” Because we normalized each disparity tuning curve, the peak 921 

tuning gain decreases with depth (Figure 9a), which implies increased uncertainty about depth at 922 

farther disparities.  923 

  924 

Figure 9: Effect of disparity tuning on object motion signals. (a) Disparity tuning curves in the 925 

increasing variance model. (b) Warren & Rushton (2007) Full Volume Rotation condition. (c) 926 

Warren & Rushton (2007) Full Volume Translation condition. (d) Warren & Rushton (2007) Full 927 

Volume Translation and Rotation condition data and simulations.  (e) Simulations of Near, 928 

Middle, and Far depth conditions from Warren & Rushton (2007). 929 

 930 

 We tested both disparity tuning variants by simulating the model with the stereo displays 931 

from Warren & Rushton (2007) to compare model-derived direction estimates with human object 932 

trajectory judgments. An object moved upward at a fixed speed through the world and 933 

maintained one of three depths from the observer. Due to motion parallax, the optical speed 934 

decreased the further it was positioned from the observer. The two main conditions are 935 

schematized in Figure 9b-c: the Rotation (Figure 9b) and Translation (Figure 9c) conditions. The 936 
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Rotation condition simulates pure lateral rotation about the point of observation, as may arise 937 

during certain horizontal eye movements. Rotation creates a global optical motion pattern that is 938 

independent of the depth of points in the environment (Figure 9b, top panel). Hence, if the visual 939 

system stabilizes perception during rotational movement, the amount of suppression should be 940 

constant across depth. Because the object’s optical speed decreases with depth, the relative effect 941 

of this suppression increases as the object is moved farther away.  As such, the shift in the object 942 

direction signal should grow with depth.  Indeed, such an increasing trend is evident in the 943 

human object motion judgments from Warren & Rushton (2007) (Figure 9d, red solid curve).  944 

Object direction estimates decoded from model MSTv units also capture this increasing 945 

trend (Figure 9d, red dashed curve). Because rotation creates similar speed and direction patterns 946 

across depth due to the observer’s self-motion (Figure 9b, top panel), the stimulus activates 947 

MSTd units irrespective of their preferred disparity (i.e. at all depths). MSTd sends feedback to 948 

suppress MT-/MSTv units tuned to corresponding disparities (e.g. near-near, far-far), which 949 

leads to different amounts of suppression in the MT object motion signal, depending on the 950 

object’s depth in the scene. In the model, the closer the object’s speed is to the background, the 951 

greater the directional modulation (Figure 3b). 952 

The other main condition, Translation (Figure 9c), simulates rightward lateral translation 953 

of the observer, which results in motion parallax: a decreasing speed gradient in depth with faster 954 

speeds arising at nearby depths, all moving in the same direction (Figure 9c, bottom panel). If the 955 

visual system stabilizes perception during translational movement, the amount of suppression 956 

should decrease with depth. Because the moving object is subject to the same motion parallax as 957 

the stationary elements of the scene, shifts in the object motion signal should be constant across 958 
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depth. While the human judgments from Warren & Rushton (2007) do not demonstrate this ideal 959 

flat curve, the slope is weaker than in the Rotation condition.  960 

Model-derived object direction estimates also exhibited a weaker slope in the Translation 961 

condition than in the Rotation condition. This occurred because changes in object depth 962 

correlated with the speed preference of MSTd units suppressing the self-motion pattern in the 963 

moving object signal. Surround suppression therefore exerted a roughly constant effect on the 964 

shift across depth (i.e. the inhibition sent to MT-/MSTv tracks the main diagonal in Figure 3a). 965 

Surprisingly, we found that varying the disparity filter tuning properties only had a 966 

modest effect on the shift in the object direction signals garnered in both conditions (dotted 967 

curves in Figure 9d). We therefore focused on the constant variance disparity tuning curves for 968 

remaining simulations. 969 

Warren & Rushton (2007) also measured human object motion judgments in the Rotation 970 

and Translation conditions in conditions where dots only occupy the nearest (Near), middle 971 

(Middle), and farthest (Far) third of the 3D volume (Experiment 3, their study). The object 972 

moves at its designated depth, whether or not dots in the volume also occupy the same depth. We 973 

simulated these variable depth conditions because they recruit local- and feedback-based 974 

disparity dependent suppression in complex ways and to provide a more challenging test for the 975 

model. Starting with the Rotation condition, shifts in the object direction derived from the model 976 

increased with depth (Figure 9e, dashed red curves), consistent with the human data from the 977 

Full condition and in the Near, Middle, and Far conditions (Figure 9e, solid red curves). Again, 978 

MSTd mediated suppression exerted greater modulation for slower, more distant objects.  In the 979 

Translation condition, the model-derived shift remained fairly constant in the Near and Middle 980 

conditions, but showed a clear positive slope in the Far condition, consistent with human 981 
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judgments. This transition happens in the model because the slow speeds in the Rotation and 982 

Translation conditions stimulate far disparity MSTd units responsible for the suppression to 983 

roughly the same extent. Together, the Rotation and Translations simulations summarized in 984 

Figure 9 demonstrates that model MT-MST dynamics between direction, speed, and disparity 985 

signals capture important characteristics of human object motion judgments during self-motion.  986 

 987 

The role of joint motion parallax and disparity tuning in in detecting moving objects 988 
 Suppressing the observer’s estimated self-motion to disambiguate the retinal motion field 989 

using motion parallax and disparity also provides a means to resolve whether an object is moving 990 

or stationary. This is because mechanisms that suppress the observer’s estimated world-relative 991 

motion silence responses to stationary objects, since they generate motion parallax consistent 992 

with world-fixed elements. For this solution to object detection to be feasible in general, the 993 

mechanisms should take both motion parallax and disparity into account. Otherwise, a close 994 

stationary object might be considered moving due to its fast optical speed when juxtaposed with 995 

distant background elements. We hypothesized that the joint motion parallax and disparity tuning 996 

in MT and MST neurons would allow the feedback and non-feedback mediated suppression 997 

mechanisms to detect the presence of moving objects. To test this, we simulated forward self-998 

motion in the presence of an object that initially moved along the same direction as the 999 

background pattern (Figure 10a, inset). For different optical speeds, we determined the minimal 1000 

angular deviation required for the object motion to exceed a fixed activity detection threshold in 1001 

model MSTv. 1002 

 Figure 10a summarizes the monocular moving object detection threshold angles decoded 1003 

from model MSTv activity. The threshold defines the smallest angular deviation of a small 1004 

object moving relative to the surrounding optic flow pattern to yield a suprathreshold object 1005 
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motion response (see “Direction threshold object detection conditions” section in Materials and 1006 

Methods for details). We compared the model derived thresholds with those from Royden and 1007 

Connors (2010), a psychophysical study wherein subjects performed a similar monocular object 1008 

detection task. Thresholding model MSTv object motion signals to detect the object’s presence 1009 

closely resembles the human data, which suggests that the model MSTv activity can account for 1010 

human performance. We also considered a stereo version of the display to assess how disparity 1011 

could influence moving object detection by a mobile observer. Figure 10 shows lower 1012 

thresholds, which indicates that depth improves the model’s ability to detect moving objects. 1013 

We challenged the model’s object detection capabilities by investigating whether MSTv 1014 

units can detect a moving object on the basis of disparity alone. In the simulation depicted in 1015 

Figure 10b, the object moved with a direction and speed that matched that of the stationary 1016 

background (at 110cm), but we independently manipulated depth. For different object depths in 1017 

front of and within the 3D cloud of stationary elements in the scene, we examined the activity 1018 

difference between MSTv units responding to the moving object and to those responding to the 1019 

nearby background.  We interpreted any value greater than zero as an indication that object 1020 

motion was detected.  Figure 10b shows that model MSTv units generate consistently greater 1021 

activation to the object across depth, even though its direction and speed matches the nearby 1022 

background. The periodic fluctuations in depth arise due to the limited number of disparity 1023 

tuning curves (Figure 2d), and the sudden drop near 110 cm occurs due to suppression from the 1024 

high degree of similarity to the background (Figure 3). Together, these simulations show that the 1025 

model leverages disparity to detect the presence of moving objects — even when disparity is the 1026 

only differentiating factor. The model produces human-like object detection thresholds that 1027 

improve when disparity information is available. 1028 
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    1029 

Figure 10: Detecting moving objects from model MSTv signals. (a) Monocular and stereo object 1030 

motion detection, comparison with Royden & Connors (2010) data (blue curve). (b) Simulation 1031 

showing model MSTv units detecting a moving object based on disparity alone. The object 1032 

possessed a speed and direction consistent with movement as part of the background scene 1033 

(110cm), but we independently manipulated the object depth (x axis). The background 3D dot 1034 

volume was positioned at 110cm and further depths (shaded region). Curves show differences 1035 

between MSTv unit responses to moving object and those to the nearest background dot at three 1036 

different object eccentricities. Positive y values indicate how well model MSTv units detect the 1037 

object solely based on disparity differences.  1038 

Discussion 1039 
While neurophysiological and psychophysical studies have indicated that the visual 1040 

system disambiguates self-motion from object motion in the retinal motion field, the underlying 1041 

computational mechanisms had previously not been examined. We developed two related 1042 

mechanisms that use surround suppression (one that operates globally and the other locally) to 1043 

segregate self-motion and object motion signals along separate neural pathways. Our analysis 1044 

serves to improve our understanding of the mechanisms that underlie how the visual system 1045 

establishes perceptual stability during self-motion.  1046 

Here is a summary of key predictions derived from model mechanisms and ideas for 1047 

experiments to support or falsify them: 1048 

 Feedback suppresses MT-/MSTv neurons with direction, speed, and disparity tuning 1049 

that is compatible with the preferred RF pattern of the most active MSTd neurons 1050 

(Mechanism 1). This could be tested by characterizing the direction tuning curve of 1051 



 

 52 

MT or MST neurons with antagonistic surrounds — both in the presence ('Global-1052 

Pattern’ condition) and absence ('No-Global-Pattern’ condition) of a global (e.g. 1053 

radial) pattern that surrounds the RF. In the Global-Pattern condition, individual 1054 

neurons should demonstrate suppression around the preferred direction established in 1055 

the No-Pattern condition, particularly if it is similar to the nearby direction of the 1056 

global pattern, while others should show enhancement at a non-preferred direction. 1057 

These effects should modulate the direction decoded at the population level toward 1058 

one that would be consistent with the world-relative direction (e.g. Figure 6e).  1059 

 Local sources of inhibition in MT-/MSTv support the segregation of object motion 1060 

and self-motion (Mechanism 2). To tease apart local and global (feedback mediated) 1061 

mechanisms, it would be valuable to test a condition wherein the global pattern does 1062 

not directly stimulate the region adjacent to the RF center. Stimulating the “near 1063 

surround” and “far surround” should differently modulate direction tuning. 1064 

 Surround suppression influences the reference frame within which object motion is 1065 

signaled at the population-level (e.g. Figures 6c, 6e, 7a): a transformation occurs in 1066 

the model from the observer-relative frame of reference of retinal signals in earlier 1067 

stages of the motion (e.g. MT-) to a reference frame more closely aligned with the 1068 

stationary world, independent of the observer’s self-motion, in the later stages (e.g. 1069 

MSTv). Characterizing neurons in the Global-Pattern and No-Global-Pattern 1070 

conditions in areas further downstream from MT (e.g. MSTv) should reveal increased 1071 

direction modulation toward the world-relative direction. Such a progression is not 1072 

necessarily expected, given that the visual system could simply suppress the 1073 
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surrounding motion to enhance selectivity, while preserving the retinal reference 1074 

frame of object motion signals. 1075 

 The visual system relies on a temporal solution to resolve the world-relative motion 1076 

of moving objects and establish perceptual stability. In the Global-Pattern condition, 1077 

neurons tuned to the retinal direction should peak at early post-stimulus latencies and 1078 

suppression should occur at later times, compared to the No-Global-Pattern condition. 1079 

Neurons tuned to the world-relative direction should demonstrate enhancement at 1080 

later post-stimulus latencies. 1081 

 Neurons should only demonstrate directional modulation in the Global-Pattern 1082 

condition if they are subject to surround suppression. 1083 

Areas involved in establishing perceptual stability 1084 
 The global-local interactions and joint motion parallax / disparity tuning needed to 1085 

disambiguate the retinal motion field during self-motion led us to consider the involvement of 1086 

brain areas, MT and MST. In humans, this may correspond to the MT complex and area V6, 1087 

respectively (Pitzalis et al., 2010). However, there is no reason to rule out the involvement of 1088 

other areas at similar levels in the visual hierarchy. Our simulations demonstrate the importance 1089 

of estimating the observer’s self-motion, which could implicate VIP, STPa, 7a, and other areas 1090 

that exhibit the requisite full-field motion pattern sensitivity. These regions exhibit extensive 1091 

interconnectivity (Maunsell & van Essen, 1983; Van Essen & Maunsell, 1983; Felleman & Van 1092 

Essen, 1991) and the feedback-mediated suppression proposed in our model could influence 1093 

object motion signals in areas other than MT, such as V4 (Li et al., 2013) and CIP (Rosenberg, 1094 

Cowan, & Angelaki, 2013). We focused on MT and MSTd in particular due to the well-1095 
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established complementarity between local and global motion signals and studies have identified 1096 

robust tuning to direction, speed, and disparity in both areas (Born & Bradley, 2005). 1097 

Comparison to existing models 1098 
 The present model builds on the model of Layton & Fajen (2016b), which also included a 1099 

divisive feedback mechanism from MSTd to MT. There are important advances worth 1100 

highlighting. First, the present model makes specific predictions about the functional role and 1101 

connectivity of different subpopulations of MT cells (MT+ and MT-), whereas the former model 1102 

did not subdivide MT. Second, the former model focuses on direction alone, whereas here we 1103 

consider how the visual system estimates and multiplexes depth, speed, and direction to 1104 

disambiguate the optical motion signal. Third, despite the added overall complexity, the present 1105 

model uses a simple Gaussian shape for feedback-mediated suppression (e.g. red curve in Figure 1106 

6d), a more parsimonious account than its bimodal predecessor. This simplification is possible 1107 

because the present model implements the simple rule: maximally suppress MT motion signals 1108 

most similar in direction, speed, and disparity to the self-motion estimate in MSTd. This 1109 

principle could extend more broadly to encompass additional sensorimotor signals (e.g. 1110 

vestibular). Fourth, the present model demonstrates that feedforward on-center/off-surround 1111 

interactions could account for local modulation of direction signals; the previous model used 1112 

opponent lateral interactions. Finally, the former model implemented a simplistic notion of time, 1113 

whereas the present model leverages extensive dynamic interactions between MT and MST. 1114 

 The present model also advances the ViSTARS model of Browning et al. (2009b), which 1115 

simulates the dynamics of visual areas that include MT and MST. While ViSTARS estimates 1116 

heading, it does not suppress the activity of neurons in “early” visual areas (e.g. MT) based on 1117 

the activity pattern in MSTd. The present model does this to establish perceptual stability. Both 1118 

models segregate the independent motion of objects, however, the mechanism in ViSTARS is 1119 



 

 55 

local, whereas the present model also takes into account the global motion pattern induced by 1120 

self-motion. Moreover, the present model recovers object motion relative to the stationary 1121 

environment (world-relative), but this need not occur in ViSTARS. 1122 

A number of psychophysical studies have proposed a conceptual model whereby the 1123 

visual system “subtracts” out the self-motion component from the object motion to disambiguate 1124 

the retinal motion field (Warren & Rushton, 2007; Warren & Rushton, 2009). Our analysis 1125 

cautions against a literal interpretation of this model when it comes to understanding underlying 1126 

neural mechanisms. Although subtractive interactions may be capable of factoring out the 1127 

influence of the observer’s self-motion, other mechanisms that, for example, employ divisive 1128 

interactions could offer a number of advantages, such as the potential to preserve direction 1129 

information and signal bandwidth irrespective of the object direction relative to the background 1130 

(Figure 2d). 1131 

 Suppressing model MT motion signals consistent with the self-motion estimate could be 1132 

viewed as canceling out a ‘prediction’ or ‘expectation’ produced by model MSTd, which 1133 

connects our model with the principles of predictive coding (Friston, 2010). The theory posits 1134 

that feedback carries predictions about how sensory signals should appear and feedforward 1135 

signals transmit the error between the sensory array and prediction. From this perspective, 1136 

disambiguating the retinal flow field (sum of observer’s self-motion and object’s independent 1137 

movement) amounts to canceling out the observer’s self-motion based on an estimate to recover 1138 

the object’s independent movement through the world (Figure 1). Our model achieves this by 1139 

matching feedforward MT optic flow signals with feedback signals derived from MSTd, carrying 1140 

the ‘predictions’ about the expected global motion pattern associated with the observer’s self-1141 

motion. The model suppresses sensory signals that match the predicted motion parallax and 1142 
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disparity and signals that mismatch emerge as a prediction error, representing the world-relative 1143 

object motion. 1144 

Model limitations 1145 
 We either assumed a smooth depth gradient or constant depth in MSTd disparity and 1146 

motion pattern tuning, but in reality, the spatial distribution of disparity is likely more diverse. In 1147 

most cases here, this is not a problem because environments were simple 3D dot volumes. 1148 

However, this could be a factor in the Variable Depth Warren & Rushton (2007) displays 1149 

wherein the object potentially occupies a different depth than the rest of the scene. Recall that 1150 

model MSTd cells send feedback to suppress MT signals that match at each spatial location the 1151 

disparities corresponding to the observer’s estimated scene-relative motion. Model MSTd cells 1152 

would not strongly suppress the motion within the contours of a nearby object that moves in the 1153 

condition wherein the dot volume is far away. Therefore, in cases where the world-relative 1154 

observer motion arises at very different depths than the object, the present model may 1155 

underestimate the directional modulation. It is noteworthy that this is a limitation of current 1156 

implementation, rather than with the general computational principles or mechanisms. 1157 

Conclusion 1158 
 We have developed computational principles and biologically plausible mechanisms that 1159 

explain how the visual system could rely on depth through motion parallax and disparity to 1160 

stabilize visual signals during self-motion. To that end, our account links surround suppression 1161 

and joint motion parallax-disparity tuning properties to the coordinate system of object motion 1162 

signals generated during self-motion. We foresee many exciting opportunities to leverage these 1163 

computational principles in future studies to advance our understanding of the underlying neural 1164 

mechanisms.  1165 
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