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Abstract 10 

In the primary visual cortex (V1) of higher mammals, long-range horizontal connections (LHCs) are 11 

observed to develop, linking iso-orientation domains of cortical tuning. It is unknown how this feature-12 

specific wiring of circuitry develops before eye opening. Here, we show that LHCs in V1 may originate 13 

from spatio-temporally structured feedforward activities generated from spontaneous retinal waves. 14 

Using model simulations based on the anatomy and observed activity patterns of the retina, we show 15 

that waves propagating in retinal mosaics can initialize the wiring of LHCs by co-activating neurons of 16 

similar tuning, whereas equivalent random activities cannot induce such organizations. Simulations 17 

showed that emerged LHCs can produce the patterned activities observed in V1, matching topography 18 

of the underlying orientation map. We also confirmed that the model can also reproduce orientation-19 

specific microcircuits in salt-and-pepper organizations in rodents. Our results imply that early peripheral 20 

activities contribute significantly to cortical development of functional circuits. 21 

 22 

Highlights 23 

• Developmental model of long-range horizontal connections (LHCs) in V1 is simulated 24 

• Spontaneous retinal waves generate feature-specific wiring of LHCs in visual cortex 25 

• Emerged LHCs induce orientation-matching patterns of spontaneous cortical activity 26 

• Retinal waves induce orientation-specific microcircuits of visual cortex in rodents  27 
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Significance statement 28 

Long-range horizontal connections (LHCs) in the primary visual cortex (V1) are observed to emerge 29 

before the onset of visual experience, selectively connecting iso-domains of orientation maps. However, 30 

it is unknown how such tuning-specific wirings develop before eye-opening. Here, we show that LHCs 31 

in V1 originate from the tuning-specific activation of cortical neurons by spontaneous retinal waves 32 

during early developmental stages. Our simulations of a visual cortex model show that feedforward 33 

activities from the retina initialize the spatial organization of activity patterns in V1, which induces visual 34 

feature-specific wirings of V1 neurons. Our model also explains the origin of cortical microcircuits 35 

observed in rodents, suggesting that the proposed developmental mechanism is applicable universally 36 

to circuits of various mammalian species. 37 

 38 

Keywords 39 

Primary visual cortex, Long range horizontal connection, Orientation map, Iso-orientation domain, Retinal 40 
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Introduction 42 

In the primary visual cortex (V1) of higher mammals, neurons are observed to respond selectively to 43 

the orientation of visual stimuli, and their preferred orientations are organized into columnar orientation 44 

maps1 (Fig. 1a). In addition, iso-domains of the same orientation preference in the map are linked 45 

together by long-range horizontal connections (LHC)2 (Fig. 1b). The clustering of V1 by LHCs is 46 

observed prior to eye-opening3,4, suggesting that LHCs emerge prior to visual experience. Despite 47 

extensive studies on LHCs, it is still unknown what their functional role is5,6, and how they emerge 48 

before eye-opening. 49 

In previous studies, it has been suggested that the feedforward afferents from the retina may 50 

play a critical role in the development of cortical circuitry7. Sur et al. reported that rewiring retinal 51 

afferents to the primary auditory cortex (A1) in ferrets at early developmental stages results in 52 

development of orientation maps in A18 (Fig. 1c). Notably, LHCs, not observed in normal A1, are 53 

observed to emerge in the rewired A1. These results suggest that retinal afferents initiate development 54 

of the cortical orientation tuning and LHCs during early developmental stages. This scenario was further 55 

supported by observations that orientation tuning of cortical neurons originates from the local ON and 56 

OFF feedforward afferents9,10. Moreover, the theoretical framework of the statistical wiring model 57 

indicates that the orientation tuning in V1 is constrained by the local structure of ON and OFF mosaics 58 

of retinal ganglion cells (RGCs)11–13 (Fig. 1d). These findings inspired our hypothesis that the structure 59 

of retinal afferents may induce feature-specific wirings of LHCs in V1. 60 

Herein, we show that spontaneous retinal activity before eye-opening, which is spatio-61 

temporally constrained by retinal mosaics circuitry, can selectively activate V1 neurons of similar 62 

orientation tuning and lead to developing LHCs via activity-dependent cortical plasticity. Our model is 63 

based on the observed data of spontaneous retinal activity14,15 and their coincidence with the 64 

development of the visual circuits16,17 (Fig. 2). It was reported that stage II retinal activity induces 65 

development of the retino-geniculate and geniculo-cortical pathways18,19, and then the stage III retinal 66 

activity that is observed until eye-opening20,21, coincides with the period of LHC development22. 67 

Considering that the retino-cortical projections are developed by the stage II retinal activity, we 68 

hypothesized that the stage III retinal activity is transmitted to the cortex and that this may play a crucial 69 

role in the development of LHCs. 70 

From the simulations based on the anatomy of retinal circuits, we demonstrate that temporally 71 

asynchronous retinal waves from ON and OFF RGCs can drive V1 neurons selectively by their 72 

orientation tuning, which drives tuning-specific wirings of neurons with activity-dependent plasticity23,24 73 

of horizontal wirings in the cortex. We also show that the developed LHCs can induce patterned cortical 74 
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activities, matching the topography of underlying orientation maps as observed in ferrets before eye-75 

opening25. Finally, we demonstrate that LHCs can develop in the salt-and-pepper organization as 76 

observed in rodents26. These findings suggest that spontaneous retinal waves contribute significantly to 77 

organization of the functional architectures in the cortex during early developmental periods before 78 

sensory experience. 79 

 80 

Results 81 

Spontaneous retinal waves induced orientation-specific horizontal connections 82 

We first implemented simulations of spontaneous retinal activity. We modeled retinal waves based on the 83 

propagation-readout model of the stage II waves by Butts et al.27 with necessary modifications for a model 84 

of the stage III waves. The actual retinal circuitry involving bipolar cells, diffusing glutamate and many 85 

more components, were simplified to a network containing ON/OFF RGC and cross-inhibitory amacrine 86 

cells (AC) (Fig. 3a). Based on the experimental observation that inhibitory transduction of amacrine cells 87 

induces temporal delay between the bursting activity of ON and OFF RGCs21,28, our retinal wave model 88 

(Fig. 3b) simulates spontaneous activity as follows: an ON wavefront is formed by local excitatory 89 

networks of ON RGCs. Then local ACs are excited by surrounding ON RGCs, which cross-inhibits 90 

neighboring OFF RGCs. The OFF RGCs are activated when local inhibition declines, forming an OFF 91 

wavefront. As a result, the simulated stage III wave at a given time appears as one of separate activities 92 

of local ON/OFF RGCs. Then, we simulated retinal waves using experimentally measured ON/OFF RGC 93 

cell body mosaics of a cat29 and a monkey30 (Fig. 3c and d, see also Supplementary Video 1). Because 94 

the RGC mosaic data lacked information about AC locations, we made a hexagonal AC lattice from the 95 

experimentally measured density.  96 

Next, following the statistical wiring model of the retino-cortical pathway11,12,31, we developed a 97 

model circuit of the neurons in V1. In this model, the receptive field of each V1 neuron is developed by 98 

retinotopic inputs from local ON/OFF RGC mosaics (Fig. 3e). The anisotropic alignment of ON and 99 

OFF receptive fields generates the orientation preference of each V1 neuron. In the current simulation, 100 

to mimic wirings of unrefined early cortical circuits, horizontal connections between V1 neurons were 101 

added with randomly initialized synaptic strengths (Fig. 3f, see Methods for details). Using this model, 102 

we simulated spontaneous generation of retinal waves and found that propagation of the ON and OFF 103 

retinal waves could provide a correlated activation of V1 neurons of similar orientation tuning (Fig. 3g). 104 

We confirmed that this correlated activation of V1 neurons was sufficient to strengthen their cortical 105 

wiring by a simple Hebbian plasticity implemented in horizontal connections (Fig. 3h).  106 
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After repeated propagations of spontaneously generated retinal waves in arbitrary directions, 107 

the initial random horizontal wirings turned to selective connections between neurons of similar 108 

orientation tuning (Fig. 4a, b). After training with approximately 500 waves of random directions, the 109 

statistics of LHCs developed by retinal waves showed significant bias of orientation-specificity as 110 

observed in ferrets3, whereas such biases are not observed in those developed by randomly permuted 111 

activities. (Fig. 4c, Cuzick’s test for trend; p = 0.3912, for n = 192,686 random initial synapses; *p = 112 

4.94×10-327, for n = 173,437 synapses developed by retinal waves; p = 0.25, for n = 102,686 synapses 113 

developed by randomly permuted retinal activities). We observed that the cluster indices of developed 114 

LHCs in both cat and monkey models were comparable with those observed in Ruthzer et al. (1996)3, 115 

and were significantly higher than those developed by randomly permuted activities. (Fig. 4d, 116 

Developed (cat), two-tailed paired t-test, n = 50, *p = 2.43×10-41; Developed (monkey), n = 50, *p = 117 

5.08×10-6). 118 

Next, to examine whether initial conditions of horizontal connectivity affect the developed 119 

structure of the orientation-specific LHCs, we repeated the simulation with different initial random 120 

horizontal networks (N = 5). As a result, we found that the horizontal connections develop in similar 121 

forms regardless of initial conditions before development (Fig. 4e). To analyze this result quantitatively, 122 

we estimated the correlation among the connection strength matrix of initial and networks developed 123 

across different initial conditions (Fig. 4f). We confirmed that correlation among the connectivity 124 

matrices of developed networks was significant (two-tailed paired t-test, n = 10, *p = 7.04×10-25). This 125 

result suggests that the structure of orientation-specific LHCs in the cortex develop under constraint by 126 

the retinal structure, regardless of the initial condition of connectivity. 127 

 128 

Spontaneous cortical activity induced by orientation-specific horizontal connections 129 

Next, we examined whether the developed circuits of orientation-specific horizontal connections could 130 

reproduce patterns characteristic of the spontaneous cortical activity observed in early developmental 131 

periods. It has been reported that clustered cortical activity, topographically correlated with the 132 

underlying orientation map, is observed in developing visual cortex32–34 (Fig. 5a-c). A recent study on 133 

ferrets reported that the spontaneous cortical activity patterns before eye-opening predict the correlated 134 

organization of the orientation map in adults33 (Fig. 5d), suggesting that spontaneous activities in V1 135 

may initialize the topographic maps in the cortex. However, this scenario could not explain clearly how 136 

spontaneously generated cortical activity organizes into systematic columnar patterns. 137 

Here, contrary to above scenario that spontaneously generated cortical activity pattern initially 138 
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determines organization of the orientation map in V1, we suggest that spontaneous retinal activity 139 

determines the patterns of both orientation map and activity pattern in V1, by generating horizontal 140 

wirings that connect iso-domains of the underlying orientation map. In this simple scenario, 141 

topographies of spontaneous V1 activity and underlying orientation maps must be correlated. Further, 142 

once LHCs develop, silencing the feedforward activity in a retina or LGN33 cannot eliminate the 143 

correlated activity in V1, as observed in ferrets.  144 

To validate this model, we removed all feedforward drive from the retina in our model and 145 

simulated activities by randomly driving the V1 network with developed LHCs. Following the analysis in 146 

a previous study33, we selected reference points at arbitrary locations in V1 and computed the Pearson 147 

coefficient of correlation for spontaneous activities between the reference and other locations across 148 

cortical space (Fig. 5e, left, see also Supplementary Video 2, 3). We observed strong matching 149 

between the activity correlation map and underlying orientation map, even though the V1 circuit does 150 

not receive inputs from the feedforward pathway. As observed in ferrets33, correlation between the 151 

activity correlation map and orientation map was significantly higher than in the controls where two 152 

maps were randomly rotated (Fig. 5f, two-tailed paired t-test with randomly aligned controls; data 153 

maps: n = 100, *p = 1.1×10-35, cat model: n = 100, *p = 2.23×10-308; monkey model: n = 100, *p = 154 

1.90×10-240). We also repeated this for randomly chosen reference points and confirmed the statistical 155 

significance of the correlation (Fig. 5g, Mann-Whitney U-test; data maps: n = 8, p = 0.02, cat model: n = 156 

367, *p = 1.17×10-41; monkey model: n = 318, *p = 4.94×10-47). These results suggest that the 157 

observed correlation between spontaneous V1 activity and orientation maps can readily be explained 158 

by our model. 159 

 160 

Development of orientation-specific horizontal connections without a periodic map 161 

So far, we have shown that our model provides an explanation for how LHCs develop spontaneously in 162 

V1 of higher mammals with columnar orientation maps. Next, we show that our model further explains 163 

how orientation-specific LHCs also develop in rodents V1 with salt-and-pepper organizations35 (Fig. 164 

6a). It is notable that the key assumption of our model is that retinal waves co-activate V1 neurons of 165 

similar tuning to develop LHCs between them, and that this mechanism works regardless of the spatial 166 

organization of orientation preference in V1 (Fig. 6b). 167 

To validate our prediction in salt-and-pepper type organizations of V1, we implemented a model 168 

V1 circuit with salt-and-pepper organization. Using mouse retinal-mosaic data36 and the same 169 

developmental model for cats and monkeys, we confirmed that cortical neurons of similar orientation 170 
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tuning tend to fire in correlated patterns. As a result, similar to the V1 model with a periodic orientation 171 

map, we found that LHCs with significant orientation-specificity developed (Fig. 6c, Cuzick’s test for 172 

trend; initial: n = 970, p = 0.15; developed by retinal waves: n = 551, *p < 2.23×10-308; developed by 173 

random activity: n = 970, p = 0.09). This result demonstrates that orientation-specific LHCs can also 174 

emerge from the correlated activity induced by retinal waves, even in salt-and-pepper type 175 

organizations26, as observed in layer 2/3 horizontal microcircuits of rodent V135. Notably, observations 176 

that orientation-specific microcircuits appear to develop even in dark rearing conditions with no visual 177 

experience may also support our model. Our model predicts that these microcircuits can develop in 178 

dark rearing conditions, because spontaneous retinal waves can contribute under this condition37,38 179 

(Fig. 6d and e, Cochran-Armitage test; Model: n = 551, p = 9.87×10-13; Data (Dark reared)37: n = 6, p = 180 

0.028). These results imply that our model can provide a universal principle for the developmental 181 

mechanism of LHCs in both higher mammals and rodents. 182 

 183 

Discussion 184 

Results from a number of studies have suggested that retinal waves may play an important role in the 185 

development of early visual circuits such as retino-geniculate pathways, geniculate receptive fields, and 186 

geniculo-cortical projections22,39,40. However, before now, it was not known whether retinal waves could 187 

also contribute to the early organization of functional circuits in V1. In the current study, we 188 

demonstrated that spontaneous retinal waves can drive the development of orientation-specific 189 

intracortical circuits in V1. 190 

Previous studies have suggested that early V1 activity is driven by endogenous connectivity 191 

inside the cortex and plays a causal role in the development of horizontal connections. It was proposed 192 

that local circuits in V1 may generate patterned activities spontaneously, which serve as a scaffold for 193 

orientation columns to develop33,41,42. Furthermore, it was reported that early orientation maps are 194 

refined, matching spontaneous activity patterns during development before eye-opening. However, this 195 

scenario lacks explanation of a mechanism in which such organized activity patterns arise initially. 196 

Moreover, this model could not account for the strong and precise relationship between retinal and 197 

cortical receptive field structures reported recently9,43. Thus, the contribution of the endogenous cortical 198 

network alone does not explain how the tuning-specific horizontal connections develop and are 199 

correlated to orientation tuning in V1. 200 

On the other hand, our model explains the emergence of correlated activity patterns in V1, the 201 

topographic matching to orientation map, and how these processes are carried out before the onset of 202 
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any visual experience. Our result proposes a simple but powerful model of the developmental 203 

mechanism underlying the origin of spontaneous activity patterns in V1 and its correlation to orientation 204 

tuning maps, to complete the scenario. 205 

Observations that support our developmental model were also reported in previous studies. 206 

Durack et al. (1996)44 found that initial clustering of LHCs in ferret V1 coincides with, but does not 207 

precede, the development of orientation preference44. This implies that the development of LHCs may 208 

“reflect”, rather than “seed” the structure of orientation maps. In addition, orientation-specific 209 

microcircuits of V1 in mice begin appear to emerge after development of retino-cortical projections and 210 

orientation tuning of V1 neurons45. These results also suggest that, after feedforward pathway has been 211 

developed to induce cortical orientation tuning, retinal waves drive the development of orientation-212 

specific horizontal connections. 213 

The previous study reported that clustered horizontal connections are observed even after 214 

binocular enucleation3. However, this result cannot invalidate the role of the patterned retinal activity for 215 

cortical development of LHCs. It should be noted that the enucleation of the retinae was performed late 216 

in development (P21), after early orientation tuning and related spatial organization were already 217 

established in V1. At that time, orientation-specific LHCs are expected to exist already, and might be 218 

refined by cortical activities8. Furthermore, another study reported a counterexample that the clustering 219 

of LHCs was not observed in cats with earlier binocular deprivation in the developmental stage 7. These 220 

results are readily explained by our model: Once orientation tuning and LHCs in V1 are established by 221 

early retinal afferents (probably early stage III), they develop without further contribution from the 222 

feedforward retinal activity in later stages. 223 

Consistent with previous observations, our model proposes that stage II and III retinal waves 224 

may have distinct roles in development of LHCs. That is, the stage II retinal activity first induces 225 

development of the retino-geniculate and geniculo-cortical pathways18,19; then the stage III retinal 226 

activity drives the development of LHCs22 until eye-opening20,21. Another recent study on the stage II 227 

and III retinal activities in mice also provides supporting evidence for this model46. In this paper, it was 228 

reported that the global correlation between cortical activity across the cortical surface and the pre-229 

synaptic retinal activity is significantly higher during stage II than during stage III. These results are 230 

consistent with the scenario that our model predicts: (1) Retinal activity during the stage II period 231 

develops retinocortical pathways with a retinotopic organization and activates all the cortical neurons. 232 

This generates a global correlation of cortical activity. (2) Then, asynchronous retinal waves during 233 

stage III selectively activate cortical neurons of similar orientation tuning by propagating in the direction 234 

of the wave. This leads to relatively lower global correlation than in the previous stage. Altogether, these 235 
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results imply that stage II and III retinal activities stimulate the cortical neurons in a distinct way and 236 

contribute differently to the development of LHCs. 237 

There exist conflicting results on whether the ON/OFF asynchrony of stage III retinal waves is 238 

significant in higher mammals. Wong et al. (1996)47 and Lee et al. (2002)48 reported that there was no 239 

noticeable temporal delay between ON and OFF RGC activity in ferret stage III waves, whereas Liets et 240 

al. (2003)20 reported the existence of clear asynchrony up to approximately 1 s, similar to the ON/OFF 241 

asynchrony in mouse. In the case of ferrets, it is possible that asynchrony of activity between RGC 242 

types might originate from a different mechanism, such as dendrite morphology or other neuronal 243 

dynamics, which eventually works similar to ON/OFF asynchrony in mice. Future studies are needed to 244 

observe detailed dynamics for retinal waves to drive cortical organization in each species of various 245 

structures in feedforward projections. 246 

Our model explains how visual cortical networks develop before experience, but experimental 247 

results suggest that sensory experience is essential for the maintenance and maturation of cortical 248 

network structures. Immediately after eye-opening, an explosive increase in the synaptic density of 249 

cortical layer 2/3 (including LHCs) is observed. Ferrets dark-reared at this developmental stage appear 250 

to have much weaker orientation tuning, and their LHCs clusters do not form properly49. Similar 251 

observations were reported in rodent V1 as well; although orientation-specific cortical microcircuits are 252 

observed to develop in dark-rearing environments, they require visual experience for appropriate 253 

pruning and maturation later37. These observations suggest that early feedforward projections are able 254 

to guide organization of the functional circuits in the cortex initially, but also that visual experience is 255 

required to drive further development of circuits for complete visual function in adult animals. 256 

In conclusion, our results suggest that the structure of retinal mosaics and the spontaneous 257 

wave activity from them can induce early tuning maps and the featured tuning-specific LHC circuits in 258 

V1. Our model provides further understanding of how functional architectures in the cortex can originate 259 

from the spatial organization of the periphery, without sensory inputs during early developmental 260 

periods. 261 

 262 

Methods 263 

Model simulations 264 

Model simulations were designed based on the statistical wiring model from the retina to V1 265 

pathway11,12,31, and performed the following: (1) Generation of spontaneous retinal waves, (2) 266 

Generation of orientation tuning of V1 neurons from statistical projections of RGC mosaics, (3) 267 
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Development of horizontal circuits in V1 by retinal waves, and (4) Generation of spontaneous cortical 268 

activity from the developed V1 circuitry. Details of the algorithms, analysis methods, and parameters 269 

used in the simulations are presented in the following sections. All model simulations and data analyses 270 

were implemented and performed using MATLAB R2018a. 271 

 272 

Retinal ganglion cell mosaics 273 

For the simulation of our retina-V1 model, we used ON/OFF-type RGC mosaics data from mammals. 274 

Simulations shown in the main results are based on cell body mosaics of the cat50 (Fig. 3-5) and 275 

mouse36 (Fig. 6). We also provided simulation results based on monkey receptive field mosaics30. 276 

Considering that differences in cortical tuning organization, modeling, and simulation schemes differ 277 

between higher mammals (cat, monkey) and rodents (mouse); from here, we describe the framework 278 

for simulating higher mammalian visual cortex and later describe specifications for the rodent cortex 279 

model. 280 

For an RGC mosaic, we denote positional vectors of ON/OFF-type cells as 281 

𝑝𝑝𝑖𝑖𝑂𝑂𝑂𝑂, 𝑝𝑝𝑗𝑗𝑂𝑂𝑂𝑂𝑂𝑂 282 

where 𝑖𝑖 and 𝑗𝑗 denote the cell index. We also measured the density of OFF RGC, and from that, we 283 

defined a representative spacing 𝑑𝑑𝑂𝑂𝑂𝑂𝑂𝑂 so that an ideal hexagonal RGC lattice with spacing 𝑑𝑑𝑂𝑂𝑂𝑂𝑂𝑂 284 

would have the same cell density as the data OFF mosaic. We computed 𝑑𝑑𝑂𝑂𝑂𝑂 in the same manner. 285 

 286 

Extending a data mosaic 287 

To simulate spontaneous retinal waves before eye-opening, we modeled the retinal circuitry as a 288 

coupled network between ON RGC, OFF RGC, and amacrine cells (AC)21. Because the data mosaic 289 

represents a limited region of the retina (several hundred micrometers) and lacks AC positional 290 

information, we first augmented the data RGC mosaic with surround RGC padding and an AC lattice. 291 

Note that added cells were only used to aid wave propagation, and we did not consider them in further 292 

simulations. 293 

First, to provide a retinal region sufficient for the wave to propagate, we padded the data RGC 294 

mosaic with synthesized hexagonal lattices of ON and OFF RGCs, each with spacing 𝑑𝑑𝑂𝑂𝑂𝑂 and 𝑑𝑑𝑂𝑂𝑂𝑂𝑂𝑂. 295 

Note that with this spacing, a synthesized lattice has the same cell density as the data mosaic. We 296 

gave the padded lattice a circular boundary of radius 3000 µm (limited by GPU memory) to reduce 297 

potential propagation direction bias. 298 
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Then, a hexagonal AC lattice of (ON density + OFF density) was synthesized and overlaid on 299 

the augmented RGC mosaic. The resulting extended mosaic is an overlap of large ON/OFF/AC lattices 300 

with circular boundary, and we denote positional vectors of each type of cell as 301 

𝑝̂𝑝𝑖𝑖𝑂𝑂𝑂𝑂, 𝑝̂𝑝𝑗𝑗𝑂𝑂𝑂𝑂𝑂𝑂 , 𝑝̂𝑝𝑘𝑘𝐴𝐴𝐴𝐴 302 

where 𝑖𝑖, 𝑗𝑗, and 𝑘𝑘 denote the cell index. When referring to an extended mosaic, we use hat notation 𝑝̂𝑝 303 

instead of the term 𝑝𝑝 used for a data mosaic. 304 

 305 

Network model generating retinal waves 306 

In previous studies, it was reported that at least five cell types (including cone bipolar cells, amacrine 307 

cells (AC), and RGC) and several different transduction mechanisms, contribute to retinal waves. 308 

Based on the circuit mechanism reported by Akrouh et al. (2013)21 and the stage II wave model 309 

proposed by Butts et al. (1999)27, we designed a simplified retinal circuitry model involving ON/OFF/AC 310 

cells, where three types of local connectivity drove retinal wave propagation: ON→ON excitatory, 311 

ON→AC excitatory, and AC→OFF inhibitory21,27. Below we provide a conceptual description of our 312 

model network. 313 

In our model, wave propagation happens within the ON mosaic layer, and AC/OFF layers serve 314 

as readout. We define the connectivity and activation rules among the layers as follows: (1) ON RGCs 315 

are reciprocally coupled with nearby active ON RGCs within the dendritic interaction radius 𝑅𝑅𝑂𝑂𝑂𝑂, and 316 

becomes active for 1 s when the summed input passes some threshold. (2) ACs receive input from 317 

nearby ON cells within 𝑅𝑅𝑂𝑂𝑂𝑂 and become active when the input passes a threshold. (3) Then, ACs 318 

provide inhibitory input to OFF RGCs within the dendritic radius 𝑅𝑅𝐴𝐴𝐴𝐴. An OFF RGC becomes inhibited 319 

with AC input and becomes active for 1 s upon reduction of such inhibitory input. The described 320 

connectivity is modeled as follows: 321 

𝑤𝑤𝑗𝑗𝑗𝑗𝑂𝑂𝑂𝑂→𝑂𝑂𝑂𝑂 = �
1 if �𝑝̂𝑝𝑖𝑖𝑂𝑂𝑂𝑂 − 𝑝̂𝑝𝑗𝑗𝑂𝑂𝑂𝑂� ≤ 𝑅𝑅𝑂𝑂𝑁𝑁
0 if �𝑝̂𝑝𝑖𝑖𝑂𝑂𝑂𝑂 − 𝑝̂𝑝𝑗𝑗𝑂𝑂𝑂𝑂� > 𝑅𝑅𝑂𝑂𝑂𝑂

 322 

𝑤𝑤𝑗𝑗𝑗𝑗𝑂𝑂𝑂𝑂→𝐴𝐴𝐴𝐴 = �
1 if �𝑝̂𝑝𝑖𝑖𝐴𝐴𝐴𝐴 − 𝑝̂𝑝𝑗𝑗𝑂𝑂𝑂𝑂� ≤ 𝑅𝑅𝑂𝑂𝑂𝑂
0 if �𝑝̂𝑝𝑖𝑖𝐴𝐴𝐴𝐴 − 𝑝̂𝑝𝑗𝑗𝑂𝑂𝑂𝑂� > 𝑅𝑅𝑂𝑂𝑂𝑂

 323 

𝑤𝑤𝑗𝑗𝑗𝑗𝐴𝐴𝐴𝐴→𝑂𝑂𝑂𝑂𝑂𝑂 = �
1 if �𝑝̂𝑝𝑖𝑖𝑂𝑂𝑂𝑂𝑂𝑂 − 𝑝̂𝑝𝑗𝑗𝐴𝐴𝐴𝐴� ≤ 𝑅𝑅𝐴𝐴𝐴𝐴
0 if �𝑝̂𝑝𝑖𝑖𝑂𝑂𝑂𝑂𝑂𝑂 − 𝑝̂𝑝𝑗𝑗𝐴𝐴𝐴𝐴� > 𝑅𝑅𝐴𝐴𝐴𝐴

 324 

We chose the dendritic radius of ON RGC and AC considering the size of the cell dendritic 325 
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arbors experimentally measured by Akrouh et al. (2013)21, but with some flexibility regarding the effect 326 

of diffuse neurotransmitters. Parameter details are provided in Table 1. 327 

 328 

Propagation mechanism of retinal waves 329 

We designed our model based on a cellular automaton, in which each cell (at a specific time) is 330 

assigned a discrete cell state, and the cell states at time 𝑡𝑡 + ∆𝑡𝑡  are determined by updating the cell 331 

states at time 𝑡𝑡 according to a set of cell type-specific rules. We describe the cell type-specific states, 332 

input rules, and state update rules of our model below27. 333 

 The state of an ON RGC 𝑆𝑆𝑂𝑂𝑂𝑂(𝑡𝑡) at a given time 𝑡𝑡 can be waiting, active, or inactive. If an ON 334 

RGC is in a waiting state, it can switch to an active state at the next timestep by receiving input 335 

exceeding the threshold Θ𝑂𝑂𝑂𝑂 from nearby coupled ON RGCs in an active state (Fig. 3b). For realistic 336 

simulation, the amount of 𝜂𝜂𝑐𝑐, which is the input that an active cell provides to other coupled cells, is 337 

drawn from a normal distribution of mean “1” and standard deviation Δ𝐶𝐶 = 0.2. After an ON RGC 338 

becomes active, it remains active for 𝑇𝑇𝑎𝑎 = 1 𝑠𝑠, after which it becomes inactive for the rest of the 339 

simulation. 340 

The state of an AC 𝑆𝑆𝐴𝐴𝐴𝐴(𝑡𝑡) can be either waiting or active at a given time. When a waiting AC 341 

receives input exceeding threshold Θ𝐴𝐴𝐴𝐴 from connected ON RGCs, it becomes active in the next time 342 

step. Different from RGCs, an AC switches back to waiting state whenever it receives input that does 343 

not exceed Θ𝐴𝐴𝐴𝐴, thereby retaining the ability to become active again. 344 

The state of an OFF RGC 𝑆𝑆𝑂𝑂𝑂𝑂𝑂𝑂(𝑡𝑡) can be waiting, inhibited, active, or inactive at a given time. 345 

When a waiting OFF RGC receives inhibitory (negative sign) input not exceeding threshold Θ𝑂𝑂𝑂𝑂𝑂𝑂 from 346 

connected ACs, it becomes inhibited in the next time step. When inhibitory input declines and allows 347 

the threshold to be exceeded, the OFF RGC state rebounds to active, which it maintains for 𝑇𝑇𝑎𝑎 = 1 𝑠𝑠 348 

before going inactive for the rest of the simulation. The parameter details are listed in Table 1. 349 

 350 

Wave initiation, control, and postprocessing 351 

For waveform and dynamics control, we initially assigned waiting state to only a portion (80%) of 352 

randomly selected ON RGCs and assigned inactive state to the remainder (20%)51. Then, we initiated a 353 

wave at 𝑡𝑡 = 0 near the boundary of the extended mosaic by assigning active state to waiting ON 354 

RGCs within a circular region of radius 𝑅𝑅𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 400 µ𝑚𝑚. Afterward, the wave was allowed to propagate 355 

freely, while indices of active ON/OFF RGCs were recorded over time. For each mosaic, we simulated 356 
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a set of 500-1000 retinal waves, each with different initial conditions and wave initiation positions. 357 

Because the cells initially assigned inactive status cannot participate in the wave until the end 358 

(leaving “holes” in the propagating waves), we conducted a postprocessing process that ensured that 359 

all RGCs inside a propagating wave were densely active. At each time step, we spatially smoothed 360 

active state profiles of ON and OFF RGC layers using a 2D Gaussian filter of width 𝜎𝜎𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 = 0.85𝑑𝑑𝑂𝑂𝑂𝑂𝑂𝑂. 361 

Then, we normalized the resulting activation values so that the maximum activation of each RGC layer 362 

was always “1” over time. 363 

Finally, to ensure a uniform direction distribution, we classified the waves into 12 directional 364 

categories and sampled an equal number of waves from each category to construct a final, direction-365 

unbiased wave dataset. From that, we imported random waves when needed. 366 

Apart from patterned waves, we constructed a separate, permuted version of retinal waves as 367 

a control case for our horizontal network developmental model. The permutation was done simply by 368 

shuffling the RGC activation values over the RGC indices, thus preserving the overall activation level 369 

while removing correlated wave patterns. 370 

 371 

Initialization of the RGC-V1 statistical wiring model 372 

At the initial time of development, we assumed that RGCs are locally wired to cortical space 373 

retinotopically12,31. To determine cortical sampling locations, we looked for every pair of data ON/OFF 374 

RGCs with a distance less than 1.5𝑑𝑑𝑂𝑂𝑂𝑂𝑂𝑂 and set their center locations as cortical sampling sites. Note 375 

that we did not consider padded RGCs in the extended mosaic. 376 

𝑝𝑝𝑘𝑘𝑉𝑉1 =
1
2

(𝑝𝑝𝑂𝑂𝑂𝑂𝑂𝑂 + 𝑝𝑝𝑂𝑂𝑂𝑂) for every 𝑝𝑝𝑂𝑂𝑂𝑂𝑂𝑂,𝑝𝑝𝑂𝑂𝑂𝑂  with |𝑝𝑝𝑂𝑂𝑂𝑂𝑂𝑂 − 𝑝𝑝𝑂𝑂𝑁𝑁| < 1.5𝑑𝑑 377 

𝑤𝑤𝑖𝑖𝑖𝑖𝐹𝐹𝐹𝐹 = 𝑊𝑊init
𝐹𝐹𝐹𝐹 exp �−

�𝑝𝑝𝑘𝑘𝑉𝑉1 − 𝑝𝑝𝑖𝑖𝑅𝑅𝑅𝑅𝑅𝑅�
𝑑𝑑𝐹𝐹𝐹𝐹

� 378 

Here, 𝑤𝑤𝑖𝑖𝑖𝑖𝐹𝐹𝐹𝐹 represents the feedforward connection weight from the 𝑖𝑖𝑡𝑡ℎ RGC to 𝑘𝑘𝑡𝑡ℎ cortical site, where 379 

𝑊𝑊𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
𝐹𝐹𝐹𝐹  is the initial connection weight52. Parameter details are provided in Table 1. 380 

 381 

Nonlinear response curve of V1 neurons 382 

The response curve of V1 neurons was modeled as a nonlinear sigmoid kernel with parameters 𝛿𝛿𝑉𝑉1 383 

and 𝛩𝛩𝑉𝑉1. 384 
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𝑅𝑅𝑘𝑘,𝑉𝑉1(𝑡𝑡) = �1 + exp�−
𝐼𝐼(𝑡𝑡) − 𝛩𝛩𝑉𝑉1

𝛿𝛿𝑉𝑉1
��

−1

 , 𝐼𝐼(𝑡𝑡) = �𝑤𝑤𝑖𝑖𝑖𝑖𝐹𝐹𝐹𝐹𝑅𝑅𝑖𝑖,𝑅𝑅𝑅𝑅𝑅𝑅(𝑡𝑡)
𝑖𝑖

 385 

Here, 𝑅𝑅𝑘𝑘,𝑉𝑉1(𝑡𝑡) is the response of the 𝑘𝑘𝑡𝑡ℎ cortical neuron at wave time 𝑡𝑡, where activation of 386 

𝑖𝑖𝑡𝑡ℎ RGC by the retinal wave is given by 𝑅𝑅𝑖𝑖,𝑅𝑅𝑅𝑅𝑅𝑅(𝑡𝑡). Input to a cortical cell is solely determined by retinal 387 

feedforward input here, but horizontal input or direct cortical stimulus is allowed in later simulations. 388 

Parameter details are provided in Table 1. 389 

 390 

V1 receptive field formation by retinal waves 391 

After initialization with exponential pooling function, each ON/OFF subregion of the V1 “receptive field” 392 

is contributed by ~1 RGC. To enlarge further the V1 receptive field before simulating the horizontal 393 

connection network, we followed the V1 receptive field developmental model of Song et al. (2018) to 394 

develop further the feedforward connections between the RGCs and V1 neurons31. For each 395 

feedforward connection, a weight update was done once per retinal wave, following the rule below. 396 

For a given V1 neuron receiving input from a retinal wave, we sampled the peak response of 397 

the V1 neuron and related RGC activity levels at the same time. Then, we used profiles of the sampled 398 

responses from many retinal waves for an update of the covariance rule-based weights53, following the 399 

formulation below. 400 

Δ𝑤𝑤𝑖𝑖𝑖𝑖𝐹𝐹𝐹𝐹 = �
𝜖𝜖𝐹𝐹𝐹𝐹 �𝑅𝑅𝑘𝑘,𝑉𝑉1

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑅𝑅𝑘𝑘,𝑉𝑉1
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠������������� �𝑅𝑅𝑖𝑖,𝑅𝑅𝑅𝑅𝑅𝑅

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑒𝑒𝑑𝑑 − 𝑅𝑅𝚤𝚤,𝑅𝑅𝑅𝑅𝑅𝑅
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠�������������  if 𝑤𝑤𝑖𝑖𝑖𝑖𝐹𝐹𝐹𝐹 < 𝑊𝑊limit

𝐹𝐹𝐹𝐹

0 if 𝑤𝑤𝑖𝑖𝑖𝑖𝐹𝐹𝐹𝐹 ≥ 𝑊𝑊limit
𝐹𝐹𝐹𝐹

 401 

�
𝑅𝑅𝑘𝑘,𝑉𝑉1
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑅𝑅𝑘𝑘,𝑉𝑉1�𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠�

𝑅𝑅𝑖𝑖,𝑅𝑅𝑅𝑅𝑅𝑅
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑅𝑅𝑖𝑖,𝑅𝑅𝑅𝑅𝑅𝑅�𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠�

, where 𝑡𝑡𝑠𝑠𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = argmax𝑡𝑡 �𝑅𝑅𝑘𝑘,𝑉𝑉1(𝑡𝑡)� 402 

𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠������������ =
1
𝜏𝜏𝐹𝐹𝐹𝐹

� 𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 exp �
𝑠𝑠 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝜏𝜏𝐹𝐹𝐹𝐹

�
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

0
𝑑𝑑𝑑𝑑 403 

Here, we define the learning threshold 𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�������� as the running average of the sampled 404 

responses of a cell during the learning steps. The term 𝜏𝜏𝐹𝐹𝐹𝐹 represents how fast the threshold changes 405 

during the learning steps and the term 𝜖𝜖𝐹𝐹𝐹𝐹, the learning rate, denotes how quickly the weight update is 406 

done. We assumed that the resource for a single connection is limited by 𝑊𝑊limit
𝐹𝐹𝐹𝐹 . 407 

We simulated the development of RGC-V1 feedforward connections using a post-processed 408 

retinal wave dataset, 15 epochs in total. At each epoch, we shuffled wave order and iterated over all 409 

waves one by one, applying the learning rule. All the parameter details are provided in Table 1. 410 
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 411 

Initialization of the V1 horizontal network model 412 

After the RGC-V1 feedforward development was complete, we froze the feedforward connection 413 

weights and simulated development of the V1 horizontal connection network by retinal waves. Initially, 414 

we horizontally wired V1 cells with random weights. 415 

𝑤𝑤𝑖𝑖𝑖𝑖𝑉𝑉1 = 𝜂𝜂𝑉𝑉1, 𝜂𝜂𝑉𝑉1~U(0,1) 416 

Here, 𝑤𝑤𝑖𝑖𝑖𝑖𝑉𝑉1 represents the synaptic connection weight from the 𝑖𝑖𝑡𝑡ℎ to 𝑗𝑗𝑡𝑡ℎ cortical site (𝑖𝑖 ≠ 𝑗𝑗), 417 

where 𝜂𝜂𝑉𝑉1 is drawn from a random uniform distribution 𝑈𝑈(0,1). After setting the random connections, 418 

we normalized each V1 cell’s outgoing connection weight sum by 𝑊𝑊init
𝑉𝑉1  and finished the initialization 419 

step. Parameter details are provided in Table 1. 420 

 421 

V1 horizontal network development by retinal waves 422 

For each V1 horizontal connection, a weight update was done once per retinal wave. For a given retinal 423 

wave, responses of the V1 neurons over time were determined by the sum of feedforward input from 424 

RGCs and horizontal input from other V1 neurons. 425 

𝑅𝑅𝑘𝑘,𝑉𝑉1(𝑡𝑡) = �1 + exp�−
𝐼𝐼(𝑡𝑡) − 𝛩𝛩𝑉𝑉1

𝛿𝛿𝑉𝑉1
��

−1

 , 𝐼𝐼(𝑡𝑡) = �𝑤𝑤𝑖𝑖𝑖𝑖𝐹𝐹𝐹𝐹𝑅𝑅𝑖𝑖,𝑅𝑅𝑅𝑅𝑅𝑅(𝑡𝑡)
𝑖𝑖

+ �𝑤𝑤𝑗𝑗𝑗𝑗𝑉𝑉1𝑅𝑅𝑗𝑗,𝑉𝑉1(𝑡𝑡 − 1)
𝑗𝑗

 426 

Then, peak responses of V1 neurons were sampled and used as a response profile for a 427 

covariance rule-based weight update of the V1 horizontal network. 428 

Δ𝑤𝑤𝑖𝑖𝑗𝑗𝑉𝑉1 = �
𝜖𝜖𝑉𝑉1 �𝑅𝑅𝑖𝑖,𝑉𝑉1

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑅𝑅𝚤𝚤,𝑉𝑉1
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝��������� �𝑅𝑅𝑗𝑗,𝑉𝑉1

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑅𝑅𝚥𝚥,𝑉𝑉1
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝���������  if 𝑤𝑤𝑖𝑖𝑖𝑖𝑉𝑉1 < 𝑤𝑤limit𝑉𝑉1

0 if 𝑤𝑤𝑖𝑖𝑖𝑖𝑉𝑉1 ≥ 𝑊𝑊limit
𝑉𝑉1

� 429 

𝑅𝑅𝑘𝑘,𝑉𝑉1
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = max �𝑅𝑅𝑘𝑘,𝑉𝑉1(𝑡𝑡)� 430 

𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�������� =
1
𝜏𝜏𝑉𝑉1

� 𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 exp �
𝑠𝑠 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝜏𝜏𝑉𝑉1

�
𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡

0
𝑑𝑑𝑑𝑑 431 

Here, we define the learning threshold 𝑅𝑅𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�������� as the running average of peak responses of a 432 

V1 neuron over learning steps. Here, 𝜏𝜏𝑉𝑉1 represents how fast the threshold changes during the 433 

learning steps and 𝜖𝜖𝑉𝑉1, the learning rate, denotes how quickly the weight update is done. We assumed 434 

that resource for a single connection is limited by 𝑊𝑊limit
𝑉𝑉1 . 435 
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We simulated development of the horizontal connection network using a post-processed retinal 436 

wave dataset (permuted dataset as control case), 30 epochs in total; at each epoch, we shuffled the 437 

wave order and iterated all the waves one by one, applying the learning rule. All the parameter details 438 

are provided in Table 1. 439 

 440 

V1 horizontal network-driven spontaneous activity 441 

After horizontal connection development was complete, we froze the horizontal connection weight and 442 

simulated spontaneous patterned activity induced by horizontal connectivity. We normalized each V1 443 

cell’s incoming connection weight sum to 𝑊𝑊final
𝑉𝑉1  and modeled driving input 𝐼𝐼stim for V1 network as a 444 

sum of local stimulus and global background noise, denoted by 445 

𝐼𝐼stim = 𝐼𝐼local ∗ 𝐺𝐺local + 𝐼𝐼background ∗ 𝐺𝐺background 446 

where 𝐺𝐺𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 is the local dominant 2D Gaussian input of width of 𝜎𝜎local given at a random location in 447 

the cortical space with peak value “1”, and 𝐺𝐺background is background random noise drawn at each 448 

cortical neuron from 𝑈𝑈(0,1), smoothed by 2D Gaussian filter of a width of 𝜎𝜎background, and normalized 449 

to have a maximum value of “1”. The terms 𝐼𝐼local and 𝐼𝐼background denote the intensities of local 450 

stimulus and global background noise. 451 

Then, in the absence of feedforward input (all 𝑤𝑤𝐹𝐹𝐹𝐹 = 0), we provided driving input 𝐼𝐼stim to 452 

neurons in the V1 horizontal network and integrated their responses recurrently until the network 453 

activity diverged. 454 

𝑅𝑅𝑘𝑘,𝑉𝑉1(𝑡𝑡) = �1 + exp�−
𝐼𝐼(𝑡𝑡) − 𝛩𝛩𝑉𝑉1

𝛿𝛿𝑉𝑉1
��

−1

 , 𝐼𝐼(𝑡𝑡) = 𝐼𝐼stim +�𝑤𝑤𝑗𝑗𝑗𝑗𝑉𝑉1𝑅𝑅𝑗𝑗,𝑉𝑉1(𝑡𝑡 − 1)
𝑗𝑗

 455 

→ integrate until 𝑡𝑡 = 𝑡𝑡final, where 𝑅𝑅𝑘𝑘,𝑉𝑉1(𝑡𝑡fınal + 1)�������������������� > 0.9 456 

Then, we spatially filtered the cortical response profile of V1 neurons using a 2D Gaussian filter 457 

of width 𝜎𝜎img to obtain a response image 𝐴𝐴(𝑥𝑥) where 𝑥𝑥 denotes pixel position. After that, we 458 

normalized the image pixel intensities to be zero-centered and to have a standard deviation of “1”. 459 

Repeating the entire procedure, we modeled 𝑁𝑁 = 200 spontaneous activity images, each indexed as 460 

𝐴𝐴𝑖𝑖(𝑥𝑥). Parameter details are provided in Table 1. 461 

 462 

V1 spontaneous correlation patterns 463 
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Using the simulated spontaneous activity images 𝐴𝐴𝑖𝑖(𝑥𝑥), we computed spontaneous correlation patterns 464 

as the pairwise Pearson’s correlation between activity at a reference pixel 𝑠𝑠 and activity at all other 465 

pixels 𝑥𝑥, given by 466 

𝐶𝐶(𝑠𝑠, 𝑥𝑥) =
1
𝑁𝑁
�

�𝐴𝐴𝑖𝑖(𝑠𝑠)− 𝐴𝐴(𝑠𝑠)��������𝐴𝐴𝑖𝑖(𝑥𝑥) − 𝐴𝐴(𝑥𝑥)�������
𝜎𝜎𝑠𝑠𝜎𝜎𝑥𝑥

𝑁𝑁

𝑖𝑖=1

 467 

Here, the horizontal bar denotes averaging over all spontaneous activity images and 𝜎𝜎𝒙𝒙 468 

denotes the standard deviation of activity over all images at location 𝑥𝑥33. 469 

 470 

Measurement of the cortical orientation map 471 

We calculated the preferred orientation 𝜃𝜃𝑘𝑘,𝑂𝑂𝑂𝑂 at cortical site 𝑘𝑘 from the angle between the center-of-472 

mass positions of ON/OFF RGCs. 473 

𝜃𝜃𝑘𝑘,𝑂𝑂𝑂𝑂 = arg�
∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝐹𝐹𝐹𝐹𝑖𝑖 𝑝𝑝𝑖𝑖𝑂𝑂𝑂𝑂𝑂𝑂

∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝐹𝐹𝐹𝐹𝑖𝑖
−
∑ 𝑤𝑤𝑗𝑗𝑗𝑗𝐹𝐹𝐹𝐹𝑗𝑗 𝑝𝑝𝑗𝑗𝑂𝑂𝑂𝑂

∑ 𝑤𝑤𝑗𝑗𝑗𝑗𝐹𝐹𝐹𝐹𝑗𝑗
�+

𝜋𝜋
2

 �adjusted onto �−
𝜋𝜋
2

,
𝜋𝜋
2�
� 474 

Then, we filtered the orientation preferences of cortical neurons using a 2D Gaussian filter of 475 

width 𝜎𝜎img, obtaining an orientation map image 𝑂𝑂𝑂𝑂(𝑥𝑥) where 𝑥𝑥 denotes pixel position. With the 476 

calculated orientation map and a given reference point 𝑠𝑠, we also computed an orientation similarity 477 

map as orientation preference similarity of all pixels 𝑥𝑥 to 𝑠𝑠, given by 478 

𝑂𝑂𝑂𝑂diff(𝑠𝑠, 𝑥𝑥) = |𝑂𝑂𝑂𝑂(𝑠𝑠)− 𝑂𝑂𝑂𝑂(𝑥𝑥)| �adjusted onto �0,
𝜋𝜋
2�
� 479 

→ 𝑂𝑂𝑂𝑂sim(𝑠𝑠, 𝑥𝑥) = 1 −
𝑂𝑂𝑂𝑂𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑠𝑠, 𝑥𝑥)

𝜋𝜋
2

 480 

 481 

Simulation in salt-and-pepper organization 482 

To show that patterned retinal waves can drive emergence of orientation-specific connections in salt-483 

and-pepper organization of rodent V1, we performed additional modeling and developmental 484 

simulations of cortical a horizontal network using a mouse-data RGC mosaic36. 485 

Following the notion of Jang et al. (2020)54, we modeled the rodent V1 by allocating sparse 486 

cortical sampling locations over the measured RGC mosaics of mouse12,54,55. Other than that, all the 487 

simulation settings were identical: the retinal waves were simulated over the RGC mosaic; the RGC-V1 488 

feedforward wiring was further updated by retinal waves; and the horizontal connections were assigned 489 
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and updated by retinal waves. For this model network, we only analyzed the orientation specificity of 490 

developed connections, because clustering index analysis and spontaneous activity simulation 491 

assumes the presence of a columnar orientation map. The simulation parameter details are provided in 492 

Table 1. 493 

 494 

Quantification and statistical analysis 495 

Trend of developed V1 horizontal connection weights with respect to orientation 496 

To assess how the newly developed V1 horizontal connections are related to the preferred orientations 497 

of the connected neurons, we first classified the weights of all nonzero horizontal connections into six 498 

groups according to the orientation difference between the connected neuron pairs, as described below. 499 

∆𝑂𝑂𝑂𝑂(𝑖𝑖, 𝑗𝑗) = �𝜃𝜃𝑖𝑖,𝑂𝑂𝑂𝑂 − 𝜃𝜃𝑗𝑗,𝑂𝑂𝑂𝑂� adjusted onto �0,
𝜋𝜋
2�

 500 

⎩
⎪
⎨

⎪
⎧ 0 ≤ ∆𝑂𝑂𝑂𝑂(𝑖𝑖, 𝑗𝑗) <

π
12

, 𝑤𝑤𝑖𝑖𝑖𝑖 ≠ 0 → 𝑤𝑤𝑖𝑖𝑖𝑖 ∈ 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 1
𝜋𝜋

12
≤ ∆𝑂𝑂𝑂𝑂(𝑖𝑖, 𝑗𝑗) <

2𝜋𝜋
12

, 𝑤𝑤𝑖𝑖𝑖𝑖 ≠ 0 → 𝑤𝑤𝑖𝑖𝑖𝑖 ∈ 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 2
…

5𝜋𝜋
12

≤ ∆𝑂𝑂𝑂𝑂(𝑖𝑖, 𝑗𝑗) <
𝜋𝜋
2

, 𝑤𝑤𝑖𝑖𝑖𝑖 ≠ 0 → 𝑤𝑤𝑖𝑖𝑖𝑖 ∈ 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 6

 501 

Then, we assessed the group trends using nonparametric Cuzick’s test for the trend of 502 

categorical data, under the null hypothesis that there was no trend across the groups. The p-value was 503 

calculated from the z-statistics given by the test. To rule out the effect of local connections, we did not 504 

consider connections between neurons within a distance of 200 µm (𝑖𝑖, 𝑗𝑗 such that �𝑝𝑝𝑖𝑖𝑉𝑉1 − 𝑝𝑝𝑗𝑗𝑉𝑉1� <505 

200𝑢𝑢𝑢𝑢) in our analysis. 506 

For the mouse V1 model, we conducted an additional test for comparison with the experimental 507 

results of Ko et al. (2014)37. First, every cell pair (including pairs with zero connection weights) was 508 

categorized into one of three groups according to their orientation difference. 509 

⎩
⎪
⎨

⎪
⎧ 0 ≤ ∆𝑂𝑂𝑂𝑂(𝑖𝑖, 𝑗𝑗) <

π
6

→ (𝑖𝑖, 𝑗𝑗) ∈ 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 1
𝜋𝜋
6
≤ ∆𝑂𝑂𝑂𝑂(𝑖𝑖, 𝑗𝑗) <

2𝜋𝜋
6

→ (𝑖𝑖, 𝑗𝑗) ∈ 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 2
2𝜋𝜋
6
≤ ∆𝑂𝑂𝑂𝑂(𝑖𝑖, 𝑗𝑗) <

3𝜋𝜋
6

→ (𝑖𝑖, 𝑗𝑗) ∈ 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 3

 510 

Then, we converted all the connection weight values to Boolean coupling relations by 511 

thresholding with 𝛩𝛩𝑤𝑤 = (1 − 10−5)𝑊𝑊limit
𝑉𝑉1 . From that, we tested the trend of connection probability (# 512 
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connected cell pairs in group / # cell pairs in group) across three groups using the Cochran-Armitage 513 

test for trend of categorical proportion, under the null hypothesis that there is no trend across the 514 

groups. The p-value was calculated from the z-statistics given by the test. 515 

 516 

Spatial clustering of developed V1 horizontal connections 517 

To quantify how much the developed cortical connections were spatially clustered in cortical domains, 518 

for a given V1 neuron, we selected 50% of the strongest-connected postsynaptic cortical locations. 519 

Then, for the selected locations, we sought to test whether the horizontal connection network was 520 

significantly clustered. Ruthazer et al. (1996)3 used Hopkins’ statistic with a sliding window to quantify 521 

clustering in the cell plots under the null hypothesis of spatial randomness 3. Here we summarize how 522 

we replicated their methodology. 523 

For a set of points in a given window, two basic measurements were done: (1) A 10% random 524 

subset was taken from the point set, and nearest neighbor distances from each member in the random 525 

subset to the whole set were measured (denoted 𝑤𝑤). (2) A set of random locations (with set size same 526 

as in the first measure) within the window was selected, and nearest neighbor distances from the 527 

random locations to the whole point set were measured (denoted 𝑥𝑥). For the given window, a Hopkin’s 528 

statistic was computed as ln �∑𝑥𝑥
2

∑𝑤𝑤2�. 529 

Given a V1 neuron and 50% strongest postsynaptic locations in the cortical space, we moved a 530 

circular sliding window of radius 2𝑑𝑑𝑂𝑂𝑂𝑂𝑂𝑂 and collected H-statistic values at each sliding window position. 531 

Then, we took the median value of the H-statistics over every window as the clustering index (CI) of the 532 

presynaptic neuron’s cortical connectivity. We excluded the surrounding region of radius 2𝑑𝑑𝑂𝑂𝑂𝑂𝑂𝑂 from 533 

our analysis to check only for clustering in the remote postsynaptic area, considering the shape of the 534 

long-range connections in the V1 layer 2/3 of higher mammals. 535 

For a developed V1 network, we obtained CI values from 50 randomly selected presynaptic 536 

neurons, following the above procedure. The same procedure was repeated for the initial random 537 

network and for the network developed from permuted retinal waves as well. Moreover, the significance 538 

of long-range clustering relative to the initial network was assessed using a two-sample t-test of CI 539 

values. 540 

 541 

Matching between the spontaneous activity correlation map and orientation map 542 

To quantify the alignment between the cortical activity correlation pattern and orientation map, for a 543 
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given reference point 𝑠𝑠, we measured Pearson’s correlation coefficient between the orientation 544 

similarity map 𝑂𝑂𝑂𝑂𝑠𝑠𝑠𝑠𝑠𝑠(𝑥𝑥) and activity correlation map 𝐶𝐶(𝑥𝑥) of reference 𝑠𝑠 (𝑥𝑥 denotes pixel locations). 545 

𝑟𝑟(𝑂𝑂𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠,𝐶𝐶) =
1
𝑁𝑁
�

�𝑂𝑂𝑂𝑂𝑠𝑠𝑠𝑠𝑠𝑠(𝑥𝑥) − 𝑂𝑂𝑂𝑂𝑠𝑠𝑠𝑠𝑠𝑠(𝑥𝑥)��������������𝐶𝐶(𝑥𝑥) − 𝐶𝐶(𝑥𝑥)�������
𝜎𝜎𝑂𝑂𝑂𝑂𝜎𝜎𝐶𝐶

𝑁𝑁

𝑥𝑥=1

 546 

Here, 𝑁𝑁 is the number of pixels. To test for statistical significance of the spatial correlation 547 

between the two maps, we made a control version of the correlation pattern 𝐶𝐶′(𝑥𝑥) by randomly rotating 548 

the original 𝐶𝐶(𝑥𝑥). Then, for the overlapping region 𝑥𝑥𝑜𝑜 of rotated 𝐶𝐶′ and original 𝑂𝑂𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠, 549 

𝑟𝑟�𝑂𝑂𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠(𝑥𝑥𝑜𝑜),𝐶𝐶(𝑥𝑥𝑜𝑜)� and 𝑟𝑟 �𝑂𝑂𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠(𝑥𝑥𝑜𝑜),𝐶𝐶 ′(𝑥𝑥𝑜𝑜)� were measured. The same analysis was done 100 550 

times with different control maps, and the values of 𝑟𝑟(𝑂𝑂𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠,𝐶𝐶) and 𝑟𝑟 �𝑂𝑂𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠,𝐶𝐶 ′� were compared by 551 

paired t-test to generate p-value. 552 

The above procedure assesses the significance of the correlation map and orientation map 553 

matching given a single, selected reference point. To test the global coherence of activity-orientation 554 

matching as well, we obtained 𝑟𝑟(𝑂𝑂𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠,𝐶𝐶) values from all locations of the V1 neurons as reference 555 

points and tested for significance using a two-sided t-test. 556 

 557 

Data and code availability 558 

All the data supporting the findings of this study, model simulations, and data analysis codes are 559 

available on GitHub (https://github.com/jw9730/vsnn-retinal-wave). 560 

 561 

Key resources table 562 

REAGENT or RESOURCE SOURCE IDENTIFIER 

Software and Algorithms 

MATLAB 2018a MathWorks RRID:SCR_001622 

  563 
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Figures 693 

 694 

Figure 1. Tuning-specific horizontal connections in V1 can be developed by retinal waves 695 

a. Orientation map in normal V1. Scale bar, 500 µm. b. Distribution of horizontal connections over the 696 

cortical space of (a), and its density in respect to orientation difference. Scale bar, 500 µm. c. (Left) 697 

Orientation map in rewired A1. (Middle) Distribution of horizontal connections in normal A1 and in 698 

rewired A1 showing that retinal afferent input induces the development of LHC-like long-range 699 

connections. Scale bar, 500 µm. (Right) Cluster index of horizontal connections. d. Illustration of the 700 

developmental model of orientation-specific connectivity by retinal waves. Following the statistical 701 

wiring model, local ON/OFF dipoles in an RGC mosaic are retinotopically wired to the V1, seeding 702 

cortical neuron anisotropic receptive fields and orientation tuning. The V1 contains a fully connected 703 

horizontal connection network, initialized with random synaptic strength. As a propagating retinal wave 704 

over the retinal mosaic co-activates cortical neurons  705 
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 706 

Figure 2. Development of long-range horizontal connections in V1 coincides with stage III retinal 707 

waves. 708 

A developmental timeline illustrates a coincidence between the emergence of LHCs and the 709 

spontaneous stage III retinal waves. A retino-cortical pathway is already developing at P10 when 710 

geniculo-cortical afferents reach layer 456, and stage III retinal waves are observed from P10 until eye 711 

opening (P30)22. This suggests that V1 neurons can be activated by these waves from P10. Note that 712 

clusters of LHCs are observed, regardless of binocular enucleation at P213, implying that orientation-713 

specific LHCs can start emerging before then (Orange shaded area).  714 
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 715 

Figure 3. Orientation-specific horizontal connections develop by retinal waves 716 

a. A simplified model of cross-inhibitory circuitry57 engaged during retinal waves. b. Simplified network 717 

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted March 18, 2020. ; https://doi.org/10.1101/2020.03.18.997015doi: bioRxiv preprint 

https://doi.org/10.1101/2020.03.18.997015


29 

 

model that simulates the cross-inhibitory behavior of amacrine cells and an illustration of waveform 718 

formation and propagation on overlaid hexagonal lattices of ON/OFF RGC and AC. c. The wave model 719 

was simulated using data RGC mosaics measured in cats50 and monkeys30. Scale bar, 100 μm. d. A 720 

simulated example of propagating retinal wave for a 3s period. Separation of ON/OFF activation 721 

regions is achieved by cross-inhibition by AC. e. (Left and Middle) The statistical wiring model in which 722 

orientation tuning is determined by retinal mosaics. (Right) Iso-orientation domains were indicated as 723 

yellow shaded area. f. Layout of the initial horizontal connections in V1. g. Simulation of the 724 

developmental model of orientation-specific connectivity by retinal waves. As propagating retinal waves 725 

provide a correlated activation of cortical neurons with aligned ON/OFF receptive fields, horizontal 726 

connections between neurons with the same orientation preference are selectively enforced by the 727 

Hebbian learning rule. h. Layout of the V1 horizontal connections developed by retina waves.  728 
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 729 

Figure 4. Organization of LHCs constrained by the structure of retinal afferents 730 

a. Analysis of horizontal connection strengths in the initial random LHCs (Left), LHCs developed by 731 

retinal waves (Middle), and LHCs developed by random activity (Right). For each network, the locations 732 

of the top 10% of the strongest postsynaptic connections for a presynaptic location are shown over the 733 

orientation difference map. b. The connection strength (weight) for each pair of neurons was shown as 734 

a matrix. Cell indices were sorted by their preferred orientation. Shaded area indicates standard 735 

deviation. c. Orientation-specific LHCs developed by the model. Average connection strength was 736 

plotted as a function of orientation difference. d. Postsynaptic clustering in developing pre-EO ferret3 V1 737 

and clustering in model V1 network developed from retinal mosaics in a cat and a monkey. Error bars 738 

indicate standard deviation. e. Repeated analysis for random initial connections. f. Correlation among 739 

connection strength matrices across different initial conditions (N = 5).  740 
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 741 

Figure 5. Orientation-specific connectivity developed by retinal waves can underlie correlated activity in 742 
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early V1 743 

a. Spontaneous events in early ferret V1 has an underlying correlation over cortical space. Z-scored 744 

images of spontaneous events observed in ferret V1 before eye-opening. Colored points indicate 745 

cortical locations of interest (orange: reference, red/blue: points to be compared with reference). b. 746 

Sample cortical activity correlations with respect to the reference point. Cortical activity at the red point 747 

has a higher correlation to the reference than the blue point does. c. Activity correlation map underlying 748 

early V1. Pearson correlation over the entire cortical space to the reference point is computed using 749 

complete activity images. d. Activity correlation map matched to orientation map in ferret V1. Left, 750 

Activity correlation map. The orange line denotes zero-correlation contour. Middle, Measured 751 

orientation map. The dark line denotes iso-orientation domain contours. Right, Alignment between 752 

positively correlated cortical regions and iso-orientation domains for a given reference point. e. Activity 753 

correlation map matched to orientation map in model V1 developed by retinal mosaic in cats50 and 754 

monkeys30. f. Correlation between activity correlation map and orientation similarity map in the data and 755 

model, as tested using Pearson correlation for a given reference point. Tested map pairs in (e). g. 756 

Correlation between activity correlation map and orientation similarity map in data and model tested for 757 

entire reference points (data: n=8, cat model: n=367, monkey model: n=318). Data adopted from Smith 758 

et al. 201833.  759 
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  760 

Figure 6. Retinal waves can drive the emergence of orientation-specific cortical connections in rodent 761 

V1 762 

a. Orientation specific microcircuits observed in mouse V1 of salt-and-pepper organization of 763 

orientation tuning45. b. Emergence of orientation-specific horizontal connections by retinal waves in salt-764 

and-pepper organization simulated with mouse retinal mosaics36. The model predicts that orientation-765 

specific connections develop, regardless of spatial distribution of orientation preference in V1. c. 766 

Orientation-specific microcircuits developed by a simple orientation-correlated activation model. 767 

Shaded area indicates standard deviation. d. Developmental timeline of mouse V1 horizontal 768 

microcircuits. Orientation-specific horizontal microcircuits emerge when the retinal wave is present and 769 

the retino-cortical pathway has developed. e. Orientation specific connection developed in model 770 

mouse V1 and data37. In both model and data, the orientation specific microcircuit is observed even if 771 

no visual experience is given during development. Data adapted from Ko et al. (2014)37.   772 
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Parameters Letter Value 
Retinal wave 
Retinal wave evolution time step ∆𝑡𝑡 100ms 

ON RGC dendritic radius 𝑅𝑅𝑂𝑂𝑂𝑂 400um 

AC dendritic radius 𝑅𝑅𝐴𝐴𝐴𝐴 40um 

ON RGC bursting threshold 𝛩𝛩𝑂𝑂𝑂𝑂 14 unit 

AII AC activation threshold 𝛩𝛩𝐴𝐴𝐴𝐴 0.5 unit 

OFF RGC inhibition threshold 𝛩𝛩𝑂𝑂𝑂𝑂𝑂𝑂 -0.2 unit 

Wave filtering width 𝜎𝜎𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 0.85𝑑𝑑𝑂𝑂𝑂𝑂𝑂𝑂  

RGC-V1 learning 
Spatial decay parameter of RGC to V1 connection 𝑑𝑑𝐹𝐹𝐹𝐹 18um (Cat mosaics) 

24um (Monkey mosaics) 
18um (Mouse mosaics) 

Initial weight of RGC to V1 connection 𝑊𝑊init
𝐹𝐹𝐹𝐹  0.05 

Nonlinearity of V1 sigmoidal response curve 𝛩𝛩𝑉𝑉1 0.5 

Nonlinearity of V1 sigmoidal response curve 𝛿𝛿𝑉𝑉1 0.15 

Time constant of firing rate average 𝜏𝜏𝐹𝐹𝐹𝐹 15 learning steps 

Learning rate in Hebbian learning 𝜖𝜖𝐹𝐹𝐹𝐹 0.005 

Learning epochs - 15 epochs 

Resource limit of single connection 𝑊𝑊limit
𝐹𝐹𝐹𝐹  0.14 

Image filter size 𝜎𝜎img 36um (Cat mosaics) 
56um (Monkey mosaics) 

V1 horizontal connection network learning 
Initial weight of V1 horizontal connection 𝑊𝑊init

𝑉𝑉1  0.01 

Time constant of firing rate average 𝜏𝜏𝑉𝑉1 10 learning steps 

Learning rate in Hebbian learning 𝜖𝜖𝑉𝑉1 2 × 10-7 (Cat / Monkey models) 
2 × 10-5 (Mouse model) 

Learning epochs - 30 epochs (Cat / Monkey models) 
10 epochs (Mouse model) 

Resource limit of single connection 𝑊𝑊limit
𝑉𝑉1  5 × 10-4 

V1 spontaneous activity 
Normalization weight of V1 horizontal connection 𝑊𝑊final

𝑉𝑉1  3 

Amplitude of local random stimulus 𝐼𝐼local 10 

Spatial scale of local random stimulus 𝜎𝜎local 20um 

Amplitude of background noise stimulus 𝐼𝐼background 0.01 

Spatial scale of background noise stimulus 𝜎𝜎background 30um 

 773 

Table 1. Parameters used in model simulation   774 
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Supplementary information 775 

Videos 776 

Supplementary Video 1. Sample retinal wave simulated on an extended mosaic of cats from Zhan et 777 

al. (2000)50. 778 

 779 

Supplementary Video 2. Change of activity correlation pattern as reference point slides over cortical 780 

space. Simulation based on cell body mosaics in cats from Zhan et al. (2000)50. 781 

 782 

Supplementary Video 3. Change of activity correlation pattern as reference point slides over cortical 783 

space. Simulation based on cell body mosaics in monkeys from Gauthier et al. (2009)50. 784 
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