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Abstract: Our brains process information using a layered hierarchical network architecture, with
abundant connections within each layer and sparse long-range connections between layers. As
these long-range connections are mostly unchanged after development, each layer has to locally
self-organize in response to new inputs to enable information routing between the sparse in- and
output connections. Here we demonstrate that this can be achieved by a well-established model of
cortical self-organization based on a well-orchestrated interplay between several plasticity processes.
After this self-organization, stimuli conveyed by sparse inputs can be rapidly read out from a layer
using only very few long-range connections. To achieve this information routing, the neurons that
are stimulated form feed-forward projections into the unstimulated parts of the same layer and get
more neurons to represent the stimulus. Hereby, the plasticity processes ensure that each neuron only
receives projections from and responds to only one stimulus such that the network is partitioned into
parts with different preferred stimuli. Along this line, we show that the relation between the network
activity and connectivity self-organizes to a biologically plausible regime. Finally, we argue how the
emerging connectivity may minimize the metabolic cost for maintaining a network structure under
the above described constraints.
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1. Introduction

The brain’s visual system continuously transmits perceived information along a hier-
archical topology. At each layer of this topology, predominantly short-range connections
form a recurrent neuronal network while long-range connections convey inputs from the
previous layer and send outputs to the subsequent layer. Hereby, the long-range connec-
tions are sparse, meaning that a neuron in one layer has a rather low probability to be
connected to a neuron in the subsequent (target) layer. Sparsity across layers leads directly
to the problem of routing the information from an input neuron via the recurrent network
of the layer to a specific output neuron.

The foundation of the brain’s topology is determined during development and the
coarse of the morphology of axons and dendrites remains rather rigid afterwards [1].
The chemoaffinity hypothesis formulates that during development gradients of chemical
signals [2] being sensed by axonal surface molecules [3,4] guide the axons towards their
destination area. Hereby the molecular composition defines a "molecular code" to specify
the target neuron. However, the low number of guidance molecules [5] and the stochastic
of the involved processes [6] impede the clearness of the code. By contrast, anatomical
studies imply a rather unspecific assignment of neurons [7–9]. Hence, in the worst case,
which we consider in this study, the sparse in- and output connections of a layer could be
unstructured and assigned randomly to different neurons.

After the initial developmental phase, the brain also has the ability to adapt to sen-
sory experiences. For this, neuronal networks modify the properties of their neurons and
synapses by means of local activity-dependent plasticity processes. Most prominently,
synaptic plasticity adapts the transmission efficacy –or weights– of the established con-
nections or synapses [10–17]. On the other hand, homeostatic processes such as synaptic
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Figure 1. Self-organization of recurrent networks allows for efficient information transmission by sparse fixed in- and
output-projections (A) Situation considered in this study: (Sensory) information is processed in a hierarchy of recurrent
networks. Connections between layer of the hierarchy are costly, such that each layer receives sparse input and transmits
outputs only from a subset of its cells via long-range output projections. As those require long-range axons, they are fixed
and cannot be reorganized in response to stimulation. (B) Accuracy of a perceptron classifying the presented stimulus
from the activity of a random sub-set of neurons in the self-organizing network. Different colors indicate training time (0 s
for network without self-organization). Dashed lines indicate the minimum number of samples needed to achieve 95%
classification accuracy. Initially around 100 neurons are needed but after around 100 s of self-organization, 10-15 neurons
are sufficient to decode the stimulus identity. Transparent regions mark standard deviations of classification accuracy for a
stratified 5-fold cross-validation and 6 different choices of readout connections. (C) Number of long-range connections
needed to achieve at least 95% classification accuracy at different training times. Perceptron classifier (black curve) and
non-neuronal classifiers such as 3-nearest-neighbor (light grey) or a (linear) support-vector machine (dark grey) arrive at
similar results. Data points are mean and standard deviation of the last number of connections with more than 95% accuracy
from 40 decreasing sequences.

scaling [16,18,19] and intrinsic plasticity [20,21] regulate synaptic weights and the excitabil-
ity of neurons, respectively, such that the neuronal activity remains within a desired regime.
A series of theoretical studies shows that the interplay of these processes leads to the
self-organized formation of memory representations of observed input stimuli [19,22] and
their correlations [23,24], while matching and explaining the experimentally observed
connectivity on the microcircuit level [25,26]. These studies focused predominantly on
investigating the neuronal and synaptic dynamics within the recurrent network forming
one hierarchical layer neglecting its embedding in the hierarchical topology discussed
before.

In this study, we investigate whether the interplay of activity-dependent plasticity
mechanisms self-organizes a recurrent neuronal network to support the decoding of input
stimuli by subsequent network layers on the condition that all connections are sparse,
random and their source and target neurons are predetermined. Utilizing a mathematical
neuronal network model of the visual cortex [23] matching a multitude of experimental
data [25,26], in the first step, we show that the self-organizing principles lead to an optimal
decoding performance despite sparse, random read-out connections. In the second step,
we identify the effect of the self-organization on the neuronal activity and the information
storage of each neuron in the recurrent network resulting in the decoding performance.
Moreover, we investigate the underlying adaptation of the synaptic weight structure and
compare it to experimental data. Finally, we provide an analysis suggesting that the
resulting network architecture could be designed for low metabolic maintenance costs.

2. Methods and Materials1

2.1. Model network2

Simulations are implemented in the Brian 2 simulator platform [27] and follow imple-3

mentations of self-organizing spiking networks from earlier work [25,28].4
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The self-organizing recurrent network model (Fig. 1A) consists of a population of5

nE = 1000 excitatory neurons with absolute refractory periods of τrefrac
E = 10 ms and6

nI = 200 inhibitory neurons with absolute refractory periods of τrefrac
I = 2 ms.7

We recurrently connect the excitatory neurons (without self-connections) and intercon-8

nect the inhibitory and excitatory pool (in both directions) with random sparse connections9

with probability pconnect = 0.04. Recurrent inhibitory connections are neglected. Recurrent10

excitatory connections are given an initial strength of w = 0.5 nS, and all other connections11

are given an initial strength of w = 1.0 nS.12

2.1.1. Neuron model13

We use conductance-based leaky integrate-and-fire neurons, with membrane voltages
evolving according to:

dvj

dt
=

gleak
(
vrest − vj

)
+ gampa,j

(
vampa − vj

)
+ ggaba,j

(
vgaba − vj

)
cmembrane

+
σnoiseξ√
τmembrane

, (1)

and synaptic conductances evolving according to

dgampa,j

dt
= −

gampa,j

τampa
and

dggaba,j

dt
= −

ggaba,j

τgaba
. (2)

Here, vj is the membrane voltage of neuron j, gleak is the leak conductance, vrest is the14

resting potential, cmembrane is the membrane capacitance, τx is the time constant for feature15

x, g[ampa, gaba],j is the conductance for each neurotransmitter type, v[ampa, gaba] is the reversal16

potential for each neurotransmitter type. ξ is an Ornstein-Uhlenbeck noise generator, and17

σnoise is the noise variance. Please refer to Table 1 for the chosen parameter values.18

2.1.2. Intrinsic plasticity19

The firing threshold of neuron j, vj
threshold, is adaptive and follows:

dvj
threshold

dt
= −η

ip
decay (3)

with adaptation rate η
ip
decay. When vj > vj

threshold, we reset the potential vj ← vrest and20

set vj
threshold ← vj

threshold + η
ip
spike, gampa,i ← gampa,i + wij and ggaba,i ← ggaba,i − wij. Here,21

η
ip
spike is the adaptation increment for the intrinsic firing threshold plasticity, and wij is the22

strength of the synaptic connection from presynaptic neuron i to postsynaptic neuron j.23

2.1.3. Synaptic plasticity and normalisation24

The synaptic weights wij between two excitatory neurons are modified by spike25

timing-dependent plasticity (STDP) [14,15,29,30], which changes them according to the26

temporal difference between adjecent pre- and postsynaptic spikes ∆t:27

∆wij =


A+ exp (−∆t/τ+) ∆t > 0,
A− exp (∆t/τ−) ∆t < 0,
0 ∆t = 0.

(4)

Here, A+/− is the plasticity amplitude, τ+/− is the decay time constant, and + and −28

signify potentiation and depression, respectively.29

After each STDP-induced weight change, we also implement a biologically inspired30

synaptic normalization mechanism [18,31,32] modeled by31
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Wi ← Wi
Wtotal
||Wi||1

(5)

where Wi is the vector of incoming weights to neuron i, ||Wi||1 its L1-norm, and Wtotal32

the target value for the total incoming weight.33

Table 1. Simulation parameter values

parameter value parameter value

gleak 30 nS vrest -70 mV

cmembrane 300 pF τmembrane 20 ms

τampa 2 ms τgaba 5 ms

eampa 0 mV egaba -85 mV

η
ip
decay 0.2 mV/second η

ip
spike 0.066 mV

σnoise 1 mV τnoise 20 ms

A+ 0.05 nS A− 0.05 nS

τ+ 20 ms τ− 20 ms

Wtotal 50 nS

2.2. Training and testing paradigm34

Our goal is to study how network self-organization shapes the transmission of infor-35

mation conveyed by stimuli. To this end we simulate the self-organisation of a recurrent36

network which is exposed to five different stimuli for varying durations and then assess37

the network properties. All simulations are conducted in four phases:38

1. Warm-up: The network is simulated without input for a period of 50 seconds to allow39

all dynamical variables to converge to an equilibrium distribution.40

2. Training: In the following, five non-overlapping stimulation groups of 40 excitatory41

neurons are driven through strong connections (20 nS) from a group-specific Poisson42

spike source firing at 50Hz when activated. Every 200 ms another source is activated43

for 100 ms.44

3. Relaxation: Afterwards, plasticity and inputs are turned off and the homeostatic45

mechanisms are allowed to re-equilibrate for 50 seconds.46

4. Testing: The network is presented with recall cues which consist of one precisely47

timed input spike to all neurons in one stimulation-group conveyed through a strong48

(20 nS) connection. To allow for sufficient network relaxation, there is only one recall49

stimulus every 500 ms for 100 s.50

To assess the influence of the training phase duration, we conduct new simulations51

with the respective training phase duration every time.52

2.3. Evaluation measures53

2.3.1. Classification accuracy54

To assess the decodability of stimulus information from the activities of the self-55

organizing recurrent network, we use standard classification algorithms which are not56

necessarily neuronally implemented. Hence, our focus lies on the question if information57

can be decoded by a subsequent network rather than how this is achieved by a neuronal58

system. The latter question is subject to intensive research and out of the scope for this59

study.60

As the most biologically inspired algorithm, we employ a perceptron classifier using61

the implementation from the scikitlearn- framework [33]. This algorithm uses a single62
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readout neuron for each stimulus-class, which is trained to display high activity when the63

respective stimulus has been presented and low activity for all others. The prediction of64

the classifier amounts to the stimulus corresponding to the readout neuron with maximal65

activity (one-vs-all multi-class classification).66

As a comparison we also use well-established machine learning algorithms: a support67

vector machine with linear kernels and a k-nearest neighbor classifier (with k=3), both also68

using the standardized implementation from the scikitlearn-framework.69

To determine, if a certain number of long-range projections allows sufficient decoding,70

we repeatedly randomly select the given number of neurons, and train the above classifiers71

on their immediate spiking response to different stimuli (2.5ms in 0.5ms bins). To estimate72

the classification accuracy, we use only 80% of the responses for training and test the73

prediction on the remaining 20%. This process is repeated 5 times using a stratified cross-74

validation strategy.75

2.3.2. Mutual information76

As a model free measure of the information that the activity of each single neuron
carries about the stimulus we use mutual information. Specifically, we calculate the mutual
information between single neuron responses (spike or no spike) and the stimulus by
subtracting the stimulus conditioned entropy of the responses from the unconditioned
entropy of the responses

MI(response, stimulus) = H(response)− H(response|stimulus).

To determine theses entropies, we use the probability pi that a neuron fires within the first
2.5ms after presentation of stimulus i ∈ {A, B, C, D, E}:

MI(response, stimulus) = H2

1
5 ∑

i∈{A,B,C,D,E}
pi

− ∑
i∈{A,B,C,D,E}

H2(pi)

where H2(p) = −p · log2(p)− (1− p) · log2(1− p). Note that, as the neurons response77

is binary (as time is not taken into account), this mutual information is maximally 1 bit.78

However, if the cell only responds to one stimulus, but with 100% probability, the value79

would be −0.2log2(0.2)− 0 = 0.46 bit, assuming the stimuli occur equally often.80

2.3.3. Decoding accuracy depending on response probabilities81

We consider the situation where neurons respond to one preferred stimulus with
probability pon and to all other stimuli with po f f . We assume that our decoder receives
input from an equal number ncon of neurons tuned to each of the nstim stimuli and the
firing of these neurons is independent. In that case, the probability that the neurons tuned
to the presented stimulus fire more than any other group of neurons is:

Pdecode(pon, po f f ) =
ncon

∑
k=1

(
ncon

k

)
pk

on(1− pon)
ncon−k

(
k−1

∑
k̃=0

(
ncon

k̃

)
pk

o f f (1− po f f )
ncon−k

)nstim−1

For a given number of stimuli, we evaluated these probabilities for all combinations of pon82

and po f f and obtained the 95% isolines for a varying number of connections per stimulus83

ncon. The number of necessary long-range connections is determined as nstim · ncon. In Fig.84

2F the resulting isolines are shown for five stimuli corresponding to the situation in the85

simulations.86

2.3.4. Correlation dependent densities87

To assess whether network self-organization entails strong connectivity between cor-88

related neurons as observed in [34], we perform a similar analysis as in these experiments:89

For each existing synapse, we determined the correlation of a pre- and postsynaptic neuron90
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pair using the Pearson correlation coefficient of the stimulus responses of the respective91

neurons. Hereby, we restricted the responses for each trial to the first 2.5ms after the stimu-92

lus presentation. We then sorted the synapses according to these correlation coefficients93

and evaluated the cumulative sum of synaptic weights as well as the number of synapses94

for increasing correlations, similar to the analysis conducted in [34].95

2.4. Number of long-range connections needed to decode partly tuned networks96

We consider a network where a fraction f of the neurons are tuned to one of nstim
stimuli and respond to it with pon = 1 while not responding to other stimuli. The remaining
fraction 1− f of neurons is untuned. We further assume that the preferred stimuli are
randomly chosen from the nstim stimuli and every stimulus occurs with equal probability
f /nstim. The stimulus identity can be reliably read out from the network, if at least nstim − 1
differently tuned neurons can be identified by the read outs. We determine the probability
to observe at least nstim − 1 differently tuned neurons after k draws following [35]:

p(k) =
k

∑
l=0

(
k
l

)
f k−l(1− f )l

nstim

∑
m=1

min(nstim−m,1)

∑
s=0

(
nstim

m

)
(−1)nstim−m−s(nstim−m)s

(
m

nstim

)k−l

.97

To determine the minimal number of needed long-range connections to decode all98

stimuli with 95% certainty, we steadily increase the number of draws k until p(k) > 0.95.99

An analytic approximation of the number of needed long-range connections can be found100

in the appendix.101

3. Results102

3.1. Self-organization improves stimulus decoding through sparse readouts103

We investigate the stimulation, self-organization and readout of a self-organizing104

recurrent network (SORN) comprising 1200 conductance-based leaky integrate-and-fire105

neurons equipped with intrinsic plasticity, spike-timing-dependent plasticity and synaptic106

normalisation [23,25].107

The network is presented with five stimuli, which are modelled by increased rates in108

one of five input populations, whose activity is conveyed to the network by sparse input109

connections. The network is then allowed to self-organize in response to these stimuli for a110

specified training time.111

We then test, whether the stimulus can be identified from a sparse readout that only112

sees the activity of a small subset of neurons in the recurrent network (Fig. 1A). For this,113

we track the spiking activity relative to the stimulus presentation time and try to decode114

the stimulus from a sub-set of the recorded neuron activities using multiple classifiers. To115

this end, we repeatedly select a subset of neurons and divide their responses into a training116

set, on which a decoder is trained, and a test set on which its classification accuracy is117

evaluated. At the beginning of the training the decoding accuracy rises only slowly with118

the number of neurons and a good accuracy above 95% is only reached with around 100119

neurons (Fig. 1B and C). After around 100s of training the accuracy rises much faster such120

that only 10-15 neurons are needed to decode the stimulus with high accuracy (Fig. 1B).121

This result is preserved when other classifiers are used (Fig. 1C).122

Thus, we conclude that self-organization improves the readout of stimulus information123

by sparse randomly distributed long-range connections to other layers or brain areas.124

3.2. Self-organization distributes information by tuning all neurons to a single stimulus.125

In the next step, we aim to identify the features of self-organized neuronal code in126

the recurrent network that allows for the above described improved decoding. Most127

prominently, we find that, after a short training interval, also the cells that receive no128

stimulation exhibit a rapid response, mostly to one of the stimuli (Fig. 2A). However,129

as the actual time of the spike is slightly jittered from trial to trial (Fig. 2A), we also130

tracked the cumulative probability that a cell spikes within the first 2.5ms after the stimulus131
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Figure 2. Self-organization tunes all neurons reliably to a single stimulus allowing for readout with less connections. (A) Stimulus
triggered responses (spike rasters for 10 trials and mean response) to the five possible stimuli for three (unstimulated) cells (colors)
after 48 s of training. At this stage, clear preferences for single stimuli are visible. (B) Spiking probability withing the fist 2.5 ms after
the stimulus for the three example cells. If the probability for a stimulus exceeds the threshold (dashed line), the cell is considered to be
tuned to that stimulus. (C) Distributions of mutual information between stimulus and single neuron activity (up to 2.5 ms after the
stimulus) at different training times. (color coded as in Fig. 1B). (D) Distribution of the mutual information for neurons that respond
to the same number of stimuli (with more than 20% probability) indicated on the x-axis. Neurons responding to one or two stimuli
convey maximal information. Color code for number of tunings as in panel E. (E) Evolution of the the fraction of neurons that responds
to n=0,1,2,3 or 4 stimuli. (F) Response probabilities for preferred stimulus (pon, x-axis) and all other stimuli (po f f , y-axis) determine the
number of readout connections needed to decode the stimulus. Blue curves mark the boundary between combinations of response
probabilities for which the stimulus can be decoded from the indicated number of neurons per stimulus with a 95% accuracy. Colored
dots mark the mean response probabilities observed in simulations. Color code as in Fig. 1B. (G) Fraction of neurons responsive to
n-stimuli depending on the response threshold at different times during network training (indicated in title). Color code for number of
tunings as in panel E. After training most neurons respond to a single stimulus.

presentation. As expected from the spike-rasters, these distribution exhibit clear peaks for132

one of the stimuli and only small probabilities to fire for one of the other stimuli (Fig. 2B).133

We then set a threshold for the stimulus-dependent firing probability (20%, dashed134

line in Fig. 2B) above which a cell is considered as tuned to the respective stimulus and135

evaluated how many cells are tuned to one, two or more stimuli at different training times.136

While initially most cells are tuned to no stimulus (Fig. 2E, blue curve) and only the 200137

cells that are stimulated are tuned to one stimulus (orange curve), the number of cells that138

are tuned to no stimulus decreases continuously over the first 100 s of training, such that at139

the end, every cell responds to external stimuli. Interestingly, nearly all of the cells become140

tuned to only one of the stimuli (orange curve), while double or triple tunings remain141

sparse (green/ red curves).142

We wondered how this strong preference for one of the stimuli influences the infor-143

mation that the activity of a single cell carries about the stimulus. Thus, we evaluated144

the mutual information between the stimulus and the activity of individual cells and145

tracked the distribution of this mutual information over time (Fig. 2C; thickness of the146

shape signifies the relative frequency of mutual information value indicated at y-axis at the147

training time indicated at the x-axis). Initially the activity of only a few cells – presumably148

the stimulated ones – carries information about the stimulus, while the activity of all other149

cells is uninformative. As the number of cells that are tuned to at least one stimulus rises,150

the probability mass shifts towards higher mutual information values until ultimately the151

activity of each individual cell carries around 0.5 bit of information about the stimulus152

(training times larger than 96s). Note, while in principle the spiking probability could153

carry up to 1 bit of information, a perfectly tuned cell responding to one stimulus with154

100% probability and remaining silent for the rest of the stimuli has a mutual information155

value of 0.46 bit. This indicates that self-organization does not necessarily lead to a optimal156

representation of information in the spiking activity, but to one that can be easily read157
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out (see below). Yet, when the mutual information distributions are calculated separately158

for cells that are tuned to different numbers of stimuli (Fig. 2D), we find that cells with a159

tuning for one stimulus actually yield slightly higher information content than cells with160

multiple tunings. Hence, for the network we consider here, the final state with a single161

tuning for each cell might be the best choice.162

The number of tunings, however, could strongly depend on the threshold for the firing163

probability that is used. Therefore, we varied the threshold for tuning and evaluated the164

fraction of tuned cells at different training durations (indicated in panel title, Fig. 2G). The165

tendency to acquire a single tuning (orange) is observed over a large range of thresholds.166

Tunings to two or more stimuli are mostly observed for very small thresholds during the167

beginning of training (Fig. 2G). At very high thresholds, the number of untuned neurons168

(blue) first shrinks and then rises again, which can be attributed to intrinsic plasticity169

which prevents the neurons from being overly active and responding to each stimulus170

presentation with 100% probability.171

3.3. Decodability improves through increasing the response to preferred stimulus172

In summary, the above results indicate that the majority of neurons in the network173

responds to a single stimulus, but with a probability below 1. We use this simplified view to174

gain an analytical insight, how many long-range connections would be needed to read out175

from such a trained network and decode the stimulus with a given accuracy. For this we176

consider the situation, where each neuron is tuned to one preferred stimulus and responds177

to it with probability pon, whereas it responds to all other stimuli with probability po f f .178

For a given number of long-range connections per stimulus, we can then calculate which179

combinations of pon and po f f would allow us to discern the correct stimulus in 95% of the180

cases (by choosing the population with the maximal activity). In general, the higher the181

response probability to the preferred stimulus, the higher also the response probability182

for the other stimuli can be (Fig. 2F, blue curves with number of long-range connections183

indicated). Using less connections however, will require higher response probabilities to184

the preferred stimulus or smaller ones to the not preferred stimulus. We then determined185

the average of these response probabilities for our simulated network in different training186

stages. The self-organization initially increases the average response probability to the187

preferred, but also to the not preferred stimuli (Fig. 2F, square markers, color indicates188

training time). Later on, the response to the non-preferred stimuli is decreased again, most189

likely due to the homeostatic mechanisms that prevent excessive firing. Comparing the190

time-course of the response probabilities to the curves indicating the number of connections191

necessary for decoding reveals that self-organization transforms the network from a state192

where around 20 long-rage connections would be needed per stimulus, to a point where193

only one or two connections are necessary for a reliable readout, mainly by increasing the194

response probability to the preferred stimulus.195

3.4. Tuning spreads due to strong feed-forward connections196

The phenomenon that most cells tune to a single stimulus can be explained by the197

self-organisation mechanisms in our network: The intrinsic plasticity mechanism adapts198

the firing threshold of the unstimulated cells to prevent them from being inactive. Hence,199

they eventually become very sensitive and can be triggered via random connections by the200

stimulated cells. The resulting correlated firing leads to a strengthening of those connections201

by STDP. As stronger weights also induce more correlated firing, this constitutes a positive202

feedback loop. However, synaptic normalisation also introduces competition between203

input weights to a cell and, hence, a winner-take-all mechanism that ultimately only allows204

strong weights from the stimulated cells of a single stimulus.205

Evidence for this mechanism can be found in the time evolution of histograms of206

different weight types in our network (Fig. 3A,C). First of all, neurons that receive the same207

stimulus exhibit correlated firing, such that the weights between them (intra-stimulus, red)208

are continuously growing. However, also the weights that project from the stimulated209
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Figure 3. Self-organization of connectivity during training (A) Connection-types emerging from the stimulation paradigm: We
differentiate between intra-stimulus connections (red) between neurons stimulated by the the same input-group and inter-stimulus
connections (green) between cells stimulated by different inputs. Furthermore there are connections from stimulated cells to the
unstimulated cells (brown), between unstimulated cells (grey) and from the unstimulated to stimulated cells (magenta). (B, top) Ex-
citatory synaptic weight matrix after 512 s training. Note the recurrent connection blocks between the stimulated neurons (0-199)
and the feed-forward projections to the unstimulated neurons. Color code as defined in panel A. (B, bottom) Weight matrix with
neurons resorted according to the stimulated neuron group from which they receive the maximum input and the size of that weight.
(C) Histogram of the synaptic weights of the different connection types. Connections within and from stimulated groups form stronger
weights. Also weights between unstimulated neurons increase. (D) Cumulative distribution of synaptic connections (blue) and
synaptic weight (black) with connections sorted according to the correlation between pre- and postsynaptic signals. Similar as in
experimental results from visual cortex (compare [36]), large fractions of the total synaptic weight stem from synapses between neuron
pairs with high signal correlation. (E) Pairwise histogram of the mean incoming weights from the stimulated neuron groups receiving
stimuli A and B for the same neuron. Neurons with large weights from one stimulated group do not have large weights from the other
stimulated group. (F) Schematic drawing of the connectivity resulting by training. The network is partitioned in strongly connected
sub-networks for each of the presented stimuli.

neurons to the unstimulated neurons (brown) grow at the same pace. The weights that210

project back to the stimulated neurons, however, remain weak that could arise from the211

asymmetric nature of the STDP rule, which senses that the stimulated neurons trigger212

the firing in the unstimulated ones, but not vice versa. Weights between unstimulated213

neurons also grow, although a bit less than those from stimulated neurons. Finally, firing214

between neurons that receive different stimuli are uncorrelated and the weights between215

them remain low (inter-stimulus, green).216

As a consequence, after training, we observe strong recurrent connections between217

the neurons receiving the same stimulus (Fig. 3B top, indices 0-199, five groups with 40218

neurons). Moreover, we observe strong connections from these neurons to the rest of the219

network (upper right block), but not back (lower left block) or between the unstimulated220

neurons (lower right block). When the neuron indices are rearranged according to the221
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stimulated group from which they receive the strongest cumulative input weight and222

the size of that weight (Fig. 3B bottom), the connectivity matrix exhibits a block diagonal223

structure, which is in line with the observation that each neuron tunes to one stimulus.224

Furthermore, neurons that receive strong weights from one stimulated group, do not225

receive strong weights from another (Fig. 3E), which likely emerges by the winner-take-all226

structure induced by synaptic normalization.227

In summary, we see a spread out of tuned stimulus responses from the stimulated228

neurons to the whole unstimulated network (Fig. 3F). Thus, the self-organizing dynamics229

determined by the interplay between STDP, synaptic normalization, and intrinsic plasticity230

allocates the maximum possible neuronal resources to represent the stimuli. Intuitively,231

this spread-out of the stimulus representation due to self-organization is beneficial for a232

sparse readout by a subsequent network layer or brain area. This is because all long-range233

readout connections – no matter how they are distributed – can be expected to sample from234

tuned neurons whose activity carries information about the stimulus (see above).235

3.5. Comparison to experimental findings236

We wondered whether the above-described interplay between neural activity and237

connectivity is biological plausible. To this end, we repeated an analysis from visual cortex238

[34,36,37], which evaluates how the correlation between the activities of neurons influences239

the synaptic weight of the connection between them. We find that after the self-organization240

of the network, a large fraction of the total synaptic weight in the network is distributed to241

a small fraction of connections between neurons with the strongest correlation (Fig. 3D,242

fraction of connections for 50% of the total synaptic weight indicated in title). This finding243

is in line with experimental results from visual cortex [34,36,37] indicating that the here244

discussed self-organization of activity and connectivity is biologically plausible.245

3.6. Is the spread-out of stimulus representation energy-efficient?246

One reason why the long-range connectivity between layers is sparse may be to save247

energy. A cost-efficient implementation of neural computation provides an evolutionary248

advantage. Hence, it is assumed that networks are arranged such that the total wiring249

cost stays small [38,39]. However, to allow for a proper readout with less long-range250

connections (LRC), our network uses strong recurrent or short-range connections (SRC).251

Thus, it is unclear whether and under which conditions the self-organization principles252

discovered here decrease the metabolic cost of the network structure.253

To investigate this, we assume that the metabolic cost E to maintain the connectivity of
the network is proportional to a weighted sum of number of short-range connections nSRC
and the number of long-range connections nLRC: E ∝ ELRCnLRC + ESRCnSRC, where ELRC
and ESRC signify the metabolic cost per long-range and short-range connection, respectively.
Using the ratio γ = ELRC/ESRC, which indicates how much more expensive a long-range
connection is compared to a short-range connections, this can be simplified to

E ∝ γnLRC + nSRC.

Hereby, both nSRC and nLRC are determined by the architecture of the network. In254

the following we will analyze the metabolic cost for the class of network architectures255

which emerge during the above studied self-organization process. In these networks, a256

fraction f of the neurons are assumed to acquire a tuning and to respond to one stimulus257

(with pon = 1), whereas the remaining fraction 1− f of neurons shows no stimulus specific258

response.259

We further assume that, as in our self-organized network, each tuned neuron receives260

strong short-range connections from all input neurons that are stimulated by its preferred261

stimulus (if these connections physically exist). Thus, for a network with N neurons,262

the number of short range connections is approximately nSRC = f Npconβ, where pcon is the263

connection probability within the network and β the number of stimulated cells for each264

individual stimulus.265
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Figure 4. Energy-efficiency of information transmission depending on the fraction of tuned neurons. (A) Number of
long-range connections needed to sample at least nstim − 1 different tunings, assuming that a fraction f of the neurons
are tuned to a single stimulus and all tunings are equally probable. Color indicates the number of stimuli nstim. For
each number of stimuli, the dependency on f is well fit by the function L/ f (dashed lines). Grey error-bars mark the
simulation corresponding to nstim = 5 (fraction of single tuned neurons vs long-range connections needed for classification).
(B) Metabolic cost for connection maintenance assuming that long-range connections are 40x (top) or 120x (bottom) more
expensive than the short-range connections in the recurrent network. Grey bars mark simulation results (as above, number
of short-range connections from weights above 5 nS). (C) Maximal cost-ratio between long- and short-range connections for
which a number of stimuli (x-axis) is transmitted most cost-efficient through the here presented self-organizing recurrent
network . Gray scale indicates the size of the recurrent network, which determines the number of short range connections.

The number of long-range connections that are needed to correctly read out the stimulus266

identity has been determined numerically for different fractions of tuned neurons and267

different numbers of stimuli through simulation (Fig. 4A, solid curves). These numbers268

of long-range connections match well with those needed to correctly read out from our269

self-organizing network at different training stages (grey crosses, nLRC and f determined270

as in Fig 1C and Fig 2E, respectively). Using an analytical approximation (see appendix),271

we found that it scales with f like nLRC = L(nstim)/ f (best fits shown in Fig. 4A, dashed272

lines).273

Using the above relations between the fraction of tuned neurons and the numbers of274

long- and short-range connections, we can determine the metabolic costs for different cost275

ratios γ (Fig. 4B top/bottom).276

For small numbers of stimuli and small cost ratios, there is an optimal fraction of
tuned neurons below 1 (Fig. 4B top for nstim ∈ {3, 5}). This optimal fraction of tuned
neurons at which the total metabolic cost is minimized can be expressed as

fmin =
√

γL(nstim)/(Npconβ).

For all other cases (where fmin > 1) the metabolic cost is monotonically decreasing with f277

(Fig. 4B), such that networks with f = 1 are the most cost efficient architecture. Thus, in278

these cases the here investigated self-organization, which drives the network towards f = 1279

(see above), is constructing a network architecture that transmits the stimulus information280

with minimal metabolic cost.281

The minimal cost ratio, for which this ( f = 1) is the case, can be determined from the
above expression as

γmin = pcon · β︸ ︷︷ ︸
in-degree of tuned cells

· N/L(nstim)︸ ︷︷ ︸
≈ tuned cells per stimulus

.

The cost ratio is higher the more cells are tuned to each stimulus and the more synapses282

they receive from the cells stimulated by the inputs βpcon. In Figure 4C we show how this283
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minimal cost ratio scales for different network sizes and number of stimuli (using β = 40284

and pcon = 0.04 as in the simulations).285

We would like to point out, that the metabolic cost to maintain a connection depends286

on the axonal membrane area [40–42], which is in turn proportional to the axonal length.287

The length-ratios between local projections (order of 100µm) and long-range projections288

(order of millimeters) can be expected to be around 10-100. As this already exceeds most289

of the minimal cost ratios determined in Figure 4C, the here discussed self-organization,290

which entails that every neuron in the network responds to one stimulus, may indeed291

be a biologically plausible mechanism to ensure a metabolically cost efficient routing of292

stimulus information.293

4. Discussion294

In this study we used a well established model of the self-organization of cortical295

connectivity and demonstrated that the resulting intra-layer connectivity supports infor-296

mation processing and transmission using sparse long-range connections to other brain297

areas higher or deeper in the cortical hierarchy. Specifically, we demonstrated that the298

stimulated neurons form feedforward projections into the unstimulated parts of the net-299

work and thereby acquire more neurons to represent the stimulus by rapid stereotypic300

spiking responses. Hereby, each neuron only receives feedforward projections from one301

externally stimulated group such that the network is partitioned into parts with different302

preferred stimuli (Fig. 3F). Finally we showed that the self-organization is consistent with303

experimental findings and leads to metabolically cost efficient network architectures.304

4.1. Model predictions305

Several pre- and postdictions can be derived from our model: First of all, it predicts306

that each neuron is tuned to a stimulus. This is in line with neurons establishing new307

tunings when they are deafferentiated (e.g. [43]). Note, however, in a given experiment it308

is still possible to observe neurons which are not tuned to any experimental parameter as309

the animals still encounter other stimuli outside of the experiment.310

Secondly, we see that an increasing training and adaptation time increases the response311

probabilities of the neurons. Hence, the neural responses to a stimulus will become more312

and more stereotypical when training continues. Similar effects have been observed in the313

olfactory domain [44]314

Most importantly, however, we predict that an increased entrainment to a set of stimuli315

will enable the identification of the stimulus from smaller and smaller subsets of neurons.316

This might be verified by future experiments where learning is tracked in animals with317

implanted electrode arrays.318

4.2. Limitations and possible extensions319

In this study we focused on routing of uncorrelated stimuli which are moreover320

conveyed to disjunct or orthogonal groups of neurons. Interestingly, the sets of neurons321

responding to the stimuli are also disjunct / orthogonal such that this assumption is self-322

consistent with the transmission of stimulus information over many layers. However,323

often there is a significant correlation between presented stimuli and the corresponding324

responses. This may lead to cells with mixed responses that support complex computations325

[45]. Moreover, stimuli might not stem from distinct classes but rather from a continuum,326

as for example orientation and speed of bars and moving gratings in the visual system. In327

this case we would also expect more continuous tuning curves. An investigation of the328

self-organisation and information routing in response to correlated stimuli is therefore an329

interesting direction for future work.330

Author Contributions: Investigation, D.M, Formal Analysis, D.M and M.F., Methodology, D.M, M.F,331

C.T, Visualization and Writing—original draft preparation, M.F., Writing—review and editing, C.T.,332

F.W., M.F., Funding Acquisition and Project Administration, C.T., F.W..333

All authors have read and agreed to the published version of the manuscript.334

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 May 2021                   doi:10.20944/preprints202105.0196.v1

https://doi.org/10.20944/preprints202105.0196.v1


13 of 15

Funding: The research was funded by the H2020-FETPROACT project Plan4Act (#732266).335

Institutional Review Board Statement: -336

Informed Consent Statement: -337

Data Availability Statement: All relevant methods to reproduce this study are given in the Materials338

and Methods section.339

Acknowledgments:340

Conflicts of Interest: The authors declare no conflict of interest.341

Abbreviations342

The following abbreviations are used in this manuscript:343

344

MDPI Multidisciplinary Digital Publishing Institute
STDP Spike-timing-dependent plasticity

345

Appendix A Estimation for the number of needed long-range connections346

Here we approximate the number of long-range connections that is needed to discern347

nstim different stimuli. We assume that they randomly emerge from cells in the network.348

Hereby a fraction f is tuned to one of the stimuli (equally distributed, whereas a fraction of349

1− f is untuned.350

A reliable readout needs to sample at least from nstim − 1 different stimuli. Thus, to
determine the minimal number of long-range connection, we then determine the number
of samples for which the probability to observe at least nstim − 1 different tunings is above
95%. Using the probability that two stimuli are not chosen within the first nLRC connections,
we get

0.95 > 1− nstim(nstim − 1)
2

[
1− 2 · f · 1

nstim

]nLRC

.

Hence, using ln(1− x) ≈ −x.we obtain

nLRC >
ln(2 · 0.05/nstim/(nstim − 1))

ln
(

1− 2 · f · 1
nstim

) ≈ nstim
2 f

ln
(

nstim(nstim − 1)
2 · 0.05

)
=: L(nstim)/ f .
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