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Abstract

The activity of neurons in the visual cortex is often characterized by tuning curves, which are

thought to be shaped by Hebbian plasticity during development and sensory experience.

This leads to the prediction that neural circuits should be organized such that neurons with

similar functional preference are connected with stronger weights. In support of this idea,

previous experimental and theoretical work have provided evidence for a model of the visual

cortex characterized by such functional subnetworks. A recent experimental study, how-

ever, have found that the postsynaptic preferred stimulus was defined by the total number of

spines activated by a given stimulus and independent of their individual strength. While this

result might seem to contradict previous literature, there are many factors that define how a

given synaptic input influences postsynaptic selectivity. Here, we designed a computational

model in which postsynaptic functional preference is defined by the number of inputs acti-

vated by a given stimulus. Using a plasticity rule where synaptic weights tend to correlate

with presynaptic selectivity, and is independent of functional-similarity between pre- and

postsynaptic activity, we find that this model can be used to decode presented stimuli in a

manner that is comparable to maximum likelihood inference.

Author summary

Brains are composed of complex networks, with communication taking place along syn-

aptic connections between neurons. These connections can change and adapt, a process

we call “plasticity”. However, the specific rules that dictate these changes remain largely

unknown. In our visual system, which is responsible for vision and perception, it is pri-

marily thought that connections get stronger between neurons exhibiting similar activity,

also known as ‘Hebbian plasticity’. A recent study revealed results that seemed to contra-

dict this idea, showing a strength in numbers of synapses rather than strength. Prompted

by these findings, we developed a computational model with a hypothesis about how these

changes could occur. We discovered that this new model, with a plasticity mechanism

based on presynaptic activity, could capture experimental findings and lead to benefits in
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population decoding. Our model doesn’t necessarily contradict a Hebbian model, but

rather, likely co-exists with it.

Introduction

Neurons in the visual cortex are selectively driven by specific features of sensory stimuli. This

selective neural activity is proposed to be shaped by Hebbian plasticity [1] during developmen-

tal stages and sensory experience. Hebbian plasticity can be described as the strengthening of

synaptic weights in a manner dependent on the correlation of the pre- and postsynaptic neu-

rons [2, 3]. Thus, in the development of visual cortical circuits, Hebbian plasticity is thought to

lead to a functional distribution in synaptic weights: weights are larger between pre- and post-

synaptic neurons with similar functional preferences, i.e. similar preferred orientation [4] and

only a few synaptic inputs are needed to define postsynaptic sensory feature selectivity [5]. In

support of this framework, excitatory pyramidal neurons in layers 2/3 of mice primary visual

cortex are shown to form functional subnetworks; the synaptic weights between neurons and

the probability of connectivity between neurons reflect the similarity in tuning to visual fea-

tures, such as for example orientation preference [6–10].

A recent study [11], however, has shown different results in the visual cortex of ferrets.

Instead of a functionally-defined weight distribution, [11] found that preference for orienta-

tion stimuli is derived from the total number of excitatory synaptic inputs activated by a

given stimulus. That is, strong and weak synapses were recruited for all visual stimuli pre-

sented. While this result appears to contradict the previous literature, there are many factors

which impact how a given synaptic input might influence activity at the somatic output and

postsynaptic selectivity. Some of these factors include synapse weight and number, reliabil-

ity [12], location within the dendritic tree [13], co-activity with their neighbors [14], and

presence of dendritic inhibition [15]. In fact, given that pairs of cortical neurons tend to be

connected through multiple synaptic contacts [16–19], an overall stronger weight between

pairs of neurons with correlated activity could be achieved through many contacts with a

mixture of weights. In this case, it is possible that individual synaptic weights might depend

on a learning rule that is independent of the postsynaptic neuron’s activity. Such a learning

rule would allow flexibility in weighting and encode something other than covariance

between presynaptic and postsynaptic activity. For example, [11] also showed that anatomi-

cal correlates of synaptic strength correlate with spine selectivity, i.e. the sharpness of the

tuning curve or how selectively a spine responds to specific orientations. This observation

leads to an interesting set of questions: (1) Can a presynaptic learning rule generate strong,

selective synapses? (2) Is a presynaptic learning rule sufficient to generate selective postsyn-

aptic neurons? (3) Does a presynaptic learning rule lead to efficient neuronal population

decoding?

To address these questions, we model a feedforward circuit with a plasticity rule leading to

synaptic weights that are correlated with presynaptic selectivity (termed ‘variance rule’), inde-

pendent of the difference between pre- and postsynaptic preferred orientation (ΔPO). Using

this model, we explore how synaptic weights based on presynaptic selectivity, rather than func-

tional-similarity between presynaptic and postsynaptic activity, might be achieved by cortical

neurons and what impacts this distribution has on neuron decoding. We show that this plas-

ticity rule can lead to postsynaptic neurons selectively tuned to specific stimuli. Furthermore,

we show that a decoder which uses the weights emerging from the plasticity rule performs

comparatively to a decoder derived based on maximum likelihood inference. Overall, our

PLOS COMPUTATIONAL BIOLOGY Synaptic weights that correlate with presynaptic selectivity increase decoding performance

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011362 August 7, 2023 2 / 18

Competing interests: The authors have declared

that no competing interests exist.

https://doi.org/10.1371/journal.pcbi.1011362


results suggest a decoding model where the somatic preference is defined primarily by the

number of activated spines given a certain stimulus, while the strength of individual spines

correlates with the tuning selectivity of the corresponding inputs and does not entirely depend

on the tuning similarity with the postsynaptic neuron.

Results

Here we study the functional implications of a plasticity rule based on presynaptic variance,

rather than covariance between presynaptic and postsynaptic activity (i.e. classic Hebbian), in

a feedforward circuit representing neurons in the primary visual cortex. Our circuit is com-

posed of one postsynaptic neuron, modeled as a point neuron (see Methods for details), which

receives input from N presynaptic neurons through plastic weights wi, and from an untuned

inhibitory source (Fig 1A). Presynaptic neurons are orientation selective and their activity is

modulated by tuning curves (Fig 1B). In order to model a diverse population (i.e. differences

in orientation preference and selectivity), the tuning curve of each presynaptic neuron i has its

own preferred orientation (PO, y
P
i ) and width (κi) (Fig 1B).

A plasticity rule based on presynaptic variance results in weights that

correlate with presynaptic selectivity

In order to build a model where synaptic weights correlate with presynaptic selectivity, we first

study how synaptic plasticity might lead to this correlation. Based on previous studies showing

that some forms of LTP can be induced without the need of postsynaptic depolarization [20–

23], we propose a plasticity rule in which potentiation is based on presynaptic activity only.

More specifically, a rule in which potentiation is based on presynaptic variance (variance rule).

In this way, changes in synaptic weight, Δw, can be summarized as

Dw ¼ Z1ðrpre � mÞ
2
� Z0w; ð1Þ

where rpre is the presynaptic activity, μ is a constant representing the mean presynaptic activity,

which is the same for all presynaptic neurons, η1 is the learning rate and η0 is the weight decay

rate. We then stimulate the presynaptic neurons by showing all of them a stimulus of orienta-

tion θ. Every 200 ms, a new stimulus θ is randomly chosen from a uniform distribution

between � p

2
; p

2

� �
and shown to all presynaptic neurons. We then observe the evolution of the

synaptic weights (Fig 1C).

Once converged, the synaptic weights have a skewed distribution (Fig 1D), and are essen-

tially a function of the width of the presynaptic tuning curve (Fig 1E). Since selectivity of a pre-

synaptic neuron is given by the width of its tuning curve κ (Fig 1F), the converged weights are

also correlated with presynaptic selectivity (Fig 1G). The section “Plasticity weights” in Meth-

ods provides the equation for the equilibrium weights from a presynaptic neuron i, showing

that it is indeed a function of its selectivity κi. Accordingly, initializing the weights from ran-

dom values drawn from a uniform distribution leads to similar results (S7 Fig). Thus, we show

that a feedforward model with a plasticity rule based on the variance of presynaptic activity,

leads to synaptic weights that are correlated with presynaptic selectivity.

Postsynaptic neurons are orientation selective and synaptic weights are

uncorrelated with the difference in preferred orientation between pre- and

postsynaptic neuron (ΔPO)

In the previous simulations, we find that, similar to the presynaptic neurons, the postsynap-

tic neuron is also orientation tuned (Fig 2B). Extracting the relevant parameters from the
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postsynaptic tuning curve across multiple simulation runs shows that individual postsynap-

tic neurons respond preferentially to orientations spread across the full range of stimuli

� p

2
; p

2

� �
and with selectivity values that cover almost the entire range [0, 1] (Fig 2C). Note

that the value of selectivity depends on the mean activity level [24], which in our simulations

Fig 1. A plasticity rule based on presynaptic variance results in weights that correlate with presynaptic selectivity. (A) A postsynaptic point neuron

receives input from 50 presynaptic neurons. Synaptic weights, represented by the spine sizes, are plastic according to a rule based on presynaptic

variance. (B) The activity of presynaptic neurons is moduled by von Mises tuning curves. The tuning of the presynaptic neuron i is defined by its PO y
P
i

and its selectivity, given by the width parameter κi. (C) Synaptic weights as a function of time. Each line shows the synaptic weight of a single

presynaptic neuron. The vertical dotted line indicates the moment when the stimulation protocol starts. (D) Distribution of synaptic weights at the end

of the stimulation protocol. (E) Synaptic weights as a function of the width parameter κ. Green dots show data obtained from simulation and black line

from theory. (F) Selectivity of presynaptic neurons as a function of their width parameter κ. (G) Synaptic weight at the end of simulation as a function

of presynaptic selectivity. (D-G) Shown are data pooled from 100 independent simulation runs.

https://doi.org/10.1371/journal.pcbi.1011362.g001
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is strongly influenced by the amount of inhibition received by the postsynaptic neuron

(S1 Fig).

Synaptic plasticity rules which are based on the covariance between pre- and postsynaptic

activity generate circuits in which the strength of synaptic weights are anti-correlated with

ΔPO (S2 Fig). That is, if the pre- and postsynaptic neurons have similar tuning, they typically

are connected with a strong weight. But this is not necessarily the case for a rule based on the

variance of presynaptic activity only. Therefore, we next test whether the synaptic weights are

anti-correlated with ΔPO. Similar to experimental data [11], we find that the synaptic weights

are not correlated with ΔPO and depend mostly on presynaptic selectivity (Fig 2A and 2D).

Even though there is no clear relationship between the synaptic weights and ΔPO, the activity

of the postsynaptic neuron is still more correlated with the activity of presynaptic neurons that

have similar POs (Fig 2E).

Fig 2. Postsynaptic neurons are orientation selective and synaptic weights are uncorrelated with the difference in preferred orientation between

pre- and postsynaptic neuron (ΔPO). (A) Schematic representation illustrating that the postsynaptic neuron from Fig 1A is orientation selective and

its synaptic weights are uncorrelated with presynaptic preferred orientation. The shadings show preferred orientation and illustrate that there are strong

weights from presynaptic inputs that have the same preferred orientation and the postsynaptic neuron (p
2
, dark shading) and from presynaptic inputs

that have different preferred orientation than the postsynaptic neuron (0, light shading) (B) Examples of tuning curves for the postsynaptic neuron

from 4 independent simulation runs. Firing rates are normalized by the maximum rate of each individual tuning curve. (C) Statistics of postsynaptic

selectivity. Data pooled from 100 independent simulation runs. Top: Probability density function (pdf) of the postsynaptic PO. Bottom: Probability

density function (pdf) of the postsynaptic selectivity. (D) Synaptic weights as a function of ΔPO. (E) Pearson’s correlation coefficient between pre- and

postsynaptic neurons as a function of ΔPO. (D-E) Colors indicate presynaptic selectivity.

https://doi.org/10.1371/journal.pcbi.1011362.g002
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Postsynaptic neurons inherit preferred orientation from the number of

presynaptic inputs with similar preference

If it is not true that synaptic weights are stronger when pre- and postsynaptic neurons have

similar POs, what is then defining the postsynaptic orientation preference? While some previ-

ous work has proposed that somatic functional preference is derived from the functional pref-

erence of a few stronger presynaptic inputs [9, 10], others have proposed that it is actually

defined by the number of active spines with a given PO [11]. Since in our model the synaptic

weights are not correlated with ΔPO (Fig 2D), we expect that somatic preference will be

defined by the number of presynaptic inputs with similar preferences.

In order to test this, we wanted to know whether all orientations within the interval � p

2
; p

2

� �

were equally represented within presynaptic populations or if there was any bias towards the

PO of the postsynaptic neuron. Even though the PO of the presynaptic inputs were indepen-

dently drawn from a uniform distribution (Fig 3A), we find that there are indeed slightly more

presynaptic inputs which are co-tuned than inputs which are not co-tuned with the postsynap-

tic neuron (Fig 3B). To further explore this result, we calculate the total input current to the

postsynaptic neuron when different orientations are being shown to the presynaptic popula-

tion (Fig 3C). We then split the total input current into two values: the total number of active

Fig 3. Postsynaptic neurons inherit preferred orientation from the number of presynaptic inputs with similar preference. (A) Histogram of the PO

of presynaptic neurons. (B) Histogram of the difference in PO between pre- and postsynaptic neurons. (C) Total input current to postsynaptic neuron

when different orientations are being shown. (D) Number of active inputs when different orientations are being shown. (E) Mean weight of active

inputs when different orientations are being shown. (F) A postsynaptic neuron receives inputs from 50 presynaptic neurons. When an orientation is

shown to the presynaptic neurons, only a fraction of them have their activity above a certain threshold (active inputs, represented as colored spines),

while the rest have their activity below the threshold (inactive inputs, represented as grey spines). When the PO of the postsynaptic neuron is shown

(y ¼ p

2
, left), there are on average more active inputs than when the orthogonal orientation is shown (θ = 0, right).

https://doi.org/10.1371/journal.pcbi.1011362.g003
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inputs and the mean synaptic weight of those active inputs. Inputs are considered to be active

when their firing rate is above a certain threshold during the presentation of a stimulus (see

Methods for details). We find that, similar to the total input current (Fig 3C), the number of

active inputs is also modulated by the stimulus, such that a larger number is active when the

PO is shown (Fig 3D). Importantly, we did not observe any difference in the main results by

varying the value of the threshold (S10 and S11 Figs). We also found that this bias in the total

input current is still present when varying the number of presynaptic neurons (N = 10, 100,

1000) and the bias is enhanced by decreasing the total number of presynaptic inputs (S4–S6

Figs). We also found that the bias is amplified by a bias in the preferred orientation of the pre-

synaptic neurons, simulated by drawing presynaptic PO from a normal distribution (S9 Fig).

Unexpectedly, however, we find that the mean weight of the active inputs is also modulated

by the difference between the shown stimulus and the postsynaptic preferred stimulus

(Fig 3E). This is different to what was observed in experiments [11] and counter-intuitive

given that the plasticity rule used here is based on presynaptic activity only. However, even

though correlated activity between pre- and postsynaptic neurons does not lead directly to

stronger weights, the postsynaptic PO is given by a sum of the presynaptic POs weighted by

their selectivity and by their input weights (S3 Fig). Therefore, the postsynaptic PO will be

biased by presynaptic neurons with stronger weights, which are also the ones with higher selec-

tivity (S3 Fig).

A decoder based on the variance rule performs comparatively to a decoder

based on maximum likelihood

Hebbian plasticity has been previously shown to enhance orientation selectivity [25], in accor-

dance with experimental studies showing an increase in orientation selectivity after visual

experience [8, 26]. Since Hebbian plasticity shapes circuits in which synaptic weights are anti-

correlated with ΔPO (S2 Fig), the question emerges of whether there is any computational

advantage of synaptic weights that correlate with presynaptic selectivity instead. Therefore we

next study a feedforward circuit where the synaptic weights are correlated with presynaptic

selectivity in the context of decoding stimuli.

We assume there is a population of input neurons with different tuning curves (Fig 4A).

The same orientation θ is shown to all input neurons and the firing rate of presynaptic neuron

i is given by the shown stimulus and their respective tuning curve, defined by their PO y
P
i and

width κi. A decoder receives inputs from all neurons in this population and estimates the

shown orientation based on their tuning curves and firing rates [27]. We then derive a

decoder, which is based on maximum likelihood inference (ML decoder, see Methods for

details) [28]. Assuming the input tuning curves to be modeled as von Mises functions, the ML

decoder estimates the shown orientation with (Fig 4B):

ŷ ¼
1

2
arctan

P
ipikisin ð2y

P
i ÞP

ipikicos ð2y
P
i Þ

� �

; ð2Þ

where pi is the firing rate of neuron i (ri with added Poisson noise, see Methods for details), κi
is a parameter of the von Mises tuning curve defining its width, y

P
i is the preferred stimulus of

input neuron i and ŷ is the orientation estimated by the ML decoder.

Similar to Bayesian cue integration, in which inputs are integrated by being multiplied by

their uncertainty [29–31], this decoder is such that the firing rate pi of input neuron i is being

multiplied by the width of its tuning curve κi, which defines its selectivity (Eq 2). This multipli-

cation piκi could be easily implemented by synaptic weights which are correlated with
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presynaptic selectivity (Fig 1). Therefore, we next compare the performance of the ML decoder

with that of a decoder that uses the weights obtained from the variance rule (Fig 1). In order to

do this, we assume that the decoder multiplies the firing rate of each presynaptic neuron i by a

weight wi in order to estimate the shown orientation θ:

ŷ ¼
1

2
arctan

P
ipiwisin ð2y

P
i ÞP

ipiwicos ð2y
P
i Þ

� �

; ð3Þ

where wi are the weights used by the decoder and wi = κi in the case of the ML decoder.

Fig 4. A decoder based on the variance rule performs comparatively to the ML decoder. (A) A decoder receives input from 50 input neurons and

decodes the orientation that was shown to the whole population using the presented formula. (B) Decoded orientation (ŷ) plotted against the actual

orientation shown to the input population (θ) for a decoder based on maximum likelihood inference (ML decoder,wi = κi). (C) Weight as a function of

the presynaptic width parameter κ for five different decoders. (D) Performance of 5 decoders. left: Absolute value of bias,middle: variance and right:
error. Bars show mean and standard error of the mean across 100 independent simulation runs.

https://doi.org/10.1371/journal.pcbi.1011362.g004

PLOS COMPUTATIONAL BIOLOGY Synaptic weights that correlate with presynaptic selectivity increase decoding performance

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011362 August 7, 2023 8 / 18

https://doi.org/10.1371/journal.pcbi.1011362.g004
https://doi.org/10.1371/journal.pcbi.1011362


We then compare the performance of the decoder that uses the weights obtained from the

variance rule (Variance Rule) to other decoders (Fig 4C), namely: (i) to a decoder where

wi = κi (ML); (ii) to a decoder that uses the same weight for all input neurons wi = 1 (Uniform);

(iii) to a decoder that uses the same weights as the Variance Rule decoder but shuffled, and

therefore uncorrelated to presynaptic selectivity (Shuffled); (iv) to a decoder that uses the

weights obtained from a simulation using a covariance plasticity rule (Covariance, see). We

find that the presynaptic variance decoder performs comparatively to the ML decoder and bet-

ter than the others (Fig 4D). We did not find any qualitative difference in the main results by

adding noise to the input coming from the presynaptic neurons (S12 and S13 Figs).

In conclusion, we demonstrate how a plasticity rule based on presynaptic variance can lead

to the formation of feedforward circuits where the postsynaptic neurons are selective for spe-

cific stimuli. Under this framework, we find that postsynaptic neurons can act as decoders

whose performance rivals that of maximum likelihood inference. These results suggest a

decoding model where individual inputs received by the postsynaptic neuron are weighted

according to presynaptic selectivity rather than functional-similarity between pre- and post-

synaptic activity.

Discussion

In this work, we simulated a feedforward network in which weights were changing according

to a plasticity rule based on the variance of presynaptic activity. The presynaptic population

was composed of neurons with diverse preferred orientation (PO) and selectivity. We showed

that, by stimulating the input population with different orientations, synaptic weights con-

verged to values that were a function of presynaptic selectivity. We then showed that a decoder

which used those weights to decode a stimulus had a performance comparable to a decoder

based on maximum likelihood inference.

We focused on the computational implications of synaptic weights that correlate with pre-

synaptic selectivity, but did not explore the functional advantages of somatic preference being

defined by the number of spines rather than by their strength [11]. This could be interesting to

explore in view of recent experimental evidence showing that learning is associated with the

formation of new spines [32–35] and previous theoretical work suggesting that having multiple

synaptic contacts between the same pair of neurons, instead of having a single strong one,

could lead to more robust circuits with stable memories [36–38]. A possible extension to our

model could be to include structural plasticity that causes multiple contacts between pre- and

postsynaptic neurons to form. In addition, this model could be extended to include both a

covariance rule and a presynaptic variance rule for individual neurons, as including only the

latter results in fixed synaptic weights for any given presynaptic neuron. Finally, in the future,

it will be interesting to study how a presynaptic variance rule can be applied to a recurrent net-

work receiving inputs from multiple sources (e.g. feed-forward, long-range) and whether such

models could better describe the development of visual cortical circuits.

Different structural plasticity rules have been proposed to describe activity-dependent spine

turnover [39]. A structural plasticity rule forming stronger connectivity between neurons with

similar orientation preference [40], could lead to a circuit where more synaptic contacts are

formed between the same pair of pre- and postsynaptic neurons when their activity is corre-

lated (Fig 2E). As a consequence, there could be an even stronger bias in the number of presyn-

aptic inputs that are co-tuned with the soma (larger number of inputs with |ΔPO| = 0 in Fig

3B). Another possible consequence could be a stronger overall synaptic weight due to an

increased number of synaptic contacts between co-tuned pre- and postsynaptic neurons.

Using a modified simulation of our model to include multiple contacts, such a scenario
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appears very plausible and could reconcile different plasticity rules (see S14 Fig). This could be

interesting when comparing experimental data derived from measuring synaptic weights as

anatomical features of spines versus measuring synaptic weights as amplitudes of postsynaptic

potentials recorded from the soma. On the other hand, using a structural plasticity rule in

which weaker weights are more likely to be deleted than stronger ones [37, 41] could lead to

different functional circuits.

Previous work has shown that the diversity of synaptic weights found in the visual cortex

of ferrets could be explained by a model where a decoder reads information from a popula-

tion of diverse PO and selectivity [42]. Here, we propose that the synaptic weights could

reflect presynaptic selectivity. Such diversity in synaptic weights, therefore, would not be

necessary if all presynaptic inputs had the same selectivity. Why then would there be a popu-

lation of neurons with diverse selectivity in the visual cortex? One possibility is that decoding

from a population of input neurons with a range of selectivity provides better discrimination

capabilities for natural images [43]. Another option is that selectivity could somehow encode

presynaptic uncertainty, but how exactly uncertainty is encoded in neural representation is

still unclear [44].

According to the rule presented in this paper, synaptic weights would fluctuate as the

selectivity changes. Assuming that selectivity would reflect uncertainty, synaptic weight

fluctuations would also reflect presynaptic uncertainty. In this case, we refer to uncertainty

as the amount of information a particular synapse is able to convey to the postsynaptic tar-

get, which would change either from changes in the presynaptic neuron’s activity or noise

within incoming sensory information. This is similar to what has been recently proposed in

a theoretical paper [45], and in accordance with experimental data showing that synaptic

weights fluctuate over time [46, 47]. In contrast to our model, however, experimental stud-

ies have shown that the weights can also fluctuate in an activity independent manner. Sec-

ondly, we might expect changes in synaptic weights to cause changes in the postsynaptic

neuron’s activity. The postsynaptic PO would therefore change over time, reflecting changes

in the reliability of presynaptic inputs. Interestingly, this possibility might correspond to

recent experimental findings of ‘representational drift’, where neurons of the visual cortex

and other brain regions are reportedly to exhibit fluctuations in their tuning properties over

time [48].

In conclusion, our results suggest a model of the visual cortex in which postsynaptic pre-

ferred orientation is defined by the number of spines with a given preferred orientation, while

synaptic strength is used as a weight reflecting presynaptic selectivity.

Methods

The code for simulations and figures is available at https://github.com/juliavg/decoding.

Neuron model

Output neuron. The output neuron is modeled as a rate based neuron. Its firing rate y at

time t is given by the equation:

ty
dyðtÞ
dt
¼ � y tð Þ þ a

XN

i¼1

wrefwi tð Þri yð Þ þ wIrI

#

þ

; ð4Þ

"

where τy = 1 ms is the rate time constant, α = 0.1 nA−1 is the slope of the neuron’s transfer

function, wref = 16 nA is a reference weight for the N excitatory inputs, wi and ri are respec-

tively the weight and firing rate of input neuron i, wI = −1700 pA and rI = 100 Hz are
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respectively the weight and firing rate of the inhibitory source. The inhibitory source could

be understood as a single neuron firing at 100 Hz or multiple neurons firing at a lower rate

and adding up to the same value. The sign []+ indicates a rectification that sets all negative

values to 0.

Input neurons. The input neurons are modeled as rate based neurons with von Mises

tuning curves, which is a “bump” like curve with circular boundary conditions. The firing rate

of input neuron i at time t is given by:

ri y tð Þð Þ ¼ rref
ekicosð2ðyðtÞ� yPi ÞÞ

2pI0ðkiÞ
; ð5Þ

where rref = 125 Hz is a reference firing rate, θ is the stimulus being shown to neuron i at time

t, κi is a parameter defining the width of the tuning curve from neuron i, yPi is the preferred ori-

entation of neuron i and I0 is the modified Bessel function of order 0.

Plasticity models

Variance (Figs 1–3). The weights from the excitatory inputs are plastic, and evolve

according to:

dwiðtÞ
dt
¼ Z1

�
riðyÞ
rref
� m

�2

� Z0wi tð Þ; ð6Þ

where η1 = 0.1 and η0 = 0.03 are learning rates and m ¼ 1

2p
is a constant representing the mean

activity of the presynaptic neurons. The same constant m ¼ 1

2p
is used for all presynaptic

neurons.

Covariance (S2 Fig). For the simulations with the covariance rule, the excitatory weights

evolve according to:

dwiðtÞ
dt
¼ Z1

riðyÞ
rref
� g

� �
yðtÞ
rref
� g

� �

� Z0wi tð Þ; ð7Þ

where γ = 0.24 is a constant and the remaining parameters are the same as with the rule based

on presynaptic variance.

Plasticity simulation (Figs 1–3)

One output neuron receives input from N = 50 neurons. Each input neuron i has a tuning

curve defined by its width κi, which is drawn randomly and independently for each neuron

from a uniform distribution ]0, 1], and by its preferred orientation y
P
i , which is drawn ran-

domly and independently for each neuron from a uniform distribution � p

2
; p

2

� �
.

The firing rate of the input neurons are initially set to ri = 20 Hz for a warm up period of

200 s, after which the stimulation protocol starts. During the stimulation protocol, a new ori-

entation θ is chosen randomly from a uniform distribution � p

2
; p

2

� �
every T = 200 ms. The

same orientation θ is shown to all input neurons and the whole stimulation protocol consists

of 1 000 stimuli. We run 100 independent simulation runs, and shown in the figures is the

pooled data from all of them.
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Orientation selectivity

Preferred orientation and orientation selectivity of neuron i are calculated from the circular

mean of neuronal response Ri:

Ri ¼
P

y
ciðyÞe2iyP
y
ciðyÞ

; ð8Þ

where ci (θ) is the calculated tuning curve of neuron i. We calculate ci (θ) as the mean response

across stimuli using 20 bins on the interval � p

2
; p

2

� �
and using data from the last 500 stimuli in

the simulation. Preferred orientation y
P
i and the selectivity of neuron i are then calculated as

the angle and the length of the resultant Ri, respectively.

Plasticity weights

The equilibrium weights for the plasticity rule based on presynaptic variance can be calculated

by setting the left hand side of Eq 6 to zero:

wi tð Þ ¼
Z1

Z0

�
riðyÞ
rref
� m

�2

ð9Þ

Assuming that the weights reach the steady stateW within the interval T (how long each orien-

tation is shown), we substitute θ(t) by the random variable Θ and take expected values:

E Wi½ � ¼
Z1

Z0

E
�
riðYÞ
rref
� m

�2
" #

; ð10Þ

Finding E
�
riðYÞ
rref
� m
�2

� �

; and substituting it in Eq 10 gives the equilibrium weight from pre-

synaptic neuron i:

E Wi½ � ¼
Z1

Z0

1

4p2

I0ð2kiÞ
I2

0
ðkiÞ
� 1

� �� �

: ð11Þ

Active input analysis (Fig 3)

For the active input analysis, we compare the mean activity of each input neuron during the

presentation of a single stimulus to a threshold b ¼
rref
2p

and consider it to be active (not active)

when the activity is above (below) β.

Maximum likelihood decoder

From [28], the estimated stimulus (ŷ) of a decoder based on maximum likelihood inference

(ML decoder) can be determined by:

XN

i¼1

pi
r0iðŷÞ
riðŷÞ

¼ 0; ð12Þ

where pi is the firing rate of neuron i, ri (θ) is the tuning curve of neuron i, and the prime

denotes derivative. Assuming the tuning curves of the simulation input neurons (Eq 5):

riðŷÞ ¼
ekicosð2ðŷ � yPi ÞÞ

2pI0ðkiÞ
; ð13Þ
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then the estimated stimulus ŷ can be determined by:

XN

i¼1

2pikisin
�

2
�
y
P
i � ŷ

��
¼ 0: ð14Þ

Solving for ŷ gives:

ŷ ¼
1

2
arctan

PN
i¼1
pikisin ð2y

P
i ÞPN

i¼1
pikicos ð2y

P
i Þ

 !

: ð15Þ

See also [49] for a similar derivation.

Decoder simulation (Fig 4)

A decoder infers the stimulus θ shown to a population of 50 input neurons. The activity of

input neuron i in response to stimulus θ (pi) is given as a sample randomly drawn from the

Poisson distribution:

f k; ri yð Þð Þ ¼
riðyÞ

ke� riðyÞ

k!
; ð16Þ

where f (k, ri (θ)) describes the probability of neuron i firing with rate k in response to stimulus

θ, and ri (θ) is the tuning curve of neuron i (Eq 5).

The decoder estimates the shown stimulus according to:

ŷ ¼
1

2
arctan

P
ipiwisin ð2y

P
i ÞP

ipiwicos ð2y
P
i Þ

� �

; ð17Þ

where pi is the firing rate of neuron i (obtained from sampling from Eq 16), wi are the weights

used by the decoder and y
P
i is the preferred orientation of neuron i. The tuning curves and

parameters of input neurons are taken from the 100 independent plasticity simulations.

We compare the performance of 5 different decoders, which differ based on the weights wi
they use: (i) variance: the weights used are obtained from the corresponding plasticity simula-

tion; (ii)ML: wi = κi; (iii) uniform: wi = 1; (iv) shuffled: the weights are the same as the variance,
but shuffled; (v) covariance: the weights used are obtained from the plasticity simulations

using the covariance plasticity rule.

For each independent plasticity simulation, we evaluate the decoder by showing 20 orienta-

tions equally spaced in the interval � p

2
; p

2

� �
. Each orientation is shown repeatedly for 100 trials,

and we calculate the bias best(θ), variance s2
estðyÞ and error eest(θ) using:

bestðyÞ ¼ hŷi � y; ð18Þ

s2
estðyÞ ¼ hðŷ � hŷiÞ

2
i; ð19Þ

eest ¼ s2
estðyÞ þ b

2
estðyÞ; ð20Þ

where hi indicates the average across trails. For each independent plasticity simulation, we

average the bias best(θ), variance s2
estðyÞ and error eest(θ) across stimuli θ to obtain a single

value per simulation.
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Supporting information

S1 Fig. The effect of weaker inhibition on the selectivity of the postsynaptic neuron. The

simulations performed for this figure are the same as those performed for Fig 2, except that

the weight from the inhibiory source is 5 times weaker. (A) Examples of tuning curves for

the postsynaptic neuron from 4 independent simulation runs. (B) Statistics of postsynaptic

selectivity. Data pooled from 100 independent simulation runs. Top: Probability density

function (pdf) of the postsynaptic PO. Bottom: Probability density function (pdf) of the post-

synaptic selectivity.

(EPS)

S2 Fig. Relationship between synaptic weights and selectivity of presynaptic inputs in a

simulation using the covariance plasticity rule. The simulations performed for this figure are

the same as those performed for Figs 1 and 2, except that the plasticity rule used is the covari-

ance rule (see Methods for details). (A) Synaptic weights as a function of time. Each line shows

the synaptic weight of a single presynaptic neuron. The vertical dotted line indicates the

moment when the stimulation protocol starts. (B) Distribution of synaptic weights at the end

of the stimulation protocol. (C) Synaptic weights as a function of presynaptic selectivity. (D)

Synaptic weights as a function of ΔPO. (E) Pearson’s correlation coefficient between pre- and

postsynaptic neurons as a function of ΔPO. (D-E) Colors indicate presynaptic selectivity.

(EPS)

S3 Fig. Postsynaptic PO is influenced by presynaptic PO, presynaptic selectivity and syn-

aptic weights. (A) The postsynaptic tuning curve is estimated by adding the presynaptic tun-

ing curves multiplied by the corresponding synaptic weights. The estimated postsynaptic PO is

then extracted from the estimated postsynaptic tuning curve. (B) Same as in (A) but all weights

are considered to be equal wi = 1. (C) Same as in (A) but all presynaptic tuning curves are con-

sidered to have the same width κi = 1. (D) Same as in (A) but with wi = 1 and κi = 1.

(EPS)

S4 Fig. Same as Fig 3 in the main text, but with N = 1000 input neurons. Inhibitory rate was

adapted to 1000Hz.
(EPS)

S5 Fig. Same as Fig 3 in the main text, but with N = 100 input neurons. Inhibitory rate was

adapted to 200Hz.
(EPS)

S6 Fig. Same as Fig 3 in the main text, but with N = 10 input neurons. Inhibitory rate was

adapted to 15Hz.
(EPS)

S7 Fig. Same as Fig 1 in the main text, but weights are initialized from a uniform distribu-

tion between 0 and 0.05.

(EPS)

S8 Fig. Same as Fig 2 in the main text, but preferred orientation from the input neurons is

drawn from a normal distribution with mean 0 and standard deviation π
8.

(EPS)

S9 Fig. Same as Fig 3 in the main text, but preferred orientation from the input neurons is

drawn from a normal distribution with mean 0 and standard deviation π
8.

(EPS)
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S10 Fig. Same as Fig 3 in the main text, but the neurons are considered to be active when

their activity is above the threshold 1.5β, where β¼ τref
2π .

(EPS)

S11 Fig. Same as Fig 3 in the main text, but the neurons are considered to be active when

their activity is above the threshold 0.5β, where β¼ τref
2π .

(EPS)

S12 Fig. Same as Fig 4 in the main text, but the firing rate of each input neuron was calcu-

lated using Eq 5 and substituting θ by θ + σ, where σ is randomly drawn for each input neu-

ron from a normal distribution with mean 0 and standard deviation π
50.

(EPS)

S13 Fig. Same as Fig 4 in the main text, but instead of adding Poisson noise to the firing

rate of the input neurons, we added noise drawn from a normal distribution with mean 0

and standard deviation 5 Hz.

(EPS)

S14 Fig. Simulation considering multiple synaptic contacts between a pair of pre- and

postsynaptic neurons with correlated activity. We start by establishing a simulation with a

similar setup as in S8 Fig, where the preferred orientation from the input neurons are drawn

from a normal distribution with mean 0 and standard deviation p

8
. We then purposely manipu-

late the connectivity of two presynaptic neurons N1 and N2. For the first presynaptic neuron

N1, we choose its preferred orientation to be the same as the postsynaptic neuron (which is

given by the mean 0 of the distribution of presynaptic preferred orientations) and we assume it

has a low selectivity by setting its κ = 0.5. Assuming the number of synaptic contacts between

the pre- and the postsynaptic neuron would reflect the correlation between them, we create 5

contacts between this presynaptic neuron N1 and the postsynaptic neuron. The individual

strengths of all these 5 contacts are subject to the plasticity rule based on presynaptic variance.

For the second presynaptic neuron N2, we choose its preferred orientation to be orthogonal to

the postsynaptic neuron (p
2
) and assume it would have high selectivity by setting its κ = 1. Since

N2 has low correlation with the postsynaptic neuron, we create only a single synaptic contact

between them. All the other presynaptic neurons have only a single synaptic contact to the

postsynaptic neuron, their preferred orientations are drawn randomly from a normal distribu-

tion with mean 0 and standard deviation p

8
, and their selectivity κ are randomly drawn from a

uniform distribution as in the main simulations of the manuscript. We then run the simulation

in the same way as the main simulation in the manuscript. As a result, while the weight of indi-

vidual synaptic contacts is smaller between N1 and the postsynaptic neuron than between N2

and postsynaptic neuron, the overall pre-post synaptic weight (that considers both number of

contacts and strength of individual contact) is larger between N1 and the postsynaptic neuron

than between N2 and the postsynaptic neuron.

(EPS)
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5. Goetz L, Roth A, Häusser M. Active dendrites enable strong but sparse inputs to determine orientation

selectivity. Proceedings of the National Academy of Sciences. 2021; 118(30). https://doi.org/10.1073/

pnas.2017339118 PMID: 34301882

6. Harris KD, Mrsic-Flogel TD. Cortical connectivity and sensory coding. Nature. 2013; 503(7474):51–58.

https://doi.org/10.1038/nature12654 PMID: 24201278
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