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Abstract

Many experimental and computational studies deal with sparseness, balance, and
decorrelation in neural networks and explain the presence of these properties as
fulfilling requirements related to optimum energy efficiency, network stability, and
information representation. These studies leave the question of how these prop-
erties arise in the brain unanswered. The present study attempts to address this
question using a model built upon the experimentally observed properties of neu-
ral responses, homeostasis, and synaptic plasticity. The experimentally observed
properties of sparseness, balance, and decorrelation are then expected to emerge
from this substrate. A spiking neural model of the primary visual cortex (V1) was
investigated. Populations of both inhibitory and excitatory leaky integrate-and-fire
neurons with recurrent connections were provided with spiking input from simulated
ON and OFF neurons of the lateral geniculate nucleus. This network was provided
with natural image stimuli as input. All synapses underwent learning using spike-
timing-dependent plasticity learning rules. A homeostatic rule adjusted the weights
and thresholds of each neuron based on target homeostatic spiking rates and mean
synaptic input values. These experimentally grounded rules resulted in a number of
the expected properties of information representation. The network showed a tem-
porally sparse spike response to inputs and this was associated with a sparse code
with Gabor-like receptive fields. The network was balanced at both slow and fast
time scales; increased excitatory input was balanced by increased inhibition. This
balance was associated with decorrelated firing that was observed as population
sparseness. This population sparseness was both the cause and result of the decor-
relation of receptive fields. These observed emergent properties (balance, temporal
sparseness, population sparseness, and decorrelation) indicate that the network is
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implementing expected principles of information processing: efficient coding, informa-
tion maximization ('infomax’), and a lateral or single-layer form of predictive coding.
These emergent features of the network were shown to be robust to randomized jitter
of the values of key simulation parameters.

Author summary

Experimental evidence shows that visual information in the brain is represented
using a neural code with particular features. First, individual neurons become
selective and react strongly only to particular visual features. Second, neurons
become diverse, representing different visual features. Third, neurons receive
excitatory and inhibitory input that is balanced even over very short time scales
(around 10 ms) inhibition and excitation rise and fall together. These three fea-
tures are well known from experimental studies and are also well understood as
providing an accurate and efficient code for visual information. Much less well
understood is how these features arise.

In this paper we construct a simulation of ‘biologically grounded’ neurons in the
primary visual cortex. Unlike the more familiar ‘Artificial Neural Networks’, biolog-
ically grounded neural networks are defined to have neurons that are only either
excitatory or inhibitory in their effects on other neurons, and learning is achieved
by neurons organizing themselves experimentally-based synaptic plasticity rules.
We observed that the accurate and efficient visual code emerged from the sim-
pler rules of the biological neural network. This has implications for understanding
the brain’s function and potentially also building more energy efficient machine
learning.

1 Introduction

Neurons in the primary visual cortex are observed to show a sparse response to
sensory stimuli; individual neurons respond strongly to only a minority of stimuli
(temporal sparseness) ([1]). This sparse response of the cortex is associated with a
sparse code that achieves an energy efficient representation of the input data, and
maps the incoming sensory data to a small set of causes. These causes are the spa-
tial receptive fields of each neuron; the particular visual input that causes a neuron to
respond. In the visual cortex these receptive fields are experimentally observed to be
well fitted by a Gabor function ([2]), a result that matches the theoretical predictions
of sparse-coding models ([3-6])).

Biological networks also exhibit balance between excitation and inhibition ([7—-9]).
Balance is a dynamical feature of biological neural networks and is known to enforce
stability and prevent runaway pathological responses ([10]). Balance can enhance
the precision of cortical representations ([11]). The degree of balance can be eval-
uated at a range of timescales, from ‘loose’ balance for long time scales, to ‘tight’
balance for fine time scales ([12]). Loose balance refers to the overall magnitude of
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excitatory and inhibitory input to the neurons of the network. Tight balance can be observed in temporal correlations on
the scale of milliseconds between the rapid changes in the excitation and inhibition provided to individual neurons.

Decorrelation in biological neural networks refers to de-correlated firing between individual neurons ([13]). This is a
tendency for neurons to compete and reduce redundancy in the network’s representation of sensory input and maximise
the information they carry about visual input. An individual visual stimuli results in activity in only a minority of neurons
responding strongly, i.e., a form of ‘population sparseness’. Balance also appears to be associated with the decorrelation
of responses between neurons; if inhibition balances excitation then the neuron will be prevented from firing. This creates
a decorrelated spiking response which over time leads to decorrelation of the receptive fields of each neuron.

This literature shows that neurons in the visual cortex exhibit sparseness, balance, and decorrelation and offers valu-
able explanations for why these properties may be useful for energy efficiency, network stability, and optimum informa-
tion representation. However, it does not answer the question of how the brain achieves these combination of features.
To answer this question the present study takes a ‘bottom-up’ approach; a biologically grounded model was constructed
based on experimental data of the neural dynamics and synaptic dynamics, and analysis of the results was used to deter-
mine whether the experimentally observed properties of neural representation emerge.

1.1 What are biologically grounded neural networks?

In biological networks neural activations (spike rates) cannot be negative, synaptic weights cannot switch sign ([14]), and
synaptic weights are modified by local learning rules (rather than using a global optimization process like backpropaga-
tion). While there are many specific qualities that might be considered to be essential features of biological neural net-
works for the purposes of this study we define a biologically grounded neural network to have the following experimentally
observed features related to the network’s architecture, neural dynamics and learning dynamics:

(i) Spikes used to transmit and encode information rather than scalar rate values often used in neural networks.

(ii) Distinct populations of excitatory and inhibitory neurons used rather than individual neurons that are simultaneously
excitatory and inhibitory; a requirement known as Dale’s Law ([14]).

(iii) Specific to the visual cortex, input is provided from separate populations of ON and OFF Lateral Geniculate Nucleus
(LGN) neurons encoding local positive and negative differences in luminance relative to background ([15]). This is
more realistic than artificial neural networks that use negative inputs to represent below average luminance.

(iv) Lateral connections are included between neurons within a layer of the network. These are superfluous in networks
that use back-propagation to create diversity.

(v) Spike-Timing-Dependent Plasticity (STDP) rules used to adjust synaptic weights based on the timing differences of
spikes ([16]). These use local information available at the synapse rather than the explicit global objective functions
and back-propagation used in artificial neural networks.

Biologically grounded neural networks can act as a biomimetic approach to improving Artificial Neural Networks
(ANNSs). In this context the model proposed in this study of a biologically grounded neural network can be thought of as a
specific form of an Artificial Spiking Neural Network (ASNN) ([17]). Existing approaches to ANNs use an extremely large
amount of energy during training ([18,19]). When implemented in neuromorphic hardware ASNNs are orders of mag-
nitude more energy efficient ([20]). ASNNs are often trained using techniques such as a ‘shadow’ ANN ([21]), or back-
propagation ([22,23]). While there has been moderate success using these methods non-biological, neither have matched
the success of conventional ANNs and neither take full advantage of low-energy usage neuromorphic hardware.

Table 1 compares previous sparse coding models that learn information representation in V1 using some of the
biologically-grounded features mentioned above and Table 2 compares the emergent properties observed in these models
with the present study.
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Table 1. Comparison of models of V1. Row headings are sparse coding models or models based on sparse coding and column headings are features
of biologically-grounded neural models.

LGN ON/OFF separation Spiking (inputs, outputs) STDP (feedforward, lateral) Inhibitory subpopulation

[5,6,24] X X, X X, X X

[25,26] X X X X X

[27,28] X X, X, X X

[29] X X, X,

[30] , . X X

[31] , , X

Present study

https://doi.org/10.1371/journal.pcbi.1013644.t001

Table 2. Comparison of the emergent properties of V1 models. Row headings are sparse coding models or models based on sparse coding and col-
umn headings are emergent features. Asterisks on the cited papers indicate those that also include an n, vs n, plot to illustrate the diversity of receptive
field shapes.

Sparseness Balance Decorrelation
Imposed Emerged Analysed

[24.25], [5]"; [6]; [26T X X

[27]"; [28]; [301*; [31] X X

[29] X

Present study*

https://doi.org/10.1371/journal.pcbi.1013644.t002

While many models of the visual cortex exist, there appears to be no model that combines biological realism, as
defined above, with attempts to quantify the important properties of sparse coding (both spatial and temporal), balance,
and decorrelation. For example, a recent model includes separate ON and OFF LGN inputs, spiking inputs and outputs,
as well as STDP ([31]). However, this model does not include a separate inhibitory subpopulation and instead implements
a single output population with recurrent inhibition. Additionally, this model does not demonstrate the diverse RF shapes
variety of Gabor functions and includes a separate inhibitory subpopulation, but does not provide analysis of balance or
decorrelation ([29]). It also omits the feedforward connection to inhibitory neurons and recurrent excitatory connections
present in V1. Since these connections are known to exist in the visual cortex, it is necessary to show that their contribu-
tion is compatible with a sparse code.

1.2 Proposed model

The model in the present study consisted of V1 neurons driven by LGN neurons responding to visual stimuli. The LGN
neurons were modeled as linear non-linear Poisson neurons, providing spike trains based on visual stimuli. To obtain the
LGN neuron spike rates, natural images were spatially filtered (Fig 1A). This was achieved using the center-surrounding
profile observed biologically ([32,33]).

Excitatory and inhibitory cortical neurons in the model were implemented as leaky integrate-and-fire (LIF) neurons
(Fig 1B). The LIF model is a spiking neuron model that can accurately capture many of the most salient properties of neu-
ron in the brain, such as the temporal integration of synaptic inputs and a non-linear (or threshold) firing mechanism ([34,
35)).

The model used the triplet spike-timing-dependent plasticity rule for connections between excitatory neurons (Fig 1B).
Triplet STDP is able to better capture observed plasticity in cortical neurons compared to classical pair-based STDP
([36]). Triplet STDP is mathematically equivalent to the Bienenstock Cooper Munro (BCM) learning rule for rate-based
neurons ([36—-38]) which has been influential in explaining several visual phenomena, including orientation selectivity, ocu-
lar dominance and monocular deprivation effects ([39]). For inhibitory synapses, a symmetric STDP rule was used ([40])
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Fig 1. LGN model and cortical model topology: (A) LGN model. A grayscale image (16x16 pixels) spatially filtered using the center surround whiten-
ing filter. The filtered image pixel values converted into ON and OFF LGN neuron spike rates via rectification. (B) Cortical model: Separate populations
of 400 excitatory and 100 inhibitory neurons received feed-forward input from 512 LGN neurons representing 256 image pixels. Synaptic connections
with the inhibitory neurons were trained using symmetric STDP and connections between excitatory neurons were trained using triplet STDP.

https://doi.org/10.1371/journal.pcbi.1013644.9001

(Fig 1B). This rule corresponds closely to standard rate-based Hebbian learning and has been observed experimentally
for inhibitory synapses of mouse auditory cortex ([41]).

The network incorporated separate excitatory and inhibitory populations, with a ratio of 4:1. This is consistent with cor-
tical anatomy ([42]). Inhibitory neurons were set to have higher firing rates and stronger average output weights than exci-
tatory neurons consistent with experimental observations ([43-45]).

Receptive fields of this model were examined to understand the selectivity of learned responses. The receptive field
refers to the ideal sensory stimulus that will trigger the firing of a neuron. Classically, the receptive field is measured in
experiments by presenting visual stimuli, such as spots of light, bars or gratings, and measuring the neuron’s response.
White noise stimulation has also been used as the visual stimuli and this provides an unbiased estimate of the recep-
tive field ([46,47]). Properties of the visual neuron can be inferred from their receptive field such as orientation and spa-
tial frequency tuning. In this study, the shape and diversity of learned receptive fields were characterized, along with met-
rics such as sparseness, decorrelation and excitatory-inhibitory balance. Lastly, robustness of the network was tested by
varying parameters such as target firing rates and weight jitter.

2 Methods
2.1 Network architecture

The visual stimuli to the thalamic neurons were provided by images with 16 x 16 = 256 pixels.

A population (X) of NX = 512 Lateral Geniculate Nucleus (LGN) neurons was split into 256 ON and 256 OFF sub-
populations ([15]).

The cortical network simulated in this study consisted of NE = 400 excitatory (E) and N' = 100 inhibitory (I) neurons
representing output V1 simple cells. Among these model V1 neurons there was all-to-all lateral connectivity with no self-
connections.

All V1 neurons received feedforward thalamic input from all LGN neurons and all synapses were plastic and were
trained during learning.
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2.2 Image input and LGN processing

Raw images from the van Hateren dataset ([48]) were used to train the model. This dataset contains over 4000 black and
white natural scene images with pixel intensities between 0 and 1. For these simulations, 1000 images were randomly
chosen.

These images were first filtered using a centre-surround receptive field filter. This mimics the processing performed by
the retina and LGN. The filter was a divisively normalised difference-of-Gaussians:

FC(X’y)_FS(X’y)

F(X’y) N Fd(X’y) ’

(1)

where F(x, y) is the intensity at image location (x, y) after applying the spatial filtering, and F;, Fs and F4 are normalized,

concentric, isotropic Gaussian filters with standard deviations o, = 1, o, = 1.5, and g4 = 1.5, for center, surround and divi-
sive normalization respectively. This is consistent with previous measurements ([32,33]). Images were then normalized to
have a standard deviation of 1.

Random patches of size 16 x 16 pixels were sampled from these LGN-processed images, and selected as the input
stimuli to the network.

Separate populations of ON and OFF LGN neurons were constructed by rectifying the positive and negative absolute
values respectively (Fig 1A). Values were scaled to give appropriate firing rates across a large number of images. In par-
ticular image patches were scaled by a factor of ¢, = 70 to yield suitable firing rates (i.e., mean input firing rates of 20 Hz).
Spikes were generated by simulating a Poisson processes. To simulate the saturation of retinal and LGN neurons, the
Poisson firing rates of the LGN neurons were bounded at 100 Hz.

2.3 V1 neuron dynamics

Corrtical neural dynamics were simulated using a current-based LIF neuron ([49]). The governing dynamics for the mem-
brane potential, \/jA(t), of neuron j in the output population were given by:

dvjA(t) Viest = VA XD
= J + /
at Tm Cn’

(2)

where A € {E, I} represents the excitatory and inhibitory populations, C, is the membrane capacitance, 7, is the passive
membrane time constant, and V,.; is the resting membrane potential.

When the membrane potential crossed the spiking threshold, QJA, an action potential is generated and the membrane
potential is reset to the resting potential. Additionally there was a lower bound for the membrane potential at V,,,, analo-
gous to the inhibitory reversal potential.

The synaptic input, I/A(t), to neuron j in neural population A was modeled as an instantaneous current injection (for nota-
tional convenience the membrane capacitance parameter, C,,, was henceforth absorbed into the scaling of the weight

matrix, WAB, of the network):

NB
ACH) — BB A
G Be{;E,.}Z WiBSP(H + EA D - (3)
The synaptic weight from presynaptic neuron i= 1,2, ..., NB in population B to postsynaptic neuron j in population A

is W/.?B. The spike train, S?(t), of neuron i in population B is represented by the sum of Dirac delta functions at the spike
times. Gaussian white noise (;“ﬁ(t)), mimicking additional inputs from other more distant cortical neurons was added to the
current at every 8t = 1 ms timestep sampled from the distribution N (,ug, 052), where u: =0 and o = 6t= 1. The value of
o¢ was chosen to increase stochasticity of output spikes.
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2.4 STDP and homeostasis

2.4.1 STDP. The form of STDP was chosen to depend on the type of synapse. For the synapses between two excita-
tory neurons (WEX and WEE) the minimal triplet STDP rule was used ([36]). Learning followed the spiking of postsynaptic
spikes (at time t) or the presynaptic neuron (at time t):

AWJ.'TTB =nEBAU, (OU, (t—©), ift=t
AW;TB = 1B AU (D), ift=1t, (4)

where WﬁB represents the synaptic weight from neuron i in population B € {X, E} to neuron j, nt8 is the learning rate and
¢ is a small positive constant to ensure that the weight change is updated before the synaptic trace variable, U, (1), is
updated. The variables U, /(f) and Uy () are synaptic traces of presynaptic and postsynaptic activity, respectively. In gen-
eral, these traces can be written as U, i(f), where « € {p, d} corresponds to the potentiation (p) or depression (d) compo-
nent of the triplet STDP rule. Each synaptic trace was the convolution of a truncated exponential kernel, K, (t), with the
neuron’s spike train S;(f):

Ka(d =5 exp (=),
TO{

U, i() = Ky % S (D, (5)
where J((f) is the Heaviside step function and 7, are the STDP time constants for « € {p,d, a}. The STDP amplitudes are
A, and A4, which are the potentiation and depression sides of the triplet STDP respectively. The STDP time constants are
T, and 74. The third STDP time constant, 7, is longer so that the resulting trace tracks an approximation of the moving
average of the postsynaptic spike rate.

The threshold between potentiation and depression can be described by ¢ ([36,37]):
AgTq

- ApTpTa (6)

The ratio of the potentiation and depression coefficient values, A, and Ay, were chosen such that ¢ = oF, which is the
target firing rate of the excitatory neurons. Setting the triplet STDP parameters in this way achieves rate equilibrium for
uncorrelated input and output spikes. In the original BCM rule, the threshold varies to stabilize learning, and although
the threshold in this triplet rule is fixed, the adaptive spiking threshold and weight normalization are expected to create
stabilization.

For all other synapses (WE', WX W'E and W'") the plasticity rule is symmetrical STDP. The symmetrical STDP rule
was in the form:

AWI;\B = 7B Agym Usym. (D), ift=t

AWAB = "B Ay Ugym (D), ift=t, (7)
which has an STDP time constant of 7. This symmetrical STDP learning rule applied to synapses from population B €
{E, 1, X} to population A € {E, I}, except the external-to-excitatory (X — E) and reccurent excitatory-to-excitatory (E — E)
connections, which follow the triplet STDP rule described in Eq 4.
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2.4.2 Weight normalization. All synaptic weights to a neuron had an L1 norm upper bound. If the L1 norm is
exceeded due to STDP during training, then those weights are normalized using first subtractive normalization followed by
synaptic weight bounding and then multiplicative normalization.

For example, ij‘B, which is the weights from population B € {E, |, X} to postsynaptic neuron j in population A € {E, I},

underwent subtractive normalization if the L1 norm exceeds Iﬁ‘B:
WAB _ B ||WﬁB||1 -8

where IﬁB is the upper bound of the L1 norm and N8 is the number of neurons in population B. Weights were then con-
strained to be non-negative: Wf - max(Wj?B,O) to enforce Dale’s law leading to an increase in ||W;‘B||1. Multiplicative
normalization was then applied:

/AB

:
o= - X .
T

()

Subtractive normalization was applied (in addition to multiplicative normalization) to avoid the weight-convergence that
occurs under multiplicative normalization when there is a large growth in the mean synaptic weight.

2.4.3 Homeostatic plasticity. Homeostatic plasticity was also employed in the form of an adaptive spiking threshold,
ejA, for neuron j in population A ={E, I} ([27,50]):

;
1
ABR =1f [_Tfo S]A(t)dt— pA] , (10)

where 779 is the homeostatic learning rate, T is the learning period and S}’.*(t) is the spike train. This homeostatic rule
ensured the excitatory (inhibitory) neurons have a time-average firing rate of o& (0'). An upper bound on AGJA was
enforced to avoid instability.

2.5 Synaptic balance in the network

Balanced network theory was used to determine appropriate mean weights and inform the choice of L1 upper bounds of
synaptic weights. The balance theory condition under large N, which is the total number of neurons in the network, is that
the mean total synaptic current to a neuron scales as O(1). Balance and a stable solution is obtained if:

WEX e wEE
W A an
where W8 is the mean synaptic weight from neurons in population B € {E, I, X} to neurons in population A € {E, I}. This
relation is similar to the balanced condition derived in other studies ([51-53]).
pl = 2pE, (12)
w! ~ 2WE, (13)

where wE (w') is the mean synaptic weight with an excitatory (inhibitory) presynaptic neuron. These parameter choices
are grounded in experimental findings: inhibitory interneurons tend to fire at higher rates than excitatory neurons in vivo
([43]), and inhibitory synapses are often stronger and more reliable than local excitatory synapses ([44,45]).
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The values of the L1 weight norm upper bounds were chosen to adhere to Egs 11 and 13 and are shown in Table 3.
Egs 12 and 13 are enforced by the adaptive spiking threshold (Eg 10) and homeostatic weight normalization (Egs 8
and 9).

2.6 Training

The initial weight connectivity structure was random and sparse. Some weights were initialized to high values whereas
others were initialized to low values:
WﬁB _ b with pr?bability p, (14)
0.01b otherwise,
where b is sampled from a normal distribution with mean 1 and standard deviation 0.5, and p = 0.2 was the probability of a
strong synaptic connection. Weights were then scaled to their upper bound L1 norm (Eq 9).

During training each image was presented to the network for T =400 ms. Images were presented in batches of 100.
The spiking thresholds were allowed to reach stable values by running the network with an adaptive spiking threshold but
no weight plasticity for 100 batches (100 x 100 x 400 ms ~67 mins in model time). After this period the weights and spiking
threshold were both allowed to adapt.

Training occurred over N,, = 1200 batches (1200 x 100 x 400 ms ~11.1 hrs model time). At both batch number 0.3N,
and batch number 0.6N,,, the learning and homeostatic rates, »*8 and neA were halved to facilitate both fast initial learning
and finely tuned final synaptic weights.

2.7 Tabular summary of parameters
2.8 Analysis methods

2.8.1 Receptive field analysis.

Spike-Triggered Average Following training, the receptive fields (RFs) of the modelled V1 cells were estimated by
Spike-Triggered Average (STA) ([46]), also referred to as reverse correlation or white-noise analysis.

The STA provides an unbiased estimate of a neuron’s receptive field only if the stimulus distribution is spherically sym-
metric, e.g., Gaussian white noise ([46,47]). Spatial Gaussian white noise stimulus with unit variance, n, was put through
the same LGN pipeline, scaled by a factor of 2c, to convert to spiking rate and presented to the network, and the firing
rate, r, of each model cell recorded. Gaussian white noise was converted to suitable pixel values between 0 and 255
using the relation: 50n + 100, with lower and upper bounds of 0 and 255 respectively. The receptive field of each neuron,
F, was estimated using a weighted average of the images:

N,
ZI'=‘A{I rin;

F=
N b
et li

(15)

where N,, = 10° was the number of white noise stimuli. The results of the STA were upsampled from 16x16 pixels to 160x
160 pixels using bilinear interpolation.

Fitting Gabor-functions to receptive fields: To facilitate comparison of simulation results with experimental data the
RFs of the V1 neurons were then fit with Gabor filters.

The process used was similar to previous experimental ([2]) and simulation studies ([26]). A 2D Gabor function, G(x,
y), is defined as a sinusoidal plane wave multipled by a 2D Gaussian window. As in [26], the fitting error is defined as the
ratio of the sum of the squared residuals over that of the receptive field. The receptive fields that had a fitting error of less
than 10% were described as well-fit to a Gabor function. The fitted n, = o,f; and n, = o, f; values give the width and length
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Table 3. Simulation parameter summary for the network model.
Neural Populations

Name Value Description

NX 512 Size of ON and OFF input population, X: 16 x 16 x 2

NE 400 Size of excitatory population, E

N 100 Size of inhibitory population, I: 0.25NF

LGN Processing

Name Value Description

O¢ 1 Standard deviation of center Gaussian filter

Og 1.5 Standard deviation of surround Gaussian filter

o 1.5 Standard deviation of divisive normalization Gaussian filter

Cr 70 Scaling constant to yield suitable LGN firing rates after LGN processing
Neuron Model

Name Value Description

Tm 10 ms Membrane time constant

Viest 0 Resting and reset membrane potential

Viin -10 Lower bound of membrane potential

Gj" 10 (initial) Adaptive spiking threshold for an excitatory neuron (& = E) or an inhibitory neuron (a = 1)
ot 1ms Simulation time step

O¢ 1 Standard deviation of synaptic current Gaussian white noise

Weight Connectivity

Name Value Description

EX 100 L1 norm upper bound of weights from X to E

EE 10 L1 norm upper bound of weights from E to E

£ 120 L1 norm upper bound of weights from | to E

X 80 L1 norm upper bound of weights from I to X

I'1E 240 L1 norm upper bound of weights from | to E

I'1I 120 L1 norm upper bound of weights from | to |

Plasticity Model

Name Value Description

oF 2Hz Target firing rate of the output excitatory neurons during image presentation
o 4 Hz Target firing rate of the output inhibitory neurons during image presentation
Tp 20 ms Time constant of potentiation for triplet STDP

Ty 50 ms Long time constant of potentiation for triplet STDP

Ay 1 Coefficient of potentiation for triplet STDP

T4 20 ms Time constant of depression for triplet STDP

Aq 0.1 Coefficient of depression for triplet STDP: pFr,

Tsym 20 ms Time constant of symmetrical STDP

Asym 0.5 Coefficient for symmetrical STDP

nEX 2x 1074 Learning rate for weights from X to E

nEE 1x10~% Learning rate for weights from E to E

N 9x 1072 Learning rate for weights from | to E

X 3x1073 Learning rate for weights from X to |

n'E 4 %1072 Learning rate for weights from E to |

nn 6x 1072 Learning rate for weights from | to E

175 0.1 Homeostatic rate for adaptive spiking threshold of excitatory neurons
77'6 0.1 Homeostatic rate for adaptive spiking threshold of inhibitory neurons
Stimulus

Name Value Description

N, 1200 Number of epochs/batches

Ny 100 Number of image patches in a batch

T 04s Duration of one learning period and stimulus presentation

https://doi.org/10.1371/journal.pcbi.1013644.t003

of the Gabor function expressed as the product of the standard deviations of the Gaussian envelope, o, and o,, and the
spatial frequency f.
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2.8.2 Quantifying sparseness. The modified Treves-Rolls sparseness metric was used to quantify temporal sparse-
ness (sometimes called lifetime sparseness) for a given neuron ([54]):

&V rmy?
gr=1-—__, (16)
>, (/M)

where r; is the neuron’s response rate to image j, and M is the number of images used.
An identical metric was used to quantify the population sparseness in response to a given image:

Ny

, (17)
¥ (2IN)

sp=1

where r; is each neuron i’s response rate to the image, and N is the number of neurons in the population.

The value of ¢ in each case lies between [0, 1] and approaches 1 for a highly sparse responses. To obtain a measure
of the overall temporal and population sparseness the average value across neurons was used to characterize temporal
sparseness (¢7) and the average value across images was used to characterize population sparseness (¢p).

2.8.3 Network robustness. To test robustness of the results to parameter changes, simulations were run in which
the upper bounds for the L1 norm of the weights for E, | and X inputs were each randomly varied. For each simulation,
each of these parameters was scaled by a random number sampled from the uniform distribution between 1—-cand 1 + ¢
for each postsynaptic neuron. For instance, /ﬁ\B would become a N* x 1 vector where neurons in population A may have
different weight norm upper bounds.

Simulation parameters remain the same (Table 3) except for the L1 norms which are jittered and the learning rates.
Due to different L1 norms, the learning rates for each group of weights were adjusted to compensate. For example, for the
weights from feedforward to excitatory neurons:

EX
1,new

Mhow = Noja X = (18)
1,0ld

2.8.4 Varying target firing rates. Simulations with different target firing rates were run. In particular, excitatory neu-
rons had target firing rate of 1 Hz, 2 Hz, 5 Hz, 10 Hz or 20 Hz. The inhibitory neurons had a target firing rate of double that
of the excitatory neurons, namely 2 Hz, 4 Hz, 10 Hz, 20 Hz and 40 Hz, respectively. This choice is consistent with exper-
imental findings showing that neurons fire within this frequency range ([55]) and that inhibitory interneurons tend to fire at
higher rates than excitatory neurons ([43]). Ten simulations for each of these target firing rates were run.

Simulation parameters remain the same (Table 3) except for the the depression coefficient of triplet STDP was required
to satisfy equation 6. Additionally, due to different firing rates, the learning rates were adjusted to compensate. For exam-

ple, for the weights from feedforward to excitatory neurons and for recurrent excitatory weights:

PEId
nrl;:é(w = 77c|§l)d( x |§
new
o5\
nEEy = n55 X ( 2 ) (19)
Pnew

2.8.5 Varying network size. When varying the number of cortical neurons multiples of the total number of neurons
in the original model were chosen: ¢, € {1, 2, 3, 4}. For the input neurons, there were ¢, ON and OFF neurons per pixel,
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leading to ¢, N* input neurons; for the output excitatory and inhibitory neurons, there were ¢,NF and ¢,N' neurons respec-
tively.

The L1 norms were scaled in proportion to \/Nto conform with known effects in vivo ([51-53]) and in vitro ([7]). Addi-
tionally, the learning rates were adjusted as in Eq 18.

3 Results

Before training, weights were initialized to their L1 upper bound. It was observed that when weights were initialized with
very small non-zero values, the L1 weight norms all approached upper bound, and took much longer to learn (S1 Supple-
mentary Material).

The baseline network firing in response to random background input before learning was observed to be maintained
after learning (S2 Supplementary Material).

3.1 Sparseness in the network’s activity

After training, the neurons show membrane voltage dynamics and spike patterns typical of biological networks (Fig 2A
and 2B). The sparseness value of the excitatory neurons in this for the trained network of gE =0.90.

Spike rates for each neuron were observed across multiple images (Fig 3A). Qualitatively, each neuron in each popula-
tion appears to show temporal sparseness. This can be seen in the fact that each neuron responds selectively with a high
spike rate produce only to certain images.

To quantify this effect each of the rows of the response matrices were ordered from lowest to highest response across
the 100 images used, these ordered rows were then averaged together to give the populations average spike rate (S) as
a function of their least preferred to most preferred image (Fig 3B). The approximately exponential distribution of spike
rates indicates that neurons were selective in their response, which is indicative of spareness. The value of temporal
sparseness for each population, ¢r was calculated using Eq 16. The values of ¢ show that the E and | populations are
more sparse than the ON and OFF populations and that the E population was more sparse than the | population.

Similar analysis was performed for populations sparseness (Fig 3C). The approximately exponential curve in Fig 3C
can be interpreted as the average distribution of spike rates across the population in response to an image.

150 T T 400 . .
A B
300
100 |
w g 200
2 ' NA
a Z 100
|
0 4
0 s bl
L}
50 100 : -
0 100 200 300 400 0 100 200 300 400
Time (ms) Time (ms)

Fig 2. Membrane voltage and rastor plot after training: (A) The membrane voltage response of an excitatory neuron (E-388) in response to

a single image presented for 400 ms after learning. Membrane voltage (yellow), black (spike threshold). The green and purple traces show the
response to excitatory and inhibitory inputs alone. (B) The raster plot of the spiking response of all neurons in response to the same single image. The
population sparseness is gE = 0.90 and g}, = 0.86 for the excitatory (green) and inhibitory (purple) population respectively. All neural parameters as
described in Table 3.

https://doi.org/10.1371/journal.pcbi.1013644.9002
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Fig 3. Sparse network response after training: (A) The spike rate of a subset of 30 neurons in each neural population (ON, OFF, E, and I) in
response to a subset of 30 images. (B) Temporal Sparseness in response to 100 images. This is calculated by first sorting each neuron’s response
(the rows of the arrays in (A)) from lowest to highest response spike rate before then averaging across rows to give mean spikes rate S Note that the red
and blue traces are closely aligned. C) Population Sparseness. This is calculated by first sorting each image’s response (the columns of the arrays in
(A)) from lowest to highest response spike rate before then averaging across columns. The horizontal axis shows all the neurons ordered from lowest to
highest response for each images, and then normalized so that the sparseness curves can be compared directly despite differing population size for ON,
OFF, E, and I. All neural parameters as described in Table 3.

https://doi.org/10.1371/journal.pcbi.1013644.9g003

3.2 Sparseness in the network’s receptive fields

The spike triggered average (STA) for each neuron in the E and | populations was calculated, as described in Sect 2.8.1,
and representative receptive fields are shown in Fig 4. A diverse range of receptive field shapes were learned, such as
localized unoriented blob-like filters and oriented Gabor-like filters. It can be seen that the network learned Gabor-like
receptive fields, which also arise from other sparse coding models ([24,26,27,29]). Furthermore, receptive fields of differ-
ent sizes, positions and orientations can be seen for both excitatory and inhibitory neurons.

Receptive fields were quantified by fitting each one to a parameterized Gabor function as described in Sect 2.8.1.
The 369 out of 400 excitatory neurons that have a fit error less than 10% are shown with experimental data from cat and
macaque (Fig 5). n(= o,fs) and n (= o, f;) are the width and length of the Gabor function expressed as the product of the
standard deviations of the Gaussian envelope, o, and o, and the spatial frequency f;.

It can be seen that the Gabor functions are situated in the same region of parameter space as the Gabor functions
measured from mammals in vivo. However, there are some regions in the n,, n, space that is occupied by experimental
results but not by the model.

3.3 Decorrelation in the network’s activity

To examine de-correlation of firing rates the spike rate data across neurons and images shown in Fig 3A was used. The
correlation coefficient between the firing rates of each pair of LGN, E, and | neurons was calculated (Fig 6).

It can be seen that the LGN and E populations have small mean correlation coefficients. The distributions are some-
what skewed indicating that highly correlated firing is more likely than highly uncorrelated firing.
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Fig 4. Receptive fields of excitatory and inhibitory neurons characterized via simulated STA: Weights calculated via STA have been normal-
ized. (A) Excitatory receptive fields of 64 randomly chosen neurons. Red and blue shows the measured weight to pixels of the visual field represnting
that neuron’s sensitivity to above average or below average luminance levels in that pixel. (B) Inhibitory receptive fields of 25 randomly chosen neurons.
Neural parameters were those as described in Table 3.

https://doi.org/10.1371/journal.pcbi.1013644.9g004
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Fig 5. Quantified comparison of Gabor functions with experimental data (n, vs n,): Distribution of receptive fields of model excitatory neurons
compared with experimentally recorded receptive fields for cat ([56]) and macaque monkey ([2]). Open blue circles: cat data. Red stars: monkey
data. Black dots: model data of 369 of 400 excitatory neurons that fit Gabor filters with <10% fit error. Example RFs from the model are shown in inset.

https://doi.org/10.1371/journal.pcbi.1013644.9g005

3.4 Decorrelation in the network’s receptive fields

The correlation coefficient of a single excitatory neuron’s receptive field with each of the 100 inhibitory neuron’s receptive
fields was calculated as described the the Methods giving a distribution of values (Fig 7A). The majority of the inhibitory
neurons are uncorrelated (showing zero correlation) while a minority have higher correlated or anti-correlated values.

The pairwise correlation coefficient is also plotted for all 40,000 excitatory-inhibitory pairs (Fig 7C, inset). There is
decorrelation between these two populations, with coefficients clustered at 0 and no apparent positive bias. The same
analysis reveals similar uncorrelated receptive fields among all populations (Fig 7D-F, insets).
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40

30

20

10

Number of | neurons

Nill

-1 0
El RF Correlation

15

X

oo
: "‘

IE RF Correlation

El
W
o N A O ® O

B LIEIEICI]

-0.54 -0.27 -0.01 0.24 0.5

Cc

50
40
o 30
20
.. 10
g .\ '
o s bt 0
-0.5 0 0.5 -1

El RF Correlation

1000

-0.5 0 0.5
Il RF Correlation

EE RF Correlation

Fig 7. Decorrelation of receptive fields: (A) The range of correlations between an excitatory neuron’s receptive field (receptive field shown in
inset) and the receptive fields of the 100 inhibitory neurons in the network. (B) The inhibitory input weight from each of the inhibitory neurons as a
function of their receptive field correlation. Example inhibitory neuron receptive fields at different correlation values are shown in inset. (C-F) The input

weight to as a function of the pairwise receptive field correlations for every El neuron pair, IE neuron pair, Il neuron pair and EE neuron pair. The insets
show the histogram of the RF correlations using bins of width 0.02. Neural parameters as described in Table 3.

https://doi.org/10.1371/journal.pcbi.1013644.9g007
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3.5 The mechanism of decorrelation in the network’s receptive fields

To assess the role of inhibitory interneurons in decorrelating the responses of primary (excitatory) neurons the inhibitory
input weight from all inhibitory neurons was plotted as a function of the correlation coefficients between the pairs (Fig 7C).
The same analysis was completed for all 40,000 pairs of inhibitory input to excitatory neurons in Fig 7D and for the recip-
rocal case of excitatory input to inhibitory neurons in Fig 7E.

It can be seen that excitatory neurons receive strong input from inhibitory neurons with strongly correlated recep-
tive fields (Fig 7C). The data shown in Fig 7E and 7F shows a similar synaptic weight dependence on RF correlation for
inhibitory-inhibitory and excitatory-excitatory connections.

3.6 Balance in the network’s activity

To examine loose balance in the network an excitatory neuron was randomly selected and its receptive field characterised
by STA (Fig 8A). To quantify the total excitatory and inhibitory input the neuron’s spike-threshold and minimum membrane
voltage limit were both removed to allow the membrane voltage to evolve without interference. Anti-correlated (low-input),
uncorrelated, and correlated (high-input) image patches were chosen from random set of 1000 patches. These three
images provide the neuron with its lowest to highest input drive and are shown in Fig 8B-D (insets).
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Fig 8. Loose balance: (A) An excitatory neuron’s receptive field as measured via STA. (B) The neuron’s membrane voltage during the network’s
response to the anti-correlated image stimulus shown in the inset. The image was selected as the most anti-correlated from 1000 images. The spike-
threshold and voltage minimum was removed to allow observation of the full inhibitory response. The response without inhibition and without excitation is
shown in green and purple. (C) Response to the most uncorrelated image. (D) Response to the most correlated image. (E) Using the same approach as
in (B-D), the average membrane voltage for 40 randomly chosen neurons in response to the most anti-correlated, un-correlated, and correlated images
(chosen from 100 random images). Error bars show the standard deviation in the voltage. (F-H) The excitatory and total membrane membrane voltages
plotted as a function of the amplitude of the inhibitory only voltage for using the data in (E). Neural parameters as described in Table 3.

https://doi.org/10.1371/journal.pcbi.1013644.9g008
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The membrane voltage during the network’s response to these images (Fig 8B-D (yellow trace)) shows an increase
with increasing input as expected. The membrane voltage with only excitatory input and with only inhibitory input is also
shown (Fig 8B-D, green and purple traces).

For this neuron across these three images it can be seen that the increase in excitation during the network’s response
to the correlated image patch was accompanied by an increase in inhibition. This analysis was repeated for 40 randomly
chosen neurons and the mean and standard deviation of the total (yellow), excitatory (green) and inhibitory (purple) mem-
brane voltages calculated (Fig 8E). It can be observed that excitation and inhibition both grow with increasing input inten-
sity. Despite increasing input intensity (anti-correlated, uncorrelated, correlated) the total membrane voltage (yellow) for all
40 neurons has a mean and standard deviation that rarely transits above the spike-threshold.

To examine the presence of balance in more detail, for these 40 neurons the mean excitatory input and combined input
was replotted as a function of the mean inhibitory input (Fig 8F-H, green). The values can be seen to be correlated and
that the mean membrane voltage (yellow) as a function of the mean inhibitory input shows that the total voltage is brought
down below the spike-threshold. This appears to demonstrate that neurons are not excitation dominated, even at high
input levels (Fig 8 H).

The cross-correlation between the excitatory and inhibitory response to the ten high input (correlated) image patches
was calculated (Fig 9). The period of response from 0 to 100 ms was excluded to avoid measurement of correlations in
the initial transient change in membrane voltage. There was a positive temporal correlation between the excitatory and
inhibitory inputs to the neuron. The correlation decays with a time-window of approximately 10 ms, a similar time-scale to
that of the membrane time constant, z,,.

3.7 Robustness of the network

The network’s sensitivity to excitatory neuron target firing rate, neuron number, and L1-norm values was examined by set-
ting these values before training and then training the network. In response to each the change in excitatory receptive field
correlation, temporal and population sparseness were quantified (Fig 10).
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Fig 9. Tight balance: The cross correlation between the excitatory-only and inhibitory-only responses of the neuron in Fig 8A when input is
provided by ten correlated images patches similar to that shown in Fig 8D (inset). The black trace shows the mean of the ten traces and the error
bar gives the confidence interval of the mean at a lag of 0 ms.

https://doi.org/10.1371/journal.pcbi.1013644.9009
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Fig 10. Robustness of the network: (A-C) Firing rates of excitatory and inhibitory neurons are varied. (D-F) Total number of neurons in the net-
work are varied, where c,, is the multiple of the default total number of neurons. (G-l) Mean weights are jittered. (A,D,G) RMS of the Pearson correlation
of the receptive fields between all excitatory cell pairs. (B,E,H) Temporal sparseness, ¢t, is measured. (C,F,l) Population sparseness, ¢p, is measured.

Neural parameters are varied as described in Methods 2.8.3 and 2.8.4. Other neural parameters as described in Table 3. Black lines connect the means,
and errorbars display the standard deviation of individual simulations represented as coloured dots that have a random jitter in the x-axis for visibility.

https://doi.org/10.1371/journal.pcbi.1013644.9g010

When their target firing rate was increased excitatory receptive fields became more correlated with each other
(Fig 10A). There was also a decrease in temporal and population sparseness (Fig 10B and 10C). Analytic results show
that similar effects are seen in an analytic single-neuron model (S3 Supplementary Material).

When the total number of neurons was increased, the excitatory receptive field correlation, temporal and population
sparseness show a small increase (Fig 10D-F).

When the L1 weight norms are varied up to 40%, metrics such as excitatory receptive field correlation, temporal and
population sparseness remained relatively constant (as shown in ) Fig 10G-I).

4 Discussion

In this study a spiking network model of V1 was developed using a bottom-up approach based upon biological princi-
ples, including separate ON and OFF inputs, spiking neurons, separate excitatory and inhibitory populations (Dale’s Law),
spike-timing-dependent plasticity, and firing rate homeostasis. It was found that after training the model exhibited several
properties observed in biological systems: a sparse neural responses, decorrelation of activity and receptive fields, and
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balanced excitation and inhibition. Additionally, the network was robust to changes in network size as well as to random
jitters to the synaptic weights, but not to high target firing rates of the output neurons.

4.1 Emergence of sparseness in the network

The sparse temporal spiking activity observed in Fig 3A shows that each neuron is selective, responding at high rates
only to specific images. This appears to be similar to available experimental data ([1,57]). This qualitative assessment is
quantified in Fig 3B-C. These values were however shown to be vulnerable to increases in target spike rate (Fig 10B).
Using analysis of the LIF model (See: S3 Supplementary Material) this was discovered to be a feature of the LIF neural
dynamics: without other changes, temporal sparseness decreases with increasing spike rate. It is unknown whether this
is also a feature of biological cortical neural responses, but is a possible avenue for future experimental work.

As shown in Fig 10 temporal sparseness in a LIF model is affected by the spike rate with a lower spike-rate leading to a
higher temporal sparseness. This may explain the lower temporal sparseness of the inhibitory population seen in Fig 3.

This temporal sparseness is known via mathematical sparse-coding models to be associated with learning of Gabor
filters in the visual cortex ([3,24]). These Gabor filters are also found in the present model (Figs 4 and 5).

Experimental measures of population sparseness are difficult to obtain because they require simultaneous measure-
ment from many cortical neurons. However the sparse population spiking activity observed in Fig 3A and quantified in
Fig 3C appears to qualitatively match the available experimental data ([1]).

These collection of results indicate that the network has sparse properties without sparseness being achieved via an
objective function or otherwise explicitly imposed. Instead, the LIF model with adaptive excitability established a sparse
firing response to stimuli which provided correlations for the triplet-STDP rule to discover.

4.2 Emergence of decorrelation in the network

Fig 6 shows that the mean spike rate correlation coefficient was positive for the excitatory (Fig 6B) and inhibitory popula-
tions (Fig 6C). It is unknown whether this non-zero mean population decorrelation is a feature of biological cortical neu-
rons and this perhaps is a question for experimental work. This appears to be an effect that is inherited and amplified from
the LGN inputs which also showed a positive mean correlation coefficient (Fig 6A). LGN neurons are known to show a
bias towards OFF features in natural scenes ([33]). The mean correlation coefficient between pairs of inhibitory neurons
is higher. This increase in correlated firing for the | population is possibly due to the different feed-forward learning rules.
The E population triplet rule discovers second order correlations in the inputs ([31]), while the symmetrical rule used for
the inhibitory population discovers first order correlations.

The decorrelation of receptive fields within the E (Fig 7F inset) and | (Fig 7E inset) populations did not reflect this posi-
tive bias in spike response correlations. Instead the receptive fields were well de-correlated.

These results showing decorrelation of activity and receptive fields were again, not something that was imposed explic-
itly using an objective function. Instead, symmetric STDP rules in inhibitory neurons discovered correlated firing in exci-
tatory neurons (Fig 7D). Effectively, they are gathering evidence that those excitatory neurons have similar receptive
fields. Simultaneously, symmetric STDP rules in excitatory neurons discover correlated firing in inhibitory neurons (Fig 7E)
gathering evidence of their similar receptive fields. Combined, this leads to indirect inhibition between excitatory neurons
(129)).

The fact that the inhibitory neurons received strong input from excitatory neurons with correlated RFs (Fig 7D) can
be combined with the fact that excitatory neurons receive input from inhibitory neurons with correlated receptive fields
(Fig 7C) to indicate that, effectively, excitatory neurons provide inhibitory input to other similar excitatory neurons via the
inhibitory population. This is similar to the results in [29]. The resulting activity in the population of excitatory neurons will
over time tend to avoid redundant representation of the visual input.
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The data for excitatory-excitatory connections (Fig 7F) shows that there is a tendency for these weights to cause corre-
lated activity in the network. In this network, the weights of excitatory to excitatory connections are low compared to other
lateral weights, and so the effect is negligible. However, it is possible that this apparently detrimental mechanism has a
beneficial role in temporal tasks where direction selective cells provide additional information, something not investigated
here.

4.3 Emergence of balance in the network

Biological networks in the brain are known to exhibit balance in the contributions of excitation and inhibition to each neu-
ron. The neuron in Fig 2A appears to be in a fluctuating regime ([58,59]), in which the membrane potential tends to sit just
under the spiking threshold, and fluctuations cause irregular spiking activity. This appears to be due to a balance of exci-
tation and inhibition (the green and yellow traces). To examine this, correlations in the magnitude of total excitatory and
inhibitory input to excitatory neurons were observed in the trained network (Fig 8D, 8E, and 8H). These ensured that even
with strong input, the neurons did not become excitation dominated. The fast temporal correlation on the time scale of
~10 ms is an example of tight balance (Fig 9). It can be seen that the inhibitory input lags the excitatory input by approxi-
mately 2-3 ms. This delay is likely to be a combination of the extra synapse and the integration of inputs by the inhibitory
neurons.

The total excitatory and inhibitory input to each neuron is decided by balance network theory using the inequalities in
Eqg 11 enforced via the homeostasis described by Eq 9. However, this is insufficient to ensure the resulting tuned and
fine balance in Fig 9. Instead this balance has emerged as a consequence of a combination of the homeostasis and the
synaptic learning rules that ensure that excitatory neurons receive input from inhibitory neurons with similar receptive
fields.

Although balance theory was used as a guiding principle to set the upper bounds of the L1 weight norm, it is important
to note that this balance condition was derived under specific conditions to apply the mean-field theory: namely that input
neurons fire at a constant and identical firing rate, and that output neurons are independent due to the random structure of
the weights. However, in our simulations, input neurons fire at different firing rates depending on the visual stimuli, and the
weights in our network show structure due to learning.

4.4 Relationship between sparseness, decorrelation, and balance

Population sparseness in activity is partly the result of decorrelation due to lateral synaptic plasticity. The population
sparseness in activity results in changes in the correlations discovered by the excitatory neurons among their feed-
forward input weights from LGN neurons. Once these changes in receptive field have taken place, population sparseness
in activity is also due simply to the decorrelation in receptive fields among the E neuron population. In this way population
sparseness and decorrelation operate on the fast time scales of the network’s immediate response (~10 ms) to inputs but
also the slow time scales of synaptic plasticity (~1 h).

This population sparseness in excitatory neuron receptive fields ensures that the network maximizes the information it
carries about its inputs. This is something that an ‘infomax’ function would normally explicitly require to ensure statistical
independence ([60,61]). In the biologically-grounded neural network used in this study, this decorrelation emerges from
learning rules governing the connections to and from inhibitory neurons.

As highlighted above, the tight balance shown in Fig 9 is closely related to decorrelation. The correlated inhibitory
inputs prevents the neuron from firing at times that are are predictable by other neurons in the network. This suppression
of predictable responses is reminiscent of the principles of efficient coding ([62]), and predictive coding ([63]).
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4.5 Comparison of receptive fields with experimental studies

The network model in this study has separate excitatory and inhibitory populations with all-to-all feedforward and recurrent
connectivity that are learnt via STDP. When whitened images were provided to the LGN input neurons, the output neu-
rons learned visual receptive fields that resembled the shape and diversity of receptive fields measured experimentally,
as illustrated in Fig 5. In particular, localized un-oriented blob-like receptive fields as well as localized oriented Gabor-like
receptive fields of varying sizes and spatial frequencies were observed to closely resemble those observed in physiolog-
ical studies ([2]). Inhibitory neurons show a range of properties in experimental studies ([64]), including orientation tun-
ing, and they have receptive fields that resemble those of excitatory cells ([65,66]). The inhibitory neurons in the network
learned receptive fields that resemble those found in experimental studies.

While the model successfully produces a diversity of receptive field shapes, it does not exhibit an organized orienta-
tion preference map across the population of neurons, such as pinwheels or hypercolumn structures observed in the pri-
mary visual cortex of species like cats and primates ([67,68]). This is primarily because the model neurons do not have a
topographic arrangement with distance-dependent lateral connectivity. In this current form, model neurons have all-to-all
connectivity; introducing spatial connectivity constraints such as distance-dependent connectivity is a direction of future
work.

The 31 cells that had RFs not well fitted by Gabor filters may be in a transition state from one RF to another RF or be
blob-like RFs.

4.6 Network robustness to spike rate, neuron number, and L1-norms

Excitatory neurons show reduced temporal (Fig 10B) and population sparseness (Fig 10C) as well as an increase in pair-
wise RF correlation (Fig 10A). This is consistent with the neurons becoming less selective with increasing spike rate. This
is something re-enforced by the analytic model results (S3 Supplementary Material).

The increase in temporal and population sparseness increase with neuron number (Fig 10D-E) appears to show that
greater numbers of neurons more effectively create population decorrelation. Despite this, the RF correlation increased
with the number of neurons (Fig 10A). This can potentially be explained as the result of more neurons representing the
same visual space. Together, these results demonstrates that the network can scale up to larger neuron numbers seen
physiologically.

Simulations with different mean weight values (Fig 10G-H) result in different amounts of excitatory and inhibitory input
which could potentially cause an excitatory-inhibitory imbalance. However, all simulations conducted have resulted in sta-
ble learning and activity. One reason is the adaptive spiking threshold, which is adjusted to ensure that neurons fire within
stable levels. As well as remaining stable, certain metrics remain at similar values despite changes in the weight norms.
This includes the pairwise excitatory receptive field correlation, temporal and population sparseness.

4.7 Spike timing dependent plasticity

The synaptic plasticity rules used in the study presented here are those that have been observed experimentally. In par-
ticular, the type of STDP implemented depends upon the identity of the presynaptic and postsynaptic neuron. Synapses
where the presynaptic and postsynaptic neuron are both excitatory neurons learn via the STDP triplet rule ([36]). This
rule fits experimental data well and can be mapped to the BCM rule in rate-based neural models, which has been used
to model visual phenomena ([39]). A recent spiking network used the triplet rule to also produce visual receptive fields
and showed that using the triplet rule allowed their neurons to ignore low-order correlations and find features hidden in
higher-order statistics ([31]). Their model, however, implements an output population only with one output population
with recurrent inhibition, instead of separate excitatory and inhibitory subpopulations. In our model, inhibitory synapses
learn through symmetrical STDP. Experimental studies have observed that the order of spike times (pre-before-post or
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vice versa) does not affect inhibitory plasticity ([4 1]). Moreover, symmetrical STDP can be mapped to rate-based Heb-
bian learning ([40], Supplementary Material). The results here indicate that symmetrical STDP, because of its associative
Hebbian-like learning, is sufficient to find correlations between the output excitatory and inhibitory neurons through their
recurrent connections, similar to the correlation-measuring rule used in [29]. With the inhibitory population, this rule acts to
de-correlate responses and receptive fields.

4.8 Homeostasis

The STDP rules that lead to the network structure and selectivity in this study are separate from the homeostatic pro-
cesses, which maintain stability and balance. Biological homeostasis typically operates on a slower timescale of hours or
days ([69,70]). If only STDP and Hebbian plasticity were present, this would lead to pathological runaway dynamics ([71]).
Therefore, there is a requirement for compensatory and stabilizing synaptic processes in computational models ([72]), typ-
ically implemented by homeostatic synaptic processes ([70]). In the network, there are two homeostatic processes: weight
normalization ([73]), and an adaptive spiking threshold ([27]), which can be likened to activity-dependent synaptic scaling
and intrinsic plasticity respectively ([73—75]). Both of these homeostatic mechanisms directly ensure that the weights and
the firing rates, respectively, remain stable. In the study, these processes were found to be sufficient for network stability
and function: when the mean weight values for the different connection groups were jittered randomly, or when the total
number of neurons were scaled up, the network behaviour remained robust to perturbations of the network parameters,
and the network was still able to learn the diverse range of V1 RFs.

4.9 The use of natural images during training

It was important to use natural images to train the model because it is known from sparse coding models that the efficient
code for natural images is the Gabor function receptive fields observed in the visual cortex ([3]). Images with different
statistics such as gratings or white noise would be expected to result in different receptive fields.

It is true that there are weak orientation maps observed in mammals soon after birth, and these cannot be due to learn-
ing from visual features ([76]). Cortical neurons likely derive this weak form of orientation tuning from waves of retinal
activity known to occur in pre-natal mammals ([77]). However, the fully tuned Gabor functions that form the sparse code
for natural scenes are not observed at this early age ([78]).

4.10 Future work

In this study, current-based synapses were used, where synaptic inputs were treated as currents directly injected into the
neuron. However, using conductance-based synapses would be more biologically realistic. Conductance-based synapses
would allow the effective time constant to change to maintain excitatory and inhibitory balance over a wide range of firing
rates ([49]). Consequently, this may affect temporal and population sparseness.

The network included a lateral excitatory-excitatory pathway, which was given a low strength. The functional role of lat-
eral excitatory connections in the brain remains unclear but is likely to be associated with the representation of temporal
features of visual information that were not explored in this study. Increased weight of excitatory-excitatory connections
can easily lead to pathological spiking. The use of spatiotemporal stimulus, such as natural video is therefore an impor-
tant aspect of future work. Additionally, introducing biological distance-dependent spatial connectivity may allow for the
emergence of cortical maps such as orientation maps.

The biological network explored in this study could form the basis for an artificial spiking neural network that is possible
to implement in neuromorphic hardware.
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