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Abstract

The brain can learn and detect mixed input signals masked by various types of noise, and
spike-timing-dependent plasticity (STDP) is the candidate synaptic level mechanism. Be-
cause sensory inputs typically have spike correlation, and local circuits have dense feed-
back connections, input spikes cause the propagation of spike correlation in lateral
circuits; however, it is largely unknown how this secondary correlation generated by lateral
circuits influences learning processes through STDP, or whether it is beneficial to achieve
efficient spike-based learning from uncertain stimuli. To explore the answers to these
questions, we construct models of feedforward networks with lateral inhibitory circuits and
study how propagated correlation influences STDP learning, and what kind of learning al-
gorithm such circuits achieve. We derive analytical conditions at which neurons detect
minor signals with STDP, and show that depending on the origin of the noise, different cor-
relation timescales are useful for learning. In particular, we show that non-precise spike
correlation is beneficial for learning in the presence of cross-talk noise. We also show that
by considering excitatory and inhibitory STDP at lateral connections, the circuit can ac-
quire a lateral structure optimal for signal detection. In addition, we demonstrate that the
model performs blind source separation in a manner similar to the sequential sampling ap-
proximation of the Bayesian independent component analysis algorithm. Our results pro-
vide a basic understanding of STDP learning in feedback circuits by integrating analyses
from both dynamical systems and information theory.

Author Summary

In natural environments, although sensory inputs are often highly mixed with one an-
other and obscured by noise, animals can detect and learn discrete signals from this mix-
ture. For example, humans easily detect the mention of their names from across a noisy
room, a phenomenon known as the cocktail party effect. Spike-timing-dependent plas-
ticity (STDP) is a learning mechanism ubiquitously observed in the brain across various
species and is considered to be the neural basis of such learning; however, it is still un-
clear how STDP enables efficient learning from uncertain stimuli and whether spike-
based learning offers benefits beyond those provided by standard machine learning
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methods for signal decomposition. To begin to answer these questions, we conducted an-
alytical and simulation studies examining the propagation of spike correlation in feed-
back neural circuits. We show that non-precise spike correlation is useful for handling
noise during the learning process. Our results also suggest that neural circuits make use
of stochastic membrane dynamics to approximate computationally complex Bayesian
learning algorithms, progressing our understanding of the principles of stochastic com-
putation by the brain.

Introduction

Neurons receive inputs from a large number of other neurons encoding a variety of informa-
tion about various signals. Despite the diversity and variability of input spike trains, neurons
can learn and represent specific information during developmental processes and according to
specific task requirements. Spike-timing-dependent plasticity (STDP) [1,2] is a candidate
mechanism of neural learning. Extensive studies have revealed the type of information that a
single neuron can learn through STDP [3-7]; however, the type of information that a popula-
tion of neurons interacting with each other learns through STDP has not yet been determined.
Understanding this extension from a single neuron to a population of neurons is crucial be-
cause a single neuron learns and represents only a limited amount of information that may be
transmitted to it from thousands of inputs.

Among neural interactions, lateral inhibition is a basic interaction widely observed in vari-
ous regions, such as the olfactory bulb [8], visual cortex [9], somatosensory cortex [10], and
entorhinal cortex [11]. Previous theoretical results showed that neural circuits with lateral inhi-
bition enhance signal detection [12,13] and improve learning performance [14-16]. Several
simulation studies further revealed that neurons acquire receptive field [17-19] or spike pat-
terns [20] through STDP by introducing lateral inhibition; yet, those studies were limited to
simplified cases for which a large population of independent neurons was suggested to be suffi-
cient [5,21,22]. Therefore, it remains unclear whether lateral inhibition plays a crucial role in
STDP learning; in particular, the spike level effects of lateral inhibition remain elusive. More-
over, recent experimental results suggest that animals learn and discriminate mixed olfactory
signals [23-25] or auditory signals masked by noise [26,27], but it is still unknown how feed-
back interactions contribute to such learning.

Here, by considering a simple feedback network model of spiking neurons, we investigated
the algorithm inherent to STDP in neural circuits containing feedback. We analyzed the propa-
gation of spike correlations through inhibitory circuits, and revealed how such secondary
correlations influence STDP learning at both feedforward and feedback connections. We dis-
covered that the timescale of spike correlation preferable for learning depends on whether the
noise is independent from any signal (random noise) or generated from the mixing of signals
(cross-talk noise). We also found that excitatory and inhibitory STDP cooperatively shapes lat-
eral circuit structure, making it suitable for signal detection. We further found a possible link
between stochastic membrane dynamics and sampling process, which is necessary for neural
approximation of learning algorithm of Bayesian independent component analysis (ICA). We
applied our findings by demonstrating that STDP implements a spike-based solution in neural
circuits for the cocktail party problem [26,28,29].
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Fig 1. Description of the model. (A) Schematic figure of the model. (B) Spike-time dependent synaptic weight change in log- spike-timing-dependent
plasticity (STDP). (C) Normalized temporal cross-correlogram of input neurons receiving common sources (gray line), and kernel functions of plasticity
propagated by feedforward correlation (blue line) and feedback correlation (green line).

doi:10.1371/journal.pcbi.1004227.9001

Results
Model

We constructed a network model with three feedforward layers as shown in Fig 1A (see Neural
dynamics in Methods for details). The external source layer represents the external environment
or neural activity at sensory systems. The external layer also provides common inputs to the
input layer and induces correlations in the neurons in the input layer. The input layer shows
rate-modulated Poisson firing based on events at the external layer and external noise, which is
approximated with the constant firing rate {r,"}. Subsequently, spike activity at the input layer
projects to the output layer, which also receives inhibitory feedback from the lateral layer. Neu-
rons in the lateral layers are excited by inputs from the output layer. We assumed that all neu-
rons in the input layer and the output layer are excitatory, whereas lateral-layer neurons are
assumed to be inhibitory. Although excitatory lateral interactions also exist in the sensory cor-
tex, they are typically sparse [30] and weak [10] compared with inhibitory interactions; thus we
concentrated on the latter. For the analytical treatment, the neurons in the output and lateral
layers were modeled with a linear Poisson model. We first studied synaptic plasticity at the feed-
forward connections (connections from the input layer to the output layer), while fixing lateral
connections (i.e., connections from the output layer to the lateral layer and connections from
the lateral layer to the output layer). For STDP, we used pairwise log-STDP (Fig 1B) [31], which
replicates the experimentally observed long-tailed synaptic weight distribution [32,33].

We considered the case for information encoded in the correlated activity of input neurons
[34,35], and fixed the average firing rate of all input neurons at the constant value v, (See
Table 1 and 2 for the list of variables and parameters). If the firing rate of input neuron i is

)4 00

given as r? + Z qi"J o(t')s,(t — t')dt’, for external event s,(¢) and the response probability
=1 0

of the neuron g,,, then common inputs from the external layer induce a temporal correlation

proportional to

o0

h(z:6,) zj dE SNt — 7). (1)

max(z,0)

where @(t) is a response kernel (see Eqs (14) and (24) in Methods for details). If we use
o(t) = t2e /% /20,%, where 8, is the parameter that controls the timescale of spike correlations,
then h(t;0,) = 5555 (v + 30,|c| + 30,*)e”"/* (gray line in Fig 1C). For the kernel function, we
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Table 1. Definition of variables.

s,(t) The activity of external source u su(t) = o[v5,]
x;(t) The spiking activity of input neuron i Eq (14)

u,-E(t) Membrane potential of output neuron j Eq (15)

yj(t) The spiking activity of output neuron j yi(t) = ofu5i(1)]
ud(t) Membrane potential of inhibitory neuron k Eq (16)

Zi(t) The spiking activity of inhibitory neuron k Z(t) = ou'(B)]
w; The synaptic weight of a feed-forward excitatory connection fromitoj  Eq (17)

Qiu Response probability of input neuron i to external source y Eq (14)

Ci; Non-normalized correlation between input neuron i and / Ci =291
Ci(s) Cross correlation between input neuron i and / Eq (24)
G/X(w), GX(w)  Coefficients of correlation-based synaptic weight change Eq (30)

275 2% The correlation kernel functions Eqs (3) and (4)

doi:10.1371/journal.pcbi.1004227.t001

used the gamma distribution with shape parameter k, = 3 in order to reproduce broad spike
correlations typically observed in cortical neurons [36,37]. Synaptic weight dynamics by STDP

is written as

dt

OO

i? ji?
0 0

dw’ ™~
—L =, (t - djf“)J Fy(wy,s)y,(t —s — di")ds + y,(t — dﬁd)J F,(wy,s)x,(t —s — d}*)ds

for F,(wk,s) :fd(wf;)e_s/rd, E,(w},s) :fp(wfj)eﬁ/ﬁ’ , where f,(w) and f,(w) are synaptic weight

ij?

jj?

dependence of LTD/LTP (long-term depression/potentiation), respectively. By taking the aver-
age of above equation over time and ensemble (see Average synaptic weight velocity in Meth-
ods for details), the weight change of the feedforward connection Wx can be approximated as

VI/X ~ WX(SfE - gé(WZWY)Ctv (2)

Table 2. Parameter settings.

T Simulation time 3000 s (for Figs 5C, 5D, 5E, 6 and 7:
T =4000 s)
L,M,N Neural population 400, 20, 20 (for Figs 7 and 8: M = N = 40)
La, M, Ny Neural subpopulation 100, 10, 10
rA’Z‘, 8%, 1A, 8", Ta% EPSP/IPSP time constants 5.0, 1.0, 4.0, 0.8, 2.5, 0.5 ms
B
woX, woY, wot Synaptic weights 2.5, 100.0, 50.0 (for Figs 7 and 8: w, = 80.0)

Xa Xa
d mimd max

Xd Xd
d mimd max

Y Y
d miny d max; dZmim

max

Axonal delays
Dendritic delays
Synaptic (axonal) delays

2.0,4.0 ms
0.5,1.5ms
0.2,1.2,0.2,1.2ms

6; Correlation timescale 2.0 ms

v,S, vX Firing rates 10, 10 Hz

s Learning rate 0.05 wyX

Osig Noise amplitude of plasticity 0.3

Tps Td STDP time windows 17, 34 ms

a, B Parameters for log-STDP 20.0, 50.0

oW Initial variance of synaptic 0.1
weights

VY, v LTD/LTP balance 1.4,0.7

doi:10.1371/journal.pcbi. 10042271002
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where g, and g,* are scalar coefficients, C is the correlation matrix, and E is the identity ma-
trix (see Eqs (25)-(30) for derivation). The first term describes the synaptic weight change di-
rectly caused by an input spike correlation and can be rewritten into the convolution of the
temporal correlation and correlation kernel function x| as

& =Gi(w,),G{(w)

| zwwnod,

00

£t w) = J dsE(w, 5)e, (z + 5 — 2d,,), 3)

—T+2dxy

where F(w,s) = Fy(w,-s) if <0, else F(w,s) = F,(ws), and €x is the EPSP curve of input neurons
(see Eqs (15) and (31) in the Methods). By the deconvolution of G,%(w), we can separate the ef-
fect of the intrinsic network property %~ and that of the input correlation k() for STDP-based
learning. Due to causality, LTP/LTD balance, and dendritic delay, ] (t; w) typically becomes
LTP-dominant around t = 0 (blue line in Fig 1C; we set w = w,Y), so that gIX takes positive val-
ues, which enables coincidence-based learning [4,5,38]. The second term of Eq (2), which is of
particular interest in this model, describes how the input correlation influences STDP learning
at feedforward connections through lateral inhibition:

& =GI(wW),Gl(w) = [0 1 (t; w)h(t)dr,

T+s—D T+s—r—D

o) dee@ersorog-D, @

0

oo}

A = | dsens)|

—1+D 0

where D = 2dx+dy+dy, and ey and € are EPSP/IPSP curves of output/inhibitory neurons,
respectively. This term primarily causes LTD as the sign flips through lateral inhibition
(—xX(7; w); shown as the green line in Fig 1C). Previous simulation studies showed lateral inhi-
bition has critical effects on excitatory STDP learning [17-19]; however, it has not yet been
well studied how a secondary correlation generated through the lateral circuits influences
STDP at feedforward connections, and it is still largely unknown how lateral inhibition func-
tions with various stimuli in different neural circuits. For example, the correlation kernel of the
feedback term exhibits a delay as the signal propagates through the inhibitory circuit; yet, we
do not know how much delay is permitted for effective learning or if realistic synaptic delays
satisfy such a condition. Furthermore, it is also unknown what information a circuit can learn
if there are several mixed signals with different amplitudes for which symmetry-breaking learn-
ing [5,39] is not valid. Therefore, using theoretical analysis and simulation, we first investigated
the properties of the inhibitory kernel —yX(t; w) in STDP learning.

Lateral inhibition enhances minor source detection by STDP

In Eq (2), if lateral inhibition is negligible (i.e., gZX/gIX = 0), all output neurons acquire the prin-
cipal component of the response probability matrix Q, and the other information is neglected
[7,40,41]. On the other hand, if lateral inhibition is effective, different output neurons may ac-
quire various components of the external structure. We first examined that point in a simple
network model with two independent external sources (Fig 2A). In the model, each external
source drives an independent subgroup of input neurons (we defined those input neurons as
A-neurons and B-neurons), which project excitatory inputs to all of the output neurons.

Here, we assume that source A drives input neurons with a higher probability than source

B (g4 = 0.6, g5 = 0.5), so that input neurons projected by source A show higher correlations
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Fig 2. Lateral inhibition enables minor source detection by spike-timing-dependent plasticity (STDP) through membrane hyperpolarization. (A)
Schematic figure of the simplified model. Sy and Sg (on the left side) are the sources that project to subsets of input neurons (colored triangles). Gray
triangles are background neurons, black triangles (on the right) are output neurons, and red circles are inhibitory neurons. (B) Development of synaptic
weights. Thick lines are mean synaptic weights from A-neurons (blue), B-neurons (red), and Background-neurons (orange) to each output neuron. Thin lines
are traces of individual synaptic weights. Gray bar shows the timing at which figure C is calculated. (C) Peristimulus time histograms (PSTHs) of membrane
potentials averaged within output neuron groups. T = 0 indicates the timing of events at external layers. The three figures are calculated from the data at
t=0-1 min, 7-8 min, and 29-30 min. (D) Development of mean cross-correlation and mutual information between external sources and population activity of
output neurons for the simulation depicted in panels B and C. (E) Delay dependence of mean cross-correlation and mutual information. Both values were
calculated from five simulations. (F) Cross-correlation between the output group that detected the minor source and the minor source activity for various
response probabilities gg with a fixed g4 (= 0.6). When none of output groups detected the minor source, the larger value calculated for the two output groups
was used. Throughout the study, error bars represent standard deviation calculated from five simulations, unless otherwise indicated.

doi:10.1371/journal.pcbi.1004227.9002

(ca = 0.36) than those receiving the output of source B (c = 0.25). In the matrix form,

4. 0 ¢, 0 0
Q=10 g |,C=]10 ¢ O
0 0 0O 0 O
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The third row in Q represents response probabilities of background neurons in the input layer
(gray triangles in Fig 2A; note that C = QQ"Y. We refer to this as the minor source detection
task below. Here, for lateral connections, we assumed that both excitatory-to-inhibitory
(E-to-I) and inhibitory-to-excitatory (I-to-E) connections are well organized such that inhibi-
tion only works mutually between two output neuron groups (Fig 2A; blue lines are E-to-I and
red lines are I-to-E connections. See also Eq (30) in Methods). The origin of these structured
lateral connections is discussed later. When the network is excited by inputs from external
sources, excitatory postsynaptic potential (EPSP) sizes of feedforward connections Wy change
according to STDP rules. Initially, in all output neurons, synaptic weights from A-neurons
(blue triangles in Fig 2A) become larger because A-neurons are more strongly correlated with
one another than B-neurons are. However, as learning proceeds, one of the output neuron
groups becomes selective for the minor source B (Fig 2B). After 30 min, the network successful-
ly learns both sources. If we focus on the peristimulus time histogram (PSTH) for the average
membrane potential of output neurons aligned to external events, both neuron groups initially
show weak responses to both correlation events, and yet the depolarization is relatively higher
for source A than for source B (Fig 2C left). After 10 min of learning, both neuron groups show
relatively stronger initial responses for source A, but group 1 shows a hyperpolarization soon
after the initial response (Fig 2C middle). As a result, synaptic weights from A-neurons to
group 1 become weaker, and group 1 neurons eventually become selective for the minor source
B (Fig 2C right). The mean cross-correlation (see cross-correlation in Methods for details) be-
tween the external sources and the population activity of output neurons is maximized when
the delay is approximately 10-15 ms (Fig 2E). If we fix the delay at 14 ms, then the cross-
correlation gradually increases as the network learns both sources (Fig 2D). The same argu-
ment holds if mutual information is used for performance evaluation (green lines in Fig 2D
and 2E). Interestingly, the network better detects the minor source when it is learned with a
highly correlated source compared with when it is learned with another minor source (Fig 2F),
because a highly correlated opponent source causes strong lateral inhibition on the output neu-
rons, which enhances minor source learning. Similar results are also obtained for conductance-
based leaky integrate-and-fire (LIF) neurons (S1 Fig).

Lateral inhibition should be strong, fast, and sharp

To investigate how and when the network can acquire multiple sources represented by corre-
lated inputs, we further analyzed the model above (see Mean-field approximation of a two-
source model in Methods for details). Because both output excitatory neurons and lateral
inhibitory neurons are bundled into groups, in the mean-field approximation, we can approxi-
mate M excitatory populations and N inhibitory populations into two representative output
neurons and two inhibitory neurons. Similarly, input neurons can be bundled into three groups
(A-neurons, B-neurons, and Background-neurons). In addition, we assumed that the synaptic
connections from Background-neurons to output neurons are fixed because they showed little
weight change in the simulation (orange lines in Fig 2B). In this approximation, by inserting
Eq (32) into Eq (29), the mean synaptic weight changes of feedforward connections follow

dw* L L/L,
d_; = ZLaWifv’viGi((Wifv)Z qqu\f’p - NaWZMaWYZLawév’viG;((W/)f\ﬂ)z q\'pqv’p
V=1 p V=1 p
L/L, L/L, (5)
+ F(W;)f\) (vf)ZZLaW;f\r’ - (vi()?NaWZMaWYZLuW;{v’ + (NaWZ)ZMaWvavi ’
V=1

V=1

where y=1,2and i = 2, 1(u # i), and v = A,B. The first two terms are correlation-based
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Fig 3. Lateral inhibition is strong, fast, and sharp. (A) Nullclines of the average synaptic weight changes at different inhibitory amplitudes w> = 0.1, 0.215,
0.4. The inset in the middle graph is a magnified view of boxed area. (B) Specialization indices wg, for various inhibitory weights. Positive wg, indicates the
winner-share-all state, whereas negative wg, indicates the winner-take-all state. Blue lines are analytical estimations and cyan squares are the results of
simulations. Vertical lines correspond to the values at which the nuliclines in Figure A are calculated. (C) The same graphs for various synaptic delays. The
average synaptic delay of both lateral excitatory (0" min+d" max)/2 and inhibitory (0% min+0%max)/2 connections was changed, while the variability was kept at

A" rmax—0" min = P max—min = 1.0 ms. (D) IPSP rise time dependence. The inset shows IPSP curves at {t%a, 1%} = {0.5, 2.5} (gray line), {1.5, 7.5} (dark gray
line), and {2.5, 12.5} (black line).

doi:10.1371/journal.pcbi.1004227.9003

learning, and the last term is the homeostatic effect intrinsic to STDP [5]. G X and G,~ are coef-
ficients determined by synaptic delays, EPSP/IPSP (Inhibitory postsynaptic potential) shapes,
and correlation structure, as shown in Eqs (3) and (4). By solving the self-consistency condition
(Eq (34) in Methods), the firing rates of inhibitory neurons are approximated as

M w ¥
V% :ﬂ—YDQ [(LawlA +LaWIB + 2LaW§) - (MquNaWZ)(LuWQA +LaW2B + 2LaW§)]
1- (MaWYNaWZ) (6)
Z MaWYvi(
v2 = T s AT N2 [(LuW2A + LuWZB + 2Luwz))() - (MaWYNaWZ>(LuW1A +LawlB + 2LuWox)] N

1 - (MaWYNuWZ)

We estimated the nullclines by calculating the lines that satisfy
W (Wya, Wig, Wi, (W4, Wy ), Whp(Wy,, W) =0 for = A or B. As a result, we found that when
the mutual inhibition is weak (w; = 10), the system has only one stable point at which w4 is
larger than w5 (Fig 3A left). At this point, w,, is also larger than w,p (w24 = 9.64, w,p = 3.60;
not shown in the figure), which means that both output neuron groups are specialized for the
major source A (we call this state a winner-take-all state or T-state); however, if the inhibition
is moderately strong (w; = 21.5), two new stable fixed points and two unstable fixed points ap-
pear in the system (Fig 3A middle). In the stable point on the left, neuron group 1 picks up
source B while neuron group 2 picks up source A (w4 = 12.52, w,p = 2.87). On the right-hand
side, neuron group 1 selects source A while neuron group 2 selects source B (we denote those
two states as winners-share-all states or S-states below). At the stable point in the middle, both
groups detect source A (w;4 = wos = 9.47, w;p = w,p = 3.61). Note that because of the mutual
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inhibition, the synaptic weight from A-neuron is smaller when both groups learn A than it is
when only group 1 learns A. For strong inhibition (w; = 40.0), the stable point in the middle
disappears, and the system is stable only when two neuron groups detect different sources (Fig
3A right). Simulation results confirm this analysis because strong inhibition indeed causes a
winner-share-all state in which multiple neuron groups survive in competition [15], whereas
the network tends to show a winner-take-all learning when the inhibition is weak (Fig 3B). We
measured the degree of winner-share-all/winner-take-all states by defining the specialization
index wg; as

Wy = Wy —wip) (Wop — Wy, ), Wy =W [/ Wl (7)

If ws; = 0, we set wg; = 0. If two output groups are specialized for different sources, ws; becomes
positive, whereas if two groups are specialized for the same source, wg; becomes negative.
When the synaptic delay in the lateral connections is small, only S-states are stable, whereas at
longer delays, both S-states and T-states are stable. In the simulation, the network typically
grows toward the latter state in the bistable strategy (Fig 3C). Moreover, if we change the shape
of the IPSP curve while keeping 175 =5 1%, for steep IPSP curves (i.e., both 1%, and 1% are
small), only the S-states are stable, whereas T-states also become stable for slower IPSPs (Fig
3D). Therefore, both analytical and simulation studies indicate that lateral inhibition should be
strong, fast and sharp to detect higher correlation structure. Moreover, lateral inhibition does
not need to be pathologically strong because the I/E balance of N,w, /LwX 22 20% is sufficient
to cause multistability.

Optimal correlation timescale changes depend on the noise source

In the previous section, we revealed the effects of network properties for a fixed input correla-
tion structure; however, actual neurons show various timescales for correlations depending on
the brain region [37,42] and characteristics of the stimuli [43,44], and it is largely unknown
how different timescales influence correlation-driven learning. Therefore, we next considered
the effect of correlation timescales, especially on noise tolerance. In our current model, input
neurons respond to external sources with input kernel ¢(t) = *¢ /% /20,® (Fig 4A left), and so
the correlation between input neuron i and [ is given as

p
Cil(s) = Viz qi,uqlph(s)'
pn=1

By changing the parameter 0;, we studied the effect of the correlation timescale on learning.
The correlation is precise when 6, is small, whereas it becomes broad at large values of 0, (Fig
4A right, Fig 4B). Because STDP causes homeostatic plasticity that does not depend on a corre-
lation, as shown in the third term of Eq (5), in a more precise approximation, Eq (2) should be
written as

V{/X ~ Wy (¢'E — gy W,W,)C" + (homeostatic term). (8)

We first calculated g;* and g, at various 6. Both g;* and g,* become smaller for a larger 0,
but decreases in g, are slower than those in g;*, and, as a result, x = g,*/g;* becomes larger for
a longer correlation timescale (Fig 4C). This means that a longer temporal correlation is more
suitable for the detection of multi-components. This is indeed confirmed in the simulation (Fig
4D). When 0, = 0.5 and the minor component is slightly weaker than the major one (c4 = 0.36,
¢ = 0.25), the minor component is no longer detectable. On the other hand, at 8, = 2.0, the
minor component is detectable even if the strength of the induced correlation is less than half
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cross-correlation among input neurons responding to the same source calculated from simulated data (right) for three different correlation timescale
parameters 6. (B) Raster plots of input neurons for various 6,. Only 100 correlated neurons are plotted although there are 400 input neurons in total. (C)
Analytically calculated correlation kernels g%, g% (left), and their ratio g;*/g5*. (D) Specialization index ws, for various response probabilities gz while fixing
ga = 0.6. Lines represent wg at analytically estimated stable points, and dotted squares represent simulation results. (E) Raster plots of two types of noise.
The upper panel shows random noise, whereas the lower panel depicts crosstalk noise. In both panels, the first 100 neurons respond primarily to the cyan
source, and the next 100 neurons respond to the purple source. For random noise, the noise (black dots) is independent from the signals, whereas the
crosstalk noise (purple dots in the lower half, cyan dots in the upper half) is correlated with the signal for the other population. (F, G) The effects of random
noise (F) and crosstalk noise (G) at various correlation timescales.

doi:10.1371/journal.pcbi.1004227.9004

(ca=0.36,cg=0.16). At 0, = 4.0, g1X becomes smaller so that even the major signal is not
fully detectable.

Similar results hold for crosstalk noise. In the model above, the noise is provided through
the spontaneous Poisson firing of input neurons as random noise (Fig 4E top, black dots are
spikes caused by random noise). In reality, however, there would be crosstalk noise among
input spike trains caused by the interference of external sources. We implemented this cross-
talk noise by introducing non-diagonal components in the response probability matrix as

ds 9N
Q=149 4 |>
0 0
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where g is the response probability to the preferred signal and gy is that to the non-preferred
signal (Fig 4E bottom). We refer to this as the noisy source detection task below. To make a
clear comparison, in the simulation of random noise, we kept g5 = 0 and changed the sponta-
neous firing rate of the input neurons (,°) to modify the noise intensity, whereas in simulation
of crosstalk noise we removed random noise (i.e., 7;° = 0) and changed gqy. For random noise, a
smaller 0, enables better learning because a large g;* competes with the homeostatic force (Fig
4F). By contrast, for crosstalk noise, the performance is better at 0, = 2.0 than at 0, = 0.5 because
strong lateral inhibition suppresses crosstalk noise (Fig 4G). Although for small noise regi-
mens, the network performs better at 6, = 0.5 than at 6, = 2.0, but the difference is almost negli-
gible. Therefore, to cope with crosstalk noise, the spike correlation needs to be broad, whereas
a narrow spike correlation is better for random noise. We note that qualitatively the same argu-
ments as above also hold for the exponential kernel ¢,(t) = e */% /6, (S3D and S3E Fig). How-
ever, the ratio of two coefficients (i.e., x, = geZX/ g, s typically smaller for this kernel than for
the kernel we used throughout this study (S3B and S3C Fig vs. Fig 4D) because lateral inhibi-
tion is less effective due to highly peaked spike correlation (S3A Fig).

Excitatory and inhibitory STDP cooperatively shape structured lateral
connections

To this point, we have considered a network already clustered into two assemblies that inhibit
one another (as in Fig 5A left). This means that the network somehow knows a priori that the
number of external sources is two; however, in reality, a randomly connected network should
also learn such information. To test this idea, we introduced STDP-type synaptic plasticity in
lateral excitatory connections and feedback inhibitory connections and investigated how differ-
ent STDP rules cause different structures in the circuit.

We first checked whether structured lateral connections were helpful for learning. For com-
parison, we also considered a model with random lateral connections in which all output neu-
rons and inhibitory neurons are randomly connected with probability 0.5 (Fig 5A middle).
When lateral connections are random, mean-field equations are modified as

p_L/L,

L/L,
’L” = Z " ! V GX u Z q\pq\ P - N, WZM WYZZL“ #,‘/V GY IW)Z q“/’q",p
/=1 p

w=1v=1

L/L, p_L/L,

w¥) Zwa — (V)N w,M, WYZZL W+ (Nw,) Mw vz, |, )

wW=1v=1
2M,wyvy (Lywy, + Lwig + 20, wY)
1+ 2M w,N,w, '

<
§N

We separated lateral connections into two groups as in the previous case, but this approxi-
mation is legitimate only when two input sources are symmetrical (i.e., g4 = g). In other cases,
neurons are often organized into two groups with different population sizes. In such cases, for
evaluating performance, we measured average weights from source A on the output neurons
receiving stronger inputs from A-neurons than from B-neurons or Background-neurons. For
randomly connected lateral inhibition, learning performance dropped significantly in noisy
source detection (Fig 5B) and in minor source detection (Fig 5C); thus clustered connectivity is
indeed advantageous for learning.

We next investigated whether such structure can be learned using STDP rules. We first in-
troduced Hebbian STDP for both E-to-I and I-to-E connections. With these learning rules, the
lateral connections successfully learn a mutual inhibition structure (Fig 5D); however, this
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Fig 5. Lateral connection structuring by excitatory and inhibitory spike-timing-dependent plasticity (STDP). (A) Schematic figures of connections
between the output layer and the lateral layer. In the simulation, each layer consists of 20 neurons. (B) The effect of crosstalk noise on different lateral
structures. Analytical results are shown as bold lines, and the results from simulations are shown as dotted lines. (C) Minor source detection with different
lateral structures. Because the specialization index is not well defined for a network with random lateral connections, the average synaptic weights from
source A to those output neurons that prefer source A were measured instead. (D) Synaptic weight development at three connections. In the left and right
columns, panels show synaptic weights of excitatory/inhibitory synapses projected to the neuron group 1 (top) and group 2 (bottom). In the middle graph,
panels correspond to excitatory synapses projected from the neuron group 1 (top) and group 2 (bottom). In all panels, thin lines indicate the development of
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neurons (orange). (E, F) Performance of the network with different lateral structures in noisy signal detection (E) and minor signal detection (F). Here (and
only here), a pre-learned network is used to investigate responses for various inputs.

doi:10.1371/journal.pcbi.1004227.9005

learning is achievable only when the learning of a hidden external structure is possible from
the random lateral connections (magenta lines in Fig 5B and 5C; note that orange points are
hidden by magenta points because they show similar behaviors in noisy cases), which means ei-
ther when crosstalk noise is low or two sources have similar amplitudes. Nevertheless, once a
structure is obtained in easy settings (qx = 0 or g4 = g3), that network outperforms the network
with random lateral connections in both noisy source detection (Fig 5E) and minor source de-
tection (Fig 5F). In Fig 5E, we evaluated the performance of noisy source detection by first con-
ducting STDP learning at g = 0, and then we terminated STDP and performed simulations at
the various noise levels gy. Similarly, in the minor source detection task depicted in Fig 5F, we
first performed STDP learning with g4 = g = 0.6, and then evaluated the performance for a
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smaller gp. STDP can also generate similar lateral connection structures when the total number
of input sources is larger than two (S2A and S2B Fig). Therefore, STDP at lateral connections
helps signal detection by efficiently organizing the connection structure.

We next studied the analytical conditions for learning of the clustered structure (see Analyt-
ic approach for STDP in lateral and inhibitory connections in Methods for details). The synap-
tic weight dynamics of lateral excitatory and inhibitory connections are approximately given as

W, ~ gW, W, CW, gl = J dsFY(s)JDi‘JDzJDf,‘h(u +r—s—r)
. (10)

W, ~ SW,CWIW, ¢f = J dsFZ(s)JDfJDuYJth(r —s—u—r —d,—d,).
Both equations represent indirect effects of the input correlation propagated into the lateral cir-
cuit. From a linear analysis, we can expect that when g*; is positive, E-to-I connections tend to
be feature selective (see Eq (35) in Methods). Each inhibitory neuron receives stronger inputs
from one of the output neuron groups and, as a result, shows a higher firing rate for the corre-
sponding external signal. On the other hand, if ¢, is positive, I-to-E connections are organized
in reciprocal form, where one of the reciprocal connections is enhanced and the other is sup-
pressed (see Eq (36) in Methods). We can evaluate feature selectivity of inhibitory neurons by

1 ~ 1 1 1 .
Y—_— —E wY.——E w / —E w |, 11
y NZ“ Q£ Tl £ ™ | 1\ M ™Y ()
jeQ, jEQy

j=1

where Q" 4 and Q" are the sets of excitatory neurons responding preferentially to sources A
and B, respectively. Indeed, when the LTD time window is narrow, analytically calculated g*;
tends to take negative values (the green line in Fig 6A), and E-to-I connections organized in the
simulation are not feature selective (the blue points in Fig 6A). By contrast, for a long LTD
time window (i.e., when LTD is weakly spike-timing dependent), g*; tends to take positive val-
ues, and E-to-I connections become clustered. In the simulation, W is also plastic, but as
shown in Eq (10), the effect of W, on the plasticity of Wy is negligible in first-
order approximations.

Similarly, for I-to-E connections, we measure the degree of mutual inhibition (non-
reciprocity) with

) e (12)
w2
j=1

=

N Y
wy; wJZk
k—

When LTD is strongly spike-timing dependent, ¢, is negative and ¢ calculated from the
simulation data tends to be large (Fig 6B), which means that inhibitory connections are orga-
nized such that the inhibition functions as mutual inhibition between excitatory neuron
groups. Note that the organized neuronal wiring patterns are not a pure product of the pre-
post causality of STDP but the effect of spike correlations propagating through lateral inhibito-
ry circuits. If the structural plasticity is merely caused by the pre-post causality, both ¢~ and ¢*
can decrease with increases in the inhibitory population while maintaining the total synaptic
weights because the causal effect becomes weaker as each synaptic weight becomes smaller
[45]; however, in our simulations, the values of both quantities generally increased for larger
inhibitory populations (S2C Fig).
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output neurons tuned for the minor source in a minor source detection task under Hebbian and anti-Hebbian inhibitory spike-timing-dependent plasticity.

doi:10.1371/journal.pcbi.1004227.9006

Hebbian inhibitory STDP at lateral connections is not always beneficial for learning. For ex-
ample, in minor source detection, if we use Hebbian inhibitory STDP, a slightly minor source
is not detectable, whereas for anti-Hebbian STDP, a small number of neurons still detect the
minor source because reciprocal connections from strong-source responsive inhibitory neu-
rons to strong-source responsive output neurons inhibit synaptic weight development for the

stronger source (Fig 6C).

Neural Bayesian ICA and blind source separation

Our results to this point have revealed that correlation-based STDP learning combined with
lateral inhibition can successfully detect signals from mixed inputs masked by noises. To con-
firm this mechanism is indeed effective in realistic tasks, we applied the above method to blind
source separation. We first examined the condition in which the network could capture exter-
nal sources. We extended the previous network to include four independent sources mixed at
the input layer (Fig 7A). In the present application, we used structured lateral connections be-
cause learning for clustered structures is difficult with noisy stimuli, as shown in the preceding
section. The response probability matrix Q and correlation matrix C are given as

s 9y 0 qy 95" +2q° 2959y 2qy° 2959y
o | O 4 0 c= 299y 45" +29y" 2449y 2qy°

0 qv 45 4y 2gy° 299y 45" +24y° 2449y

v 0 aqy g 2q5qy 29y 299y 45+ 29y

Therefore, the principal components of matrix Q (i.e., eigenvectors of C) are {1, 1, 1, 1,}, {-1, 0,
1,0}, {0,-1,0, 1}, {-1, 1, -1, 1}. Because the first-order approximation of synaptic weight dy-

namics follows W, ~ g¥W,C', we may expect that synaptic weight vectors converge to the ei-

genvectors of the principal components; however, this was not the case in our simulations,
even if we took into account the non-negativity of synaptic weights (see Fig 7B, where we
renormalized the principal vectors to the region between 0 and 1). Instead, each weight vector
converged to a column of the response probability matrix Q (Fig 7B, the left panel is the projec-
tion to the first two dimensions, and the right panel is the projection to the other two
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Log-membrane potentials are normalized to align the mean and the variance to the corresponding log-posteriors.

doi:10.1371/journal.pcbi.1004227.9007

dimensions). This result implies that the network can extract independent sources, rather than
principal components, from multiple intermixed inputs.

We next evaluated the performance of hidden external source detection, especially its toler-
ance against crosstalk noise. To this end, we compared the performance of the model with that
of the Bayesian ICA algorithm, in which independence of external sources is treated as a prior
[46,47]. In the algorithm, the learned mixing matrix may converge to its Bayesian optimal
value estimated from a stream of inputs. Although we cannot directly argue the optimality of
cross-correlations, if the mixing matrix is accurately estimated, external activity is also well in-
ferred, and thus we can use the mean cross-correlation as a measure for the optimality of learn-
ing. In terms of discretized input activity X, the external source activity S and prior
information I, we can express the conditional probability of the estimated response probability

. - P[Q|I .
matrix Q as P[Q|X,I] = P[[)Q(||I]] J P[X]S, Q, I|P[S|I]dS (see Bayesian ICA in Methods for de-
tails). This means that even if no prior information is given for Q itself (i.e. P[Q|I] = const.),

posterior P[Q|X, I] still depends on a prior given for S. If we introduce a prior that each exter-
nal source follows an independent Bernoulli Process
T/At L

(i.e.P[S|I] = H H (rsAt)sf‘ (1- rSAt)Hﬁ), then the stochastic gradient descendent of posterior

k=1 i=1
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function is given as,

2xf-( —1 Zk/ ¢k’sk ¢ ds
k Hk _ pk _ 4k k=K 7
xipi/(]‘ pr) + (1 xi)l - iqu/:o (rzsk/sﬂ

P B 1T/Az _
- X0 ==—3"|P[s,Xx|Q,I
g logPlan = 73 [Ps.xIQT

ip
where

P

pi=1--ran]] l q,MZ DS, "] b = 29 3 [(k+1/2)At] exp[—(k +1/2)At/0,).

p=1

We approximated this Bayesian ICA algorithm by a sequential sampling source activity in-
stead of calculating the integral over all possible combinations in the estimation of the log-pos-
terior of the response probability matrix Q. In this approximation, the learning rule of the

estimated response probability matrix Q obeys

AGF 2 — 1 Zk’ o
qi# X xfpf(Yl:k’l)/(l _pé{(lek—l)) + (1 _ xk 1 _ qwzk/ (bk/)’k K

PEY™T) =1 — (1 —rAt) f[ ll - qmz Dyl "/1 (13)

where Y is the sampled sequence, and pik(lek’l) is the sample based approximation of p;* in
the previous equation. This rule has spike-timing and weight dependence similar to those seen
in STDP (Fig 7D). Although the performance of STDP is much worse than the ideal case
(when the true Q is given), this performance is similar to that for the sample-based learning al-
gorithm discussed above (Fig 7C). Therefore, the network detects independent sources if cross-
talk noise is not large. We further studied the response of the models for the same inputs and

found that the logarithm of the average membrane potential u, | Q) Z uf well approxi-
nljeq,

mates the log-posterior estimated in Bayesian ICA, even in the absence of a stimulus (Fig 7E).

This result suggests that in the STDP model, expected external states are naturally sampled

through membrane dynamics that are generated through the interplay of feedforward and

feedback inputs.

We finally performed the blind separation task using the same network as shown in Fig 7A.
We created “sensory” inputs by mixing four artificially created auditory sequences (Fig 8A and
S1 Auditory File). In the auditory cortex, various frequency components of a sound, particular-
ly high-frequency components, are represented by specific neurons typically organized in a
tonotopic map structure [48], whereas low-frequency components are expected to be perceived
as a change in sound pressure. Furthermore, populations of neurons in the primary auditory
cortex are known to synchronize the relative timing of their spikes during auditory stimuli and
provide correlated spike inputs for higher cortical areas in which the auditory scene is fully an-
alyzed and perceived [49,50]. We modeled these features by assuming that input neurons have
a preferred frequency {f;} defined as

f = eXp (logfmax logfmin) + logfmin ’

and auditory inputs are provided as time-dependent response probabilities, which follow

q,(t) = %Z al(t)al(f,), where a?,(f) is the spectrum of auditory source q (left panel of
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Fig 8. Blind source separation by spike-timing-dependent plasticity (STDP). (A) Four original auditory signals (from the top to the fourth set of signals)
and one mixed signal (bottom). (B) Amplitudes of original signals (black lines) and those estimated from output firing rates (colored lines). (C) Spectra of
auditory sources a%(f) (left). Raster plots of input neuron activity. Colors were probabilistically assigned based on expected sources. All figures were
calculated from the 30°00"-30’10” portion of the auditory signals and simulation.

doi:10.1371/journal.pcbi.1004227.9008

Fig 8C), and a?/(t) is the temporal change of the sound pressure (black lines in Fig 8B). In this
representation, each sound source is represented by correlated spikes of neural populations
(right panel of Fig 8C). Even if signals have overlapping frequency components {a’;(f)},, blind
separation is possible as long as {a(f)}4 are independent and have sharp rising profiles suffi-
cient to cause spike correlations. After learning, four output neuron groups successfully de-
tected changes in the sound pressure of the four original auditory signals (colored lines in Fig
8B) by correctly identifying the input neurons that encoded the signals. Therefore, STDP rules
implemented in a feedforward neural network with lateral inhibition serve as a spike-based so-
lution to the blind source separation or cocktail party effect problem.

Discussion

By analytically investigating the propagation of input correlations through feedback circuits,
we revealed how lateral inhibition influenced plasticity at feedforward connections. We showed
that a population of neurons could learn multiple signals with different strengths or mixed lev-
els. In addition, we found that to perform learning from signals corrupted with random noise,
the timescale of the input correlations needed to be in the range of milliseconds, whereas the
timescale was broader for crosstalk noise, which may explain why the spike correlation of corti-
cal neurons often exhibits a large jitter (approximately 10 ms) [36,37]. We also investigated the
functional roles of STDP at lateral excitatory and inhibitory connections to demonstrate that
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Hebbian STDP shaped the lateral structure to improve signal detection performance. Our re-
sults also suggested that anti-Hebbian plasticity was helpful for learning from minor sources
and implied that different STDP rules at lateral connections induced different algorithms at
feedforward connections. Furthermore, we derived an STDP-like online learning rule by con-
sidering an approximation of Bayesian ICA with sequence sampling. This result suggested that
lateral inhibition adjusted the membrane potentials of postsynaptic neurons so that their spik-
ing processes accurately performed sequence sampling. We also demonstrated that this mecha-
nism was applicable to blind source separation of auditory signals.

Noise characteristics and correlation timescales

Simultaneously recorded neurons in close proximity often show correlated spiking, yet the pre-
cision of these correlations varies across brain regions. Neurons in the lateral geniculate nucle-
us show strong spike correlations [42,51], while correlations in V1 [36,52] or higher visual
areas [37] are less precise. Our results indicate the interesting possibility that these differences
may reflect the different characteristics of the noise with which the various cortical areas need
to contend. At an early stage of sensory processing, the major noise component may be en-
vironmentally produced background noise from various sources; thus precise spike correlation
is beneficial at this stage for noise reduction during signal detection and learning (Fig 4G). By
contrast, in higher sensory cortices, crosstalk noise accumulated through signal propagation in
circuits may form the primary noise source, so less precise spike correlation is preferable (Fig
4H). It would be intriguing to examine whether lower and higher cortical areas similarly
change the strength of spike correlations for other sensory modalities.

STDP in E-to-l and I-to-E connections

It is known that both glutaminergic synapses on inhibitory neurons [53,54] and GABAergic
synapses on excitatory neurons [55,56] show STDP, and it is also known that STDP at E-to-I
connections plays an important role in developmental plasticity [57]; however, detailed proper-
ties of these plasticities are still largely disputable [58,59] and, reportedly, highly dependent on
inhibitory cell type [60], neuromodulator [61], and region [58]. We showed that in a feedback
circuit, Hebbian inhibitory STDP preferred winner-take-all while anti-Hebbian inhibitory
STDP tended to cause winner-share-all (see Fukai and Tanaka 1997 for winner-share-all) at ex-
citatory neurons (Fig 6D). This result indicates that different inhibitory STDP imposes differ-
ent functions for excitatory STDP, which suggests that a neural circuit may select optimal
inhibitory STDP for a specific purpose or strategy of learning, and this may differ across re-
gions and be modified by neuromodulators. A recent study showed that inhibitory plasticity
even directly influences the plasticity at excitatory synapses of the postsynaptic neuron [62]. In
such cases, algorithm selection would play a more important role than it did for the standard
STDP implemented in our model.

Recently, inhibitory neurons in the rodent hippocampus CA1 were shown to display con-
text-dependent activity rate changes during a spatial learning task, in association with the activ-
ity rate changes in excitatory cells [63]. In addition, the authors suggested the candidate
mechanism for this change in activity is STDP at E-to-I synapses. Our results examining E-to-I
STDP confirmed this configuration of inhibitory cells modulated by plasticity at feedforward
excitatory connections (Fig 5D, S2A and S2B Fig). In our model, although inhibitory neurons
are not directly projected from input sources, as excitatory neurons learn a specific input
source (Fig 5D, left panel), inhibitory neurons acquire feature selectivity through Hebbian
STDP at synaptic connections from those excitatory neurons (Fig 5D, middle panel). Further-
more, our results indicate an important function of these feature-selective inhibitory neurons.
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Once an adequate circuit structure is learned and inhibitory connections are organized into a
feature-selective pattern, even if the input to the network becomes noisy or faint, the network
can still robustly detect signals (Fig 5E and 5F). This robustness would be useful for spatial
learning, as contextual information is often uncertain.

STDP and Bayesian ICA

Our results indicated that STDP in a lateral inhibition circuit mimicked Bayesian ICA [46,47].
First, output neurons were able to detect hidden external sources, without capturing principal
components (Fig 7B). Previous results suggest that for a single output neuron, an additional
homeostatic competition mechanism is necessary to detect an independent component [7,22].
In addition, when information is coded by firing rate, homeostatic plasticity is critically impor-
tant, because STDP itself does not mimic Bienenstock-Cooper-Munro learning [18]. However
in our model, information was encoded by correlation, and mutual inhibition naturally in-
duced intercellular competition so that intracellular competition through homeostatic plastici-
ty was unnecessary. Moreover, our analytical results suggested the reason that independent
sources are detected. To perform a principal components analysis using neural units, the syn-
aptic weight change needs to follow

W, = W,C — LT[W,CWL]W,,

where LT[] means lower triangle matrix [64,65]. This LT transformation protects principal
components caused by the lateral modification from higher order components; however in our
model, because all output neurons receive the same number of inhibitory inputs Eq (2), all neu-
rons are decorrelated with one another and develop into independent components.

Recently, it was shown that STDP can perform Bayesian optimal learning [66,67]. In the
model used by those authors, the synaptic weight matrix is treated as a hyper parameter and es-
timated by considering the maximum likelihood estimation of input spike trains. By contrast,
in the Bayesian ICA framework, the mixing matrix (corresponding to synaptic weight matrix)
is treated as a probabilistic variable. Using this framework, we needed to calculate an integral
over all possible source activities in the past to derive stochastic gradient descendent; however,
as shown in Fig 7C, the stochastic learning was well performed by employing an approximation
with sequential sampling. Moreover, we naturally derived an adequate LTP time window from
the response kernel of input neurons to external events (Fig 7D). We also found that STDP
self-organized a lateral circuit structure that performed better than a random global inhibition
(Fig 5E and 5F). Mathematically, to perform sampling from a probabilistic distribution, we
first needed to calculate the occurrence probability of each state; however, in a neural model,
membrane potentials of output neurons approximately represent the occurrence probability
through membrane dynamics. In machine learning methods, integration over possible source
activities is often approximated using Markov chain Monte Carlo (MCMC) sampling [68]. In-
terestingly, a recent study showed that a recurrent network performed MCMC sampling
[69,70], suggesting that our network may perform a more accurate sampling in the presence of
recurrent excitatory connections.

Suboptimality of STDP

Previous theoretical results suggest that STDP can modulate synaptic weights in a way that op-
timizes information transmission between pre- and postsynaptic neurons [71,72]. In the Bayes-
ian ICA framework, blind source separation can be formulized as an optimization problem,
but, in this case, the problem itself is ill-defined because optimality does not guarantee the true
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solution. In addition, local minima are often unavoidable for online learning rules. Neverthe-
less, the problems faced by the brain are often ill-defined, and suboptimality is inevitable [73].
Because we performed both nonlinear dynamics-based and machine learning-based analyses,
we can offer some insights regarding the origins of local minima in stochastic gradient descen-
dent learning. In the initial state, synaptic weights are typically homogeneously distributed,
and this state is often locally stable. As a result, the homogeneous stable point is more likely to
be selected in learning (Fig 2C and 2D) than the non-homogenous, more desirable, points;
however, introducing additional noise may change this situation. Indeed, in Fig 4B and Fig 7C,
the performance of the model was improved by adding a small amount of noise to input activi-
ties, although the improvement was not significant; however, because a large amount of noise
is harmful for computations and stable learning, the benefit of noise addition is highly limited,
and the brain may recruit other mechanisms for near optimal learning.

Neural mechanism of blind source separation

Humans and nonhuman animals can detect a specific auditory sequence from a mixed, noisy
auditory stimulus, a phenomenon often called the cocktail party effect. The mechanism under-
lying the cocktail party effect remains elusive [26,28,29], although several solutions have been
proposed [74,75]. An effective solution for this problem is ICA [76-78], and the neural imple-
mentation of the algorithm has been studied by several authors [14,18,79,80]. Our study ex-
tended these results through a rigorous analytical treatment on biologically plausible STDP
learning of spiking neurons, and our analyses enabled us to discover interesting functions of
correlation coding. Moreover, by explicitly modeling inhibitory neurons, we found that STDP
at E-to-I and I-to-E connections cooperatively organized a lateral structure suitable for blind
source separation. In addition, we successfully extended a previous model for the formation of
static visual receptive fields [18,19] to a more dynamic model in an auditory blind source sepa-
ration task. In realistic auditory scene analysis, the frequency spectrum of acoustic signals is
first analyzed in the cochlea, where each frequency component is the mixture of sound compo-
nents from independent sources. Components belonging to the same source may be separated
and integrated by downstream auditory neurons for the perception of the original signal. These
frequency components can be considered a mixed signal in the ICA problem [81]; thus even if
signals are mixed in frequency space, if the amplitudes of the signals are temporally indepen-
dent, blind separation is still achievable. In the neural implementation of the problem, if two
frequencies are commonly activated in the same signal, neurons representing those frequencies
show spike correlation under the presence of the signal; thus the learning process is naturally
achieved by STDP learning. These results indicate an active role of spike correlation and STDP
in efficient biological learning.

Methods
Model

Neural dynamics. Based on the previous study [7], we constructed a network model with
one external layer and three layers of neurons (Fig 1A). The first layer is the external layer that
corresponds to external stimuli or the sensory system’s response to these stimuli. For simplici-
ty, we approximated the activity of external sources using a Poisson process with the constant
rate v°,. If we define the Poisson process with rate r as 6 (r), the activity of the external source y
at time ¢ is written as s, (t) = G (v}) (see Table 1 for the list of variables). Neurons in the input
layer fire spikes in response to activity in the external layer. By assuming a rate-modulated
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Poisson process, the spiking activity of the input neuron i follows

r+ Ep: q"“r B(t')s,(t — ﬂ)dt’] , (14)

4
where r,° is the instantaneous firing rate defined with r* = v¥ — Z q;,Vs Giu is the response
n=1

probability for the hidden external source y, and ¢(t) = t?¢/% /20,® is the response kernel for
each external event. In most theoretical studies, cross-correlations give an exponential decay or
a delta function [5,38], but here we used a response kernel that produces broader correlations
(Fig 4A right), because the actual correlations observed in the cortex are usually not sharply
peaked [36,37]. For instance, for the exponential kernel ¢,(t) = e */% /0,, correlations show a
peaked distribution even if the timescale parameter 0, is several milliseconds (S3A Fig). Because
of the common inputs from the external layer, input neurons show highly correlated activity,
which enables population coding of the hidden structure. Although here we explicitly assumed
the presence of the external layer, these analytical results can also be applied for arbitrary reali-
zation of a spatiotemporal correlation.

Output neurons are modeled with the Poisson neuron model [5,38,45] in which the mem-
brane potential of neuron j at time ¢ is described as

N

u(t) = XM: wjfjm ex(r)x(t —r —d)dr — Z W}ijx e,()z(t —r —d})dr, (15)

k=1

where wjiX and ijz are the EPSPs/IPSPs of input currents from input neuron x; and lateral
7r/rx _ —r/rX
e e "B

neuron zj, respectively, convolution functions are defined as £, (r) = ——————and
Ta — T3
—r/t% —r/t%
e — e ) . . o
€,(r) = —————, and synaptic delays in the feedforward excitatory and feedback inhibi-
4 — 12

tory connections are d;* and dj,”. For feedforward excitatory connections, the synaptic delay
d;* is given by the sum of the axonal delay d;;* and dendritic delay dl-jd, whereas for inhibitory
connections, we assume for simplicity that the delay is purely axonal. The response of the out-
put neuron follows y,(t) = 6 [g;(«/)]. Similarly, inhibitory neurons in the lateral layer show

Poisson firing based on the membrane potential {3 = 1... .~ which is defined as

W)=Y w,;r e (Pt — 7 — d)dr, (16)

j=1 0

efr/t}; _ e—r/‘rg

T and synap-
tic delay of the lateral connection d"};. The synaptic delay of the excitatory lateral connection is

also approximated as the axonal delay. The spiking activity of the inhibitory neurons is given
with z,(¢) = &g (u;)]. For analytical tractability, we use a linear response curve gg(u) = u and
gi() = u.

Synaptic plasticity. For most of this study, we focused on synaptic plasticity in the feedfor-
ward connection Wy, with fixed lateral synaptic weights Wy and W,. When the timing of the
spikes at the cell bodies of pre- and postsynaptic neurons is . and g spike timings at the

synaptic sites are t;,, = t,, +djand t;,, = t,,, + dj with axonal and dendritic delays of d*;

for EPSPs of a lateral connection ", convolution function e, (r) = -
-1
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and ddﬁ. For every pair of £, and £°,,, synaptic weight change is given with

ij’f{ n'f,( J,)exp[ (pm P,e)/r] (if £, > t;re)

P wexpl (s, — )/t (f £, <£) 17)

For the synaptic weight dependence of STDP, we considered a pairwise log-STDP [31] in
which LTP/LTD follows

log(1 + aw/w,)

log(1+oa) (18)

fp(W) = Cp(l + O-stdpé)67W/(ﬁWU)7f‘d(W) =-C,(1+ astdpé)
where & is a Gaussian random variable. The log-weight dependence well replicates experimen-
tally observed synaptic weight distributions [32,33] and is suggested to have an important func-
tion in memory modulation [82]. Analytical treatment below is applicable to other types of
synaptic weight dependence, yet in the additive STDP (i.e. f,(w) = C, and fs(w) = C,), the
mean-field equation typically does not have any stable fixed point. In addition, under the mul-
tiplicative STDP in which LTD has a linear rather than a logarithmic dependence on synaptic
weight, strong correlation is often necessary to induce salient LTP [31]. The coefficients C, = 1
and C, = C 75 /7} are chosen so that total LTP and LTD are balanced around the referent1al
synaptic welght.

The STDP at E-to-I connections and I-to-E connections is similarly defined. For simplicity,
we assume that synaptic delays are solely axonal (i.e., d;; = dy Ly = d; '), and the change in
synaptic weight does not depend on the synaptic weight. To maintain the balance between LTP
and LTD, coefficients are chosen as C) = 1,C; = y"C]t, /7y " = 0.3nw, /wy. Similarly, for
I-to-E connections, C; = 1,C; = y*C/t) /17 " = O.317Wf /wX. We also modify constant (ini-
tial) synaptic weights to w,” =50.0 and w,” = 25.0, and bounded synaptic weights with WY e
=100.0 and w%,,,, = 50.0. In this normalization, the total lateral inhibition takes the same
value as that in the non-plastic model at the initial state. Time windows are defined as 7," = 7,
=1,"=1,=20.0ms.

In Fig 6C, anti-Hebbian STDP was calculated by

Q _ { Qexp[ (post pre)/Td] (lf t;ost > t;re)
'/IQV ( /TQ)eXp[ (pre stt)/TQ] (lf t;ost < t;re)

for Q =Y or Z. Similarly, the correlation detector type of STDP in S2 Fig was defined as

Aw? — { 7 (exp[— (post pre)/‘cQ] (‘cQ/‘cd)exp[ (PDS[ pm)/‘cd]) (if £ > t;re)
%2 (expl— (£, — £5.)/7% — (12/t)exp[— (£, — £.)/713])  (f £, <)

The anti-correlation detector was calculated by changing the sign of above equations.

Leaky Integrate-and-Fire (LIF) model. In the main text, we performed all simulations
with a linear Poisson model for analytical purposes, although we also confirmed those results
with a conductance-based LIF model (S1 Fig). In the LIF model, the membrane potentials of
excitatory neurons follow

dV]E E EE (. E EI( E
E: __m(vj -V) —§ (Vj - Vi) —§ (Vj -V,

dg S s
= TEE Z Z o(t—t) and = _EEI Z Z S(t—t),
'i
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where g]—EE and ngI are excitatory and inhibitory conductances, respectively, and ¢;° and ¢’ are
the spike timings of input neuron i and lateral neuron k. Similarly, for inhibitory neurons in
the lateral layer,

dH
k = TIE E W"JE ot —t), and%*———l— "E St —t)

In addition to the excitatory inputs from the output layer, we added random inhibitory in-
puts as Poisson processes with a fixed firing rate r,"” for inhibitory neurons. A neuron fires if
the membrane potential exceeds the threshold V;,, and immediately goes into a refractory peri-
od in which the membrane potential stays at V,.rfor 1 ms after spiking. Plasticity was imple-
mented for wj,»X in the same manner as that for the Poisson model. Parameters were chosen as
Vi =-70.0, Vi = 0.0, V; = -80.0, V,or= -60.0, Vg, = -50.0 mV, t,,* = 20.0, £,,/ = 10.0, tsEE = 5.0,

tF =25 t1F =40, tH—SOms, w,X =0.001, w,' = 0.008, w,- = 1.0, r,”' = 1000.0 Hz, w", =
0.005,C,=1. SCPTP /775, and o = 50.0. All other parameters were the same as those used in the
Poisson model (Table 2).

In the LIF model, synaptic weights develop in a manner similar to that for the linear Poisson
model, although change occurs more rapidly (Fig 1B, S1A Fig). Both cross-correlation and mu-
tual information behave as they do in the Poisson model, but the performance is slightly better,
possibly because the dynamics are deterministic (Fig 1D and 1E, S1B and S1C Fig); however,
membrane potentials show different responses for correlation events (S1D Fig) because output
neurons are constantly in high-conductance states, so that correlation events immediately
cause spikes. As a result, membrane potentials drop to the V,.; and the average potential goes
down. Interestingly, after neuron groups detect different signals, a preferred signal initially
causes hyperpolarization due to firing, but, subsequently, a non-preferred signal causes hyper-
polarization due to lateral inhibition (Fig 1D right). The PSTH of firing shows that the behavior
of the membrane potential in the Poisson model is similar (Fig 1C and S1E Fig). This is natural,
because in the linear Poisson model, the firing rate has linear relationship with the membrane
potential, whereas in LIF model relationship between the average membrane potential and fir-
ing rate is highly non-linear.

Bayesian ICA. If discretized with At, the time series of the external source activity is writ-

tenas S = {s#k} """ T/ A and input activity becomes X = {x, }\= /"

p=l,ee, tiz1.i - Therefore, for prior in-

formation I, the joint probability of sources S and the estimated response probability matrix

Qis
P[S, Q|X, 1) = P[X|S, Q,1]P[S, Q|I]/P[X]I].
Therefore, by considering marginal probability,

P[Q[I]

P[Q|Xa I] = P[Xm

JP[X|S, Q, IP[S|1]ds. (19)

By considering maximum likelihood estimation for a given prior P[S|I], Q can be optimally
estimated [46,47]. In our problem setting, by assuming that external signals are independent,
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and input neurons respond to signals with a Bernoulli process,

T/At L T/At L
PX|S, Q1 = [[ [ JIxfpf + (1 = x5 (1 = ph)], P(SiT] = [ [ [ ] (rAt)° (1 —rAf)
k=1 i=1 k=1 i=1

where

P 5 e = 1
pr=1=(=nA][|1-a,> éus | 0= 07
i) K=0 20

Therefore, log-likelihood becomes

[(k 4+ 1/2)At] exp[—(k + 1/2)At/0,).

*).@m

T/At | L p
logP[Q|X,I] = log (stH l]‘[ Kpf 4 (1= 2 (1 - p)) x H(rsAt)S‘k‘(l —rAt)’

pn=1

By taking gradient descendent,

) . 1 A ) 9k — 1 > s
—logP[Q|X,I| =— (P&X@J i k -dSs.
9q;, BIQRI Z, kZ:I: [ ]xfﬁpf/(l —p)+(1—x)1 ka' DS, .

Therefore, we need to calculate the integral over all possible combinations of sources in the
past to obtain stochastic gradient descendent; however, such a calculation is computationally
difficult and incompatible with neural computation. Instead, we used sequential sampling of

P[yk =s ] o P[s*, x| Y51 Q, ]
L : : ¥ 1K (21)
S IR RIER T ER SRR | (UL

n=1
where
PEOR Y =1— (1oAY H [ q,,tz By ] :
pn=1

Note in the above equations, x* is given as a fixed value and not a random variable. Under this
sample-based approximation, the stochastic gradient descendent follows

Az 2xF—1 o Zk, Py ¢
T RO T (O P )+ (1=5) 1-0,5 " ou?
in '—0

(22)

For Fig 7C, we discretized the activity of hidden sources and input neurons with 5 ms bins,

S6P — 0.001. Cross-correlation was evaluated

and performed learning with a learning rate 7
using the sample sequence Y. For the ideal case, we performed sequential sampling from the
true response probability Q.

If yk K =1land yk K =0 for all other nearby k” (#k’) and 1f qiv= 0 for all v ((p), then LTP

at the connectlon Qiu caused by an output spike }A( = 1 for x;* = 1 is written as
Aqlf’k,’LTP _ (1 B [rz))( - roqzﬂ])(l B qf'u(rbk’) « ¢k’ ' (23)
" 1- (1 - [1’;( - rgqiu])(l - qz‘/zqsk’) 1- qiu¢k’

In the absence of the input spike (x;* = 0), an output spike f"k’ﬂ =1 causes LTD in total
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LTD ¢k’
Z

- g, in ¢k/
dependence similar to those in STDP. In Fig 7D, we plotted Ag
(3,=0.1,0.3,0.5).

Blind source separation. In the blind source separation task, we created the original
source by calculating high-frequency and low-frequency components separately. First, the
spectrum of the signal g at a high frequency was defined as

. Therefore, this learning rule has weight dependence and temporal

kK .LTP
iu

and Ag;” for different g,,

=23 f—“f exp|—(f — ki)' /(20,")].

where f1;, ; is a characteristic frequency of signal g, and kf?, ; are the harmonics of that frequen-
cy. The standard deviation was defined as 6, ; = kaj, ; for o}, . = 20Hz. Low-frequency compo-

nents were directly given as an exponential oscillation as below.

aj(t) = exp

ﬁzahcos (2nfii(t —55’.,-))]7

f1;; is a characteristic frequency, and 67, is the delay. By combining these two components, the
amplitude of a mixed sound is given as

= a0 al(f)cos(2af(t - 37).

Summation over frequency fis performed using 400 representative values that correspond
to the tuned frequency of each input neuron:

f= exp[ (logf,.. — logf,,.) + logf,. .

In neural implementation, input neurons were stimulated with the response probability
q,(t) = qoz al(t)al(f,) where g, = 0.05.

q

In the simulated example, for high-frequency components, we defined f7, ; = {{523.3,784.0},
{587.4,880.0}, {650.0,830.6}, {698.5,932.4}}, a%,, ; = {{0.6,0.4}, {0.3,0.7}, {0.5,0.5}, {0.9,0.3}}, b1
= {{1.0,0.5,02,0.1}, {1.0,0.5,0.3,0.2}, {1.0,0.1,1.0,0.8}, {1.0,0.8,0.1,0.1}}, and 0° s= 20 Hz. Each
column represents four different sources. Similarly for low-frequency components, we used f7;;
= {{0.4,5.0,10.0,40.0,88.0}, {0.6,6.0,8.0,42.0,86.0}, {0.2,4.0,7.5,44.0,84.0}, {0.3,6.0,7.0,46.0,82.0}},
a%,; = {{0.3,0.4,0.2,0.5,0.5}, {0.25,0.5,0.2,0.5,0.5}, {0.24,0.3,0.4,0.5,0.5}, {0.61,0.2,0.2,0.5,0.5}}, 8%
= {{1.0,0.25,0.65,0.17,0.01}, {3.0,0.12,0.32,0.13,0.02}, {7.8,0.55,0.40,0.11,0.03},
{4.5,0.22,0.71,0.07,0.05}}, B; = 5.0, and Z; = 27.24. We chose f,,.;,, = 500 Hz, f,,;,, = 4,500 Hz, and
&%rwas randomly selected from 0 to 1/f,,,;,. Fig 8A was generated by performing Fourier trans-
formations with 25 ms sliding bins at every 2.5 ms.

Details of the simulation. Simulations were calculated using the Runge-Kutta method,
with a 0.05 ms time step. Initial synaptic weights were randomly chosen with w = w(1 +

o) for Q =X, Y, Z and a random Gaussian variable £ Similarly, synaptic delays were decid-
edasdl = d2 + (d, — dg, )¢ for arandom variable § uniformly chosen from [0,1].

min min max
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Analytical consideration of synaptic weight dynamics

Correlation among input neurons. Because input neurons receive common inputs from
external sources, we define cross-correlation among input neurons as Cy(s) = (x;(t)x/(t-s))-
(x:(#)) (x/(1)), and cross-correlation among input neurons satisfies

Cyls) = <a r +quJ o(t)s,(t —t)d ’] X G| Jqul”J o(t)s,(t — st”)dt”]> — ()

4 00 %)
ﬂvleqmq,,tjn a | e o(eyole 1o —¢ —s —vzqquﬂj A ()6 —5).

max(0,s)

(24)

When ¢(t) = t2¢/% /20,2, Cy(s) becomes

C Z qruql,u 160 3 (S + 36 |5| + 39 )e S = =V Z qz/tql;t )
n=1 n=1
where h(s) = 15 (s* + 30,5 + 30,%)e /"
Average synaptic weight velocity. The synaptic weight dynamics defined above can be re-
written as
dW]}f Xa > 1Xd 1Xd Xa
dt :xi(tidji)o ( ]I’S) (t Sfd )d5+yj(t7dji)0 ( ]1)5) (tfsfd )dS(ZS)

for F,(wy,s) = f,(w)e ~I4F (W), 5) ];(wf;)eﬁ/ *. By taking an average over a short period

i i
of time and also using a stochastic Poisson process, synaptic weight change follows

<d7"f?> = (x40 J:C oW (= s = d)ds > + <y,-(t —dy) L (w7 5)(t = s dj’f“)ds>

00

= (sl =) | RO s - a0 )+ (e - ) |00k 9mle -5 dpyas)

0
0
| Rt =5 - amr - gy + (|

0

B 061 9051 = s = 1 - a)as)

IR

JOC F(Wﬂ,s)<xi(t —s—d")y(t - dj’f‘i)>ds

—00

- _[F(ws)  if(s>0)
where (Was): Fd(W7_S) if(s<0 )

Therefore, by calculating the cross-correlation between pre-spikes x; and post-spikes y;, syn-
aptic weight dynamics can be analytically estimated. Because the spike probability linearly de-
pends on the membrane potential in our model, cross-correlation follows

(x5 — d)y,(t — ) =2 (xt — s — d)u(t — d))

L N 00
= Zwﬁj drey(r){x,(t —s — d{")x(t — & — 1 — Z kJ dre,(r)(x(t —s — di")z,(t = di' —r — dY)).

=1 k=1

Since we define cross-correlation among input neurons as

Cils) = (x(B)x(t —9)) — (x(0) (x(1),
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the first term is written as

=S w0 + | e G = s+ 24, (20

This result is consistent with that in previous studies [5,38,45]. The analysis can be extended
to the cross-correlation between an input neuron and a lateral inhibitory neuron as

(e — s — )zt — 5t — v — ) 2= {x (1 — s — (¢ — & — v — )

M 00
= >t dgs, @t s — @ (0 4 - r i - q - )
0

00

M
=3 w, Z J dqsyqj drey(r)
0
(b= s — At —d — 1 — & — q—dl, — 7 — dY)
. (27)

Z ka |, daer )] are, )

0

(x,(t —s—d)z,(t dXd—r—dZ q—d., —r —d.))

M
%ZWZmZML[(vf)2+J dqsy<q>J eg(F)Cy(r+ 4+ 7 — s+ 2y, + dy + dy)]
0

0

Theoretically, expansion over a lateral connection should be performed infinite times to ob-
tain the exact solution, but at each expansion, the delay caused by synaptic delay d +dy and
EPSP/IPSP rise times is accumulated so that the effect on correlation rapidly becomes small, es-
pecially when the original input cross-correlation C(t) is narrow; however, even if C(t) is
broad, the effect for learning is bounded by the STDP time window. Therefore, higher order
terms practically influence weight dynamics only through firing rates, so that by applying the
approximation

J dqsy<q>j dr'e,(F) ot — s — d¥)z,(t — d¥ — r — df — g — d', — ¢ — d2,)) = VY2,
0

0

the last term can be obtained. In general, v,” is not analytically calculable, but by considering
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the balanced condition, it can be estimated. Therefore, the second term is given as
N 00
X Xd Z
Swi| dre,r)ute = s - e - df - )
k=1 0
N M L

~ Y
=D WD W) W

k=1 m=1 =1

[<v§>2+j dr&z(r)J dqsy<q>J ey (F)Cy(r 4 q+ 7 — s+ 2dyy + dy + dy)
0

0

Therefore, if we denote
) = |
rEo) = |

00 00

dsF( s S)J dre (r)Cy(r — s+ 2dy,)
—00 0

00 00

st | dre, ()] e, )| )

—00 0 (28)
Cﬂ(r—&—q—l—r’ _5+2dxd+dz+dy)
F( ji) = J (wjf,s)
average synaptic weight dynamics satisfy
N M L
warm wi) =Y whY wh > wh TR (w)
k=1 m=1 I=1
N M L N (29)
S 2
B ST DI B RIS B B PR
I=1 k=1 m=1 I=1 k=1 =1 n=1

The first two terms are Hebbian terms that depend on correlation by I'*! and T*?, whereas the
remainders are homeostatic terms. In all terms, synaptic weight dependence is primarily caused
by u/(jl- and not by other synapses.

By inserting the explicit representation of correlation into the equation above, I’*' and T'**
can be rewritten as

P
er ( SGX ji quqlu’ FXQ 1 SGX ji quql;ﬁ
p=1 pn=1
G = | a9 drey( j A BN — (7 — s +2dy),
—00 max(0,r—s+2dx,) (30)

Gy(w}) = ‘ dsF( l,sJ dre,(r J dgey(q J dr'e(v)

00

At p(t)op(t' — (r+q+1r —s+2dy, +d,+4d,))

max(0,t")

where t" = r+q+r-s+2d,4+d +dy. Note that G Xand G~ do not depend on any indexes of the
neurons, except for synaptic weight dependency, and so the two values are considered basic
constants that decide how correlation shapes learning.
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If we ignore the homeostatic term, then the synaptic weight dynamic is written in the matrix
form as I/\./X ~ (WC).Gf — (W, W, W,C").GJ, where the dot product is defined as (A.B);; =
A;;Bj;. Especially if we approximate G X and G,X with g,X = G (w,) and gZX = G, (w,Y) (or
if weight dependence is negligible as in additive-STDP),W, ~ W, (g‘E — g W,W,)C".

The correlation kernel y,* was derived from

0 max

—00

Giowp) = | asroio| e ar] deowyotr - -+ 240

ot — (r—s+2dy,))
- J dTJ ASF (W, 9)ex (s — 2dXd)J e S()o(t — 1)
—00 —1+2dyy max(0,7)
—| A
where yY (t;w) = J dsF(w,s)ex(t + s — 2dy,), and h(t;0,) = J at'o(t)o(t' — 7).
—1+2dyy max(z,0)

The second correlation kernel y,* was calculated in a similar way.

Mean-field approximation of a two-source model. If the correlation structure C(s) is
simply organized, further analytical consideration is possible. In the two-source model shown
in Fig 2A, lateral connections are structured non-reciprocally, and EPSP/IPSP sizes are con-
stants. The synaptic weight matrices are written as

w i =|m w, (f [j/M, k/N,
wﬁ:{Y HIMMJL/Mw‘%:{ G L/M.)# /).

0 (otherwise) 52)

0 (otherwise)

Therefore, the original L x M differential equations can be reduced into 2 x 2 equations of
representative neurons as

dw}fv L/L, L/L,
d; = ZLaW;)fv’viGX(W\)-(W)Z qquv’p - NuWZMaWYZLaWjZ{v’ngY(M/fv’)z q\'pqv’p

V=1 p V=1 4

L/L, L/L, (33)
+F(w,) [(fo)ZZLanv« = () Nw,Mwy, D Lws, + (Nw,) " Mwp vy |
vi=1 V=1
The firing rates of inhibitory neurons can be approximated as
1
Vi N Z w = Mwyvy 2 Mw, (LW, 4 Low,y 4 2L, w) vy — Nawzvg). (34)

? keQl

Therefore, by solving the simultaneous equations for v;* and v,%,

, M w.vX
vi = S 5 [(Lawiy + Low + 2LaW§) — (MwyN,w,)(L,wy, + L,woy + 2LaW§)]
]‘ - (MaWYNuWZ)
7 MuWYvi(
Vy [(LaWQA + LaWZB + 2Lawi;() - (MawYNaWZ)(LaWIA + LaWIB + 2LuW§)]

N 1- (MuWYNaWZ)2

This analytical approach is applicable only when the synaptic weight change is sufficiently
slow relative to the neural dynamics. Also, because we ignored the variance in the synaptic
weights, numerically the accuracy is limited.
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Analytic approach for STDP in lateral and inhibitory connections. Using a similar cal-
culation as above, synaptic weight development of the lateral connections is given as

WY ~ g Wy Wi C'Wy — g W, W CW W, W, — g/ W, W, W, W, C'W, (35)
where

g =\ dsF'(s)|DX|D)|Dih(u+71 —s—r)

o= ) dsF*(s)| D¥| D} DfJD:,JDfih(u'Jrr'fs—q—u—r—dY—dz)

g = ) dsF"(s) [ DX | D} DfJD;’,Jngh(ququu’Jrr’erYerZfs—r),

00

where JDf = J dre,(r). The meaning of these equations is made clear by summarizing the
0
correlation propagation in the diagrams (S2D i-iii Fig). In the diagram, blue wavy lines repre-

sent intrinsic correlation, and arrows are synaptic connections. To estimate how a blue correla-
tion influences STDP at a red arrow, we need to determine all the major trajectories in which
the correlation reaches pre- and postsynaptic neurons. In the linear Poisson framework, for a
given trajectory, the propagation of a correlation is calculated by simply using integrals as
above. From this diagram, we can safely assume that g*, and g"; are negligibly smaller than
g" 1 because trajectories (ii) and (iii) are secondary correlations and also contain synaptic de-
lays. In this approximation, we additionally assume that

¢ 0 wEow
= W, = .
0« whow

Then,
w), A B~ 0 0 w),
4| B- A" 0 O w),
dt |y 0 0 A B || w,
wy, 0 0 B A wy,

AY = el (W) + (w))"), B" = 28/ wiw)
Therefore, (wy,, wl,, w},, wi,) o (+1,—1,—1,+1) is a eigenvector of the transition matrix,

and the eigenvalue is c.g” (w* — w¥)”. Because the eigenvector develops by

explcg! (W — w¥)’t], when g¥ is positive, the E-to-I connections are more likely to be struc-

tured in a way that the inhibitory neurons become feature selective. On the other hand, if that

value is negative, such structure may not be obtained. Note that (1, -1, -1, 1) is not the principal

eigenvector in this simple analysis, because the eigensystem of the matrix is {{A"+B", A*+B",
AL_BL) AL_BL}; {1) 1) 0) 0}) {0) 0) l) 1}’ {l) _1) 0) 0}) {0) 0) 1) _1}}'
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Similarly, for inhibitory connections

W, ~ gl W CW W} — g W, W, W, CW{ W}

g=| roo[or[pime-s-u-r-a,-d) (36)

—00

&= J FZ(S)JDqZ[D:JDfJD:,JDﬁh(r—i— ut+q—s—u —r).

—00

We approximated with only two terms because the third term is negligible (52D iv-vi Fig).
whoow!

If we assume W, =
w,

v w[% ) ,and g,” = 0, then the synaptic weight change follows
Aw? — AW, = AwZ, — Aw, = c g (W — w¥)*(w! — wY). This means that if g% is positive,
reciprocal connections are enhanced (or inhibitory connections to the neurons coding a similar
feature are enhanced), whereas for negative g,’, inhibitory connections develop non-reciprocal-
ly (i.e., lateral connections function as mutual inhibition between output excitatory neuron
groups).

We have restricted our consideration to Hebbian STDP, but the properties of STDP on E-to-
I and I-to-E connections are still debatable [58,59]. Although it is difficult to study all combina-
tions of STDPs, we still provide analytical insights by investigating the behaviors of g;* and g,”.
S2E Fig shows the behaviors of four different types of STDP. This indicates that the anti-correla-
tion detector type of E-to-I STDP [53] tends to cause non-feature-selective lateral connections.
In addition, under the anti-coincidence detector type of I-to-E STDP [55], mutual inhibition
structures would be preferred; however, the implication of our analytical method is limited, and
further study will be necessary to fully understand the functions of the various types of STDP.

Evaluation of the performance

Cross-correlation. We evaluated the performance by measuring the mean cross-correla-
tion between the external sources and population activity of the output neurons. For time bin

e(k+1)At
_1 J

At =10 ms, the activity of source y is defined as s} s,(t)dt, and, similarly, the popu-

At
kAt

1 (k+1)At
lation activity of the output neuron group v is y*(1,)) = Z —J ,(t + 15,)dt, where Q)Y
jeﬂy kAt
is a set of output neurons coding a source v. For these, cross-correlation is defined as

1 T, /At

Z(Sﬁ - gp.)(yi( _)71*)7

Vok=1

c,.(tp) =
uw\"D Gi,

sources and output groups are arbitrary, and so the learned correlation should be given

»

as ¢(1,,) = max ;—72 €y (Tp) for all the p! number of combinations with function ¥
pn=1

between sources and output groups. For example, when
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p=2.c(tp) = max{3 ey (1) + (7)), 2 [ean(Tp) + €41 (Tp)] }. Although, in reality, supervised
or reinforcement learning is necessary to perform this readout, for simplicity we did not imple-
ment readout neurons explicitly. In Fig 2F, we plotted max ¢; (7,,) for the minor source B.

For the models with randomly connected lateral inhibition and (e+i) STDP, we defined out-
put neuron j as belonging to Q" if

1 1
mzwﬁ > o, max |Q—x‘2“5(

coX coX
i€Qy ey

for oy, = 1.5, and the cross-correlation was calculated based on QHY.
Mutual information. Based on the discretized hidden external source/output neuron ac-
tivity sﬂk, ¥, ¥, we defined the binary variables

£ kagk o s if vyt 4+ o
o= {1 (if s,>5), +0;) 5= 1 (if y, >y, +a))
0 (otherwise) 0 (otherwise)
Based on these variables, the states at time k can be defined as §* = (5}, ..., 33),9* = (7}, ..., %)
Therefore, the probability that the external state takes one particular state is
T./At
p(=8) =55 Z [k = §',,» where [X] ortakes 1 if X is true, otherwise it takes 0, for the
pam)

statement X. Therefore, mutual information can be defined as

Supporting Information

S1 Fig. Simulations with the leaky integrate-and-fire model. (A) Synaptic weight develop-
ments at the feedforward connection. (B) Cross-correlation and mutual information calculated
for various delays. Both values were calculated by averaging five independent simulation re-
sults. (C) Development of two values for the simulation shown in (A). (D) PSTH of the mem-
brane potential calculated for gray areas in (A). (E) Peristimulus time histogram (PSTH) of the
firing probability for the same simulation.

(EPS)

S2 Fig. Spike-timing-dependent plasticity (STDP) at lateral connections shapes network
structure. (A, B) Synaptic weight development when the number of external inputs is three
(A) and four (B). Thick lines represent averages over all synapses, and thin lines represent indi-
vidual synaptic weights. Colors represent detected sources for output neurons (left) and inhibi-
tory neurons (middle right). (C) Relationship between the number of inhibitory neurons and
the lateral structure. (D) Propagation of structure. i to iii correspond to lateral excitatory con-
nections, and iv to vi correspond to feedback inhibitory connections. (E) Analytic results for
various types of STDP.

(EPS)

S3 Fig. The effects of noise in the model with exponential correlation kernel. (A) Cross-
correlations among input neurons responding to the same source calculated from simulated
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data for three different correlation timescale parameters 0. Note that in Fig 3, we used 6, = 0.5,
2.0, 4.0 ms, while here we used 6, = 1.0, 3.0, 5.0ms. (B, C) The correlation kernels g, 2 geZX (B)
and their ratio g, o gezx (C) are shown for the kernels g, and geZX that were calculated from
Eq (30) with ¢,(t) = e7"/% /6,. (D,E) The effects of random noise (D) and crosstalk noise (E) at
various correlation timescales.

(EPS)

S1 Auditory File. Demonstration of blind source separation. 0°00”-0°43”: Independent audi-
tory signals (10 s each); 0°44”-0°54": Mixed auditory signal; 0°55”-1"38”: Decoded

independent signals.

(MP3)
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