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Abstract

Recently reported experimental findings suggest that the hippocampal CA1 network stores spatio-temporal spike patterns
and retrieves temporally reversed and spread-out patterns. In this paper, we explore the idea that the properties of the
neural interactions and the synaptic plasticity rule in the CA1 network enable it to function as a hetero-associative memory
recalling such reversed and spread-out spike patterns. In line with Lengyel’s speculation (Lengyel et al., 2005), we firstly
derive optimally designed spike-timing-dependent plasticity (STDP) rules that are matched to neural interactions formalized
in terms of phase response curves (PRCs) for performing the hetero-associative memory function. By maximizing object
functions formulated in terms of mutual information for evaluating memory retrieval performance, we search for STDP
window functions that are optimal for retrieval of normal and doubly spread-out patterns under the constraint that the
PRCs are those of CA1 pyramidal neurons. The system, which can retrieve normal and doubly spread-out patterns, can also
retrieve reversed patterns with the same quality. Finally, we demonstrate that purposely designed STDP window functions
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qualitatively conform to typical ones found in CA1 pyramidal neurons.

Citation: Miyata R, Ota K, Aonishi T (2013) Optimal Design for Hetero-Associative Memory: Hippocampal CA1 Phase Response Curve and Spike-Timing-
Dependent Plasticity. PLoS ONE 8(10): €77395. doi:10.1371/journal.pone.0077395

Received April 8, 2013; Accepted September 2, 2013; Published October 24, 2013

Copyright: © 2013 Miyata et al. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.

Funding: This work was partially supported by a Grant-in-Aid for Japan Society for the Promotion of Science Fellows [No. 12J09230 (RM)] and a Grant-in-Aid for
Scientific Research (C) [No. 23500375 (TA)] from the Ministry of Education, Culture, Sports, Science, and Technology of Japan. The funders had no role in study
design, data collection and analysis, decision to publish, or preparation of the manuscript.

Competing Interests: The authors have declared that no competing interests exist.

Introduction

It has been reported that characteristic ensemble spiking
patterns are consistently repeated in the hippocampal CAl region
during waking and sleep periods [1-9]. Louie and Wilson (2001)
reported that in rats, spike patterns produced during rapid eye
movement (REM) episodes are very similar to those observed
while the animals are running [8]. There are cases in which the
timescale of these reactivation patterns during REM episodes is on
average twice as long as that of the running periods. Foster and
Wilson (2006) reported that the spike patterns observed during
running periods are reproduced in a temporally reversed order
during rest periods [9]. These experiments suggest that the CAl
network stores spatio-temporal spike patterns and retrieves
reversed and spread-out patterns.

These experimental results raise a big question as to whether the
hippocampal network including the CAl and CA3 regions has an
optimal structure for storing and retrieving such spike patterns.
Lengyel et al. (2005) [10] developed a normative theory for auto-
associative memory networks that specifies optimal pairs of the
synaptic plasticity rule for embedding memories and the form of
neural interactions for auto-associative memory retrieval. Under
the speculation that a phase response curve (PRC) is appropriate
to formulate the neural interactions if memories are embedded by
spike-timing-dependent plasticity (STDP), they derived pairs of
STDP window functions and PRCs optimally functioning as an
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auto-associative memory. They showed that the features of the
PRCs of hippocampal CA3 pyramidal neurons qualitatively
conform to ones theoretically derived from typical STDP window
functions. However, they asked the question only as it relates to
restoring phase patterns to the original stored state through mutual
recurrent interactions, not retrieval of reversed and spread-out
patterns. Moreover, although the possible existence of STDP at
recurrent synapses between CA3 pyramidal neurons has been
suggested [11,12], as far as we know, there are no reports on
capturing the entire shape of the STDP window function.

Here, we focus on the CAl network in which STDP has been
reported [13-17]. We explore the idea that the properties of the
neural interactions and the synaptic plasticity rule support the
function of hetero-associative memory in which spike patterns are
embedded in synapses and reversed and spread-out patterns are
retrieved. In line with Lengyel’s speculation, we search for optimal
pairs of STDP window functions and PRCs. Whereas Lengyel
et al. used a top-down approach, treating the auto-associative
memory retrieval as optimal probabilistic inference and inferring
the retrieval dynamics that are normatively matched to the typical
STDP window functions, we take a synthetic approach of optimal
design for hetero-associative memory under the physical limita-
tions of the neural implementation. Figure 1 illustrates our
approach, consisting of bottom-up and top-down steps. In the
bottom-up steps, under the assumption of regular firing and weak
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coupling, we firstly formulate a hetero-associative memory
network recalling not only the normal spike patterns, but also
the reversed and doubly spread-out patterns as a phase oscillator
model consisting of an STDP window function and a PRC. This
network model associates pre- and postsynaptic phase patterns.
For example, when presented with a stored presynaptic phase
pattern that is temporally reversed or spread out, the postsynaptic
neurons can recall the associated phase pattern that is temporally
reversed or spread out (for more detail, see Table 1). Secondly, we
analytically derive the mutual information between a stored phase
pattern and a network output, and use it to evaluate memory
retrieval performance. In the top-down steps, by maximizing the
objective function given by the mutual information, we search for
a set of optimal STDP window functions under the constraint of
PRCs recorded i vitro from hippocampal CAl pyramidal neurons
[18,19].

The theoretically derived STDP window functions are com-
pared with those reported for CAl pyramidal neurons. The typical
STDP window functions observed in the CA1 region are classified
into two types [13,14]: symmetric [15,16] and asymmetric [17]
plasticity rules. We show that both of these rules are included in a
theoretically derived set of optimal STDP window functions and
they allow network models with them to work as an associative
memory.

Methods
Working Hypothesis

Hippocampal CAl network works as hetero-associative
memory. On the basis of the anatomical structure and
physiological properties of the hippocampus, many researchers
have long hypothesized that auto-associative memory resides in
the CA3 region because of its recurrent connections, and hetero-
associative memory resides in the CAl region because of its
feedforward connections [20—-28].

CAl pyramidal neurons receive inputs from the entorhinal
cortex and the CA3 region, and the temporal correspondence
between the activity patterns of CAl pyramidal neurons and these
presynaptic activity patterns may result in hetero-association
between them by modification of the synapses onto the CAl
pyramidal neurons [27]. In line with these considerations, we
assume that the hippocampal CAl network works as hetero-
assoclative memory and introduce a feedforward network model.
The fundamental requirements for hetero-associative memory are
to recall an associated activity pattern of postsynaptic neurons
upon presentation of a presynaptic activity pattern.

Optimal Design for Hetero-Associative Memory

Table 1. Outline of hetero-associative memory functions we
studied.

Presynaptic phase Postsynaptic phase

Storage process  Memory key pattern

i} €[0,2m)

Memory output pattern
0" €[0,2m)

Retrieval process Retrieval key pattern Retrieval output pattern

v (zanf) ¢ (mob)

Phase patterns of presynaptic neurons are associated with those of
postsynaptic neurons in the hetero-associative memory. In the storage process,
p pairs of pre- and postsynaptic phase patterns, #* and " (u=1,2,---,p), are
embedded by modifying synaptic weights in accordance with an STDP learning
rule. In the retrieval process, when presented with a phase pattern of
presynaptic neurons which resembles the p-th memory key pattern that is
temporally reversed and/or stretched to |o| times its original timescale, ¥
(~an") (x= +1,42), the postsynaptic neurons recall a phase pattern which
resembles the associated memory output pattern that is temporally reversed
and/or stretched to || times its original timescale, ¢ (=~ a6").
doi:10.1371/journal.pone.0077395.t001

Lengyel’s speculation. The STDP is an associative plasticity
that adjusts synaptic efficacy depending on the relative timing of
pre- and postsynaptic spikes. In the case of asymmetric STDP
window functions, a synapse increases its efficacy if presynaptic
spikes repetitively arrive within 5-40 msec before the postsynaptic
spikes, whereas the same synapse decreases its efficacy if
presynaptic spikes repetitively arrive with a similar time window
after the postsynaptic spikes. On the other hand, the PRC reflects
the sensitivity of oscillatory postsynaptic spike timing in response to
presynaptic spike activation or a current perturbation mimicking
presynaptic spike activation. The experimental protocols for
measuring PRCs generate presynaptic spikes or inject perturbation
currents at various timings relative to the last spike of repetitively
firing postsynaptic neuron, and measure the inter-spike interval of
the cycle containing the perturbation. The STDP window function
and the PRC respectively indicate the effect of the timing of the
presynaptic spikes relative to the postsynaptic ones on the synaptic
efficacy and the timing of postsynaptic spikes, and they are based
on the premise that neurons act as oscillators. In light of this,
Lengyel et al. speculated that PRCs are an appropriate way to
formulate neural interactions if memories are embedded by STDP
[10]. In line with this speculation, we decided to search for optimal
pairs of STDP window functions and PRCs.
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Figure 1. Outline of our approach. We derive pairs of PRCs and STDP window functions optimally recalling normal, reversed, and spread-out

memory spike patterns.
doi:10.1371/journal.pone.0077395.g001
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Phase reduction of weakly coupled limit-cycle oscilla-
tors. The hippocampal CAl region, as well as other regions
involved in memory processing, exhibits stable oscillations of the
local field potential (LFP) in several situations including awake and
sleep states [29]. In such cases, the temporal order of neuronal
spiking relative to the LFP oscillation are preserved [30] and
correlated with the animal’s location in space [31]. This evidence
suggests that memories seem to be encoded in spike times relative
to ongoing LFP oscillations. Here, we formulate the storage and
retrieval processes as coupled limit-cycle oscillators. As described
below, under the assumption of regular firing and weak coupling,
we can reduce this oscillator system to a phase equation on the
basis of PRC [32,33]. Thus, the use of PRCs is consistent with
Lengyel’s speculation described above. However, the temporal
spike patterns of hippocampal CAl pyramidal neurons i vivo
show irregular and bursting activities that differ from the regular
spike activity that we assume here [29]. The phase equation
derived here is valid in the limit that each neuron generates a
single spike once during each period of the collective oscillations.
Our assumption does not correspond to actual behaviors very well,
but it is expected to capture the dominant factor of cooperative
behavior in coupled oscillating systems [34]. Another big
advantage of this analysis method is that it can be directly applied
to real neurons by electrophysiologically measuring the PRCs [33].
Here, we use the PRCs of hippocampal CAl pyramidal neurons
recorded i wvitro [18,19], and predict the behavior of a virtual
hetero-associative memory network composed of pyramidal
neurons.

Retrieval of doubly spread-out patterns under the same
collective theta oscillations in the running periods. It has
been reported that in rats, awake neural ensemble activities are
reproduced during REM episodes associated with increases in LFP
theta power, and that the timescale of reactivation patterns during
the REM episodes is on average twice as long as that of running
periods (see Fig. 5B in [8]). This result suggests that during REM
episodes, doubly spread-out patterns are reactivated under the
same collective theta oscillations as those during running periods.
Here, under the assumption that oscillatory dynamical properties
of each neuron does not change in the CA1 network even though
doubly spread-out patterns are reactivated, we use the same PRC
when formulating the retrieval processes for normal and doubly
spread-out patterns. This assumption simplifies the problem to
find pairs of PRCs and STDP window functions optimally
recalling normal and spread-out patterns.

Minimum Model Functioning as a Temporal Hetero-
associative Memory

In this study, we use the hetero-associative memory model
shown in Fig. 2A. The model consists of N presynaptic and M
postsynaptic oscillator neurons. For simplicity, these pre- and
postsynaptic neurons have the same firing period. A presynaptic
neuron j is connected to a postsynaptic neuron 7 through a synapse
with an efficacy (weight) J;;. The theoretical derivations presented
below assume all-to-all connectivity.

For the purpose of mathematical tractability and simplicity, we
assume that the timescale of synaptic dynamics in the memory
storage process is far different from that of network dynamics in
the memory retrieval process. Under such an assumption of
timescale separation, the storage process and retrieval process can
be separated from one another.

Set out below is the outline of the hetero-associative memory
functions that we wanted to study (Table 1). In the storage process,
p pairs of pre- and postsynaptic phase patterns, #* and 6"
(u=1,2,---,p), are embedded by modifying synaptic weights in
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accordance with an STDP learning rule. #* and 6" are called the
u-th memory key pattern and memory oulput pattern, respectively. In
the retrieval process, after assigning a phase pattern of the
presynaptic neurons that resembles the memory key pattern, ¥
(~n"), the postsynaptic neurons recall a phase pattern that
resembles the memory output pattern, ¢ (~6"). Furthermore, we
treat more general cases involving the normal phase pattern
retrieval described above. When presented with a phase pattern of
presynaptic neurons resembling the memory key pattern that is
temporally reversed and/or stretched to || times its original
timescale, ¥ (R af") (0= +1,+2), the postsynaptic neurons recall
a phase pattern that resembles a memory output pattern that is
temporally reversed and/or stretched to |o| times its original
timescale, ¢ (~a6"). Here, ¥ and ¢ are called retrieval key pattern
and retrieval output pattern, respectively. Note that the synaptic
weights are then fixed during the retrieval process. The case a=1
corresponds to normal phase pattern retrieval, the case a=2
corresponds to doubly spread-out pattern retrieval, and the cases
o= —1 and —2 correspond to retrievals of reversed patterns. The
following subsections describe the storage and retrieval processes
in the network.

Synapse dynamics in the storage process. In the storage
process, we treat 7; as the phase of presynaptic neuron j
(=1,2,---,N), and 60; as that of postsynaptic neuron i
(=1,2,---,M). Jj; denotes the synaptic weights between presyn-
aptic neuron j and postsynaptic neuron . Memory storage occurs
as a result of synaptic modification depending on the relative phase
of the pre- and postsynaptic neurons. The amount of synaptic
modification, AJj, is determined according to the following
synaptic plasticity rule:

1
AJ,«]-:NQ(G,ﬂfnj), (1)

where Q(0) is the STDP window function. This rule is local in that
the change to J;; depends only on the phases of these two neurons
and not on those of other neurons. When storing more than one
pair (u=1,2,---,p), we also make a simplifying assumption that
synaptic plasticity is additive across the memories:

1 1
L o I
Jy= o+ N;:; Q0" — ), )

where ﬁJO (>0) is the initial synaptic weight, which avoids
negative values of Jj. The local and additive plasticity rule is
similar to the one described in the previous study [10]. The
difference from the previous study is the scaling of the synaptic
weight with the number of presynaptic neurons, N. This scaling is
necessary for derivation of the order parameter m;(”l, which
measures the overlap between the p-th memory key pattern # and
the retrieval key pattern ¥, as we shall discuss later. Since the
magnitude of Q(0) is arbitrary, there is no loss of generality due to
the scaling in Egs. (1) and (2). Each element r]j’-‘ of the p-th memory

key pattern #* stored in the model is assigned to an independent

1
)= 5=

T
By the same token, each element 8 of the u-th memory output
pattern 8" is assigned to an independent random number in [0,27)

random number in [0,27) with a uniform probability, P(r[;-l

1
with a uniform probability, P(0" )=2— Thus, these memory
T

patterns are not correlated with each other.
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Figure 2. Structure of hetero-associative memory model. (A) Schematic diagram of a feedforward network with neural oscillators. Presynaptic
neurons numbered j=1,2,---,N are characterized by their initial phases, V15, - - - ¥/, representing their individual spiking timings. The angle of
the radius line in the circle represents the initial phase. Postsynaptic neurons numbered i=1,2,---,M are characterized by their initial phases,
$15$2, - - - P p- The pre- and postsynaptic neurons are fully connected by NM synaptic connections. (B) Phase response curves (PRCs) of hippocampal
CA1 pyramidal neurons recorded in vitro [18,19]. The abscissa represents the phase of a perturbation arrival, and the ordinate represents the phase
shift of the postsynaptic spike in response to the perturbation current. (C) Typical STDP window functions observed in hippocampal CA1 pyramidal
neurons. In the storage process, synaptic weights {J;} are determined in accordance with an STDP learning rule depending on the phase difference
between the pre- and postsynaptic spikes. Left: Symmetric plasticity rule [16]. Right: Asymmetric plasticity rule [17].
doi:10.1371/journal.pone.0077395.9002

Network dynamics in the retrieval process. We assume
that the postsynaptic neural population (Fig. 2A) consists of neural
oscillators which share common features: the M postsynaptic
neurons fire rhythmically with a period 7'=2n/® (w is the angular
frequency), and N presynaptic neurons also fire with a period 7.
Let us consider a situation in which rhythmical firing of a
postsynaptic neuron i is perturbed by a total synaptic input current
G;(t) from N presynaptic neurons and an additive noise current
&es;(2):

dX;
dt

=F(Xi(0)+(Gi(D) +esi())U. 3)

The term (Gi(f)+es{(¢))U represents the driving current, in
which the vector U (=[1,0,---,0]") results in perturbing one
degree of freedom of the neural oscillator. s;(f) is a one-
dimensional Langevin force satisfying {si(1)> =0,
{si()si(f)y =20;0(t—1'), and is the intensity of the Langevin
force. X; is a high-dimensional state vector that represents the
activity of the postsynaptic neuron i, namely, the membrane
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potential, calcium concentration, and conductances for voltage-
gated ion channels. F(X;) is a vector field that represents the
intrinsic dynamics of neuron i. We assume that the unperturbed
neural oscillator dX;/dt=F(X;) has a stable limit cycle solution:

Xi()=®((1).9; =t +¢,, (4)

where ¢; is the phase of postsynaptic neuron i, and ¢; is the initial
phase corresponding to the retrieval output pattern.
The total postsynaptic current G;(f) is given by

N
G(D)=">_ Tyr(h (D)4 =1+,

j=1

(5)

where r(x) denotes the waveform of the postsynaptic current, and
Jij is the synaptic efficacy determining the magnitude of the
synaptic current. l}j is the phase of presynaptic neuron j, and ¥; is
the initial phase corresponding to the retrieval key pattern.
When ¢ and Gi(f) are sufficiently small, a high-dimensional
system (3) can be reduced to a one-dimensional one expressing the
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motion of the phase (]~§,~ in the limit cycle orbit:

¢,

dt
where Zprc(@) is the PRC reflecting the sensitivity to the
perturbation current [32,33]. This is called the Langevin phase
equation (LPE) [35,36].

We apply the variable transformation (251- =wt+¢; and averag-
ing to Eq. (6). ¢, represents a slow-moving initial phase driven by a
small perturbation (synaptic input) and noise. Accordingly, we can
write the slow dynamics of the initial phase of the postsynaptic
neuron, ¢;, as

=0+ Zprc(§)(Gi(1) +esi(0)), (6)

dp;
;il = Zjij'r(gbi—l//j)—i-as,-(t), (7)
j=1
1 21
M—b)= 5z | W Zmcrrbi=b). (6)
1 2n
g=¢ EJ@ AxZig (). 9)

I'(¢) is called the coupling function, and it is represented as a
convolution of r(x) with Zprc(x). If the time constant of r(x) is
much shorter than the period T of the postsynaptic neuron, r(x)
can be written as a delta function (r(x) = d(x)). Thus, the coupling

function can be written using the PRC: T'(¢)= ﬂZpRc(qﬁ). o is

the intensity of the noise, rescaled with the power of the PRC [36].

The effect of the white noise term as;(f) can be regarded as
temporal fluctuations in the firing rate of each postsynaptic neuron
around the mean @ (i.e., natural frequency). Moreover, if the
fluctuation strength of the measured PRC is constant with respect
to the perturbation timing, the effect of as;(¢) can also be regarded
as a fluctuation of the measured PRC [37].

Here, we expand the STDP window function and the coupling
function into their Fourier series:

o0
QO —n)= > axexp(ik(0! —n), a
k== (10)

= 1 [ doQ(0) exp (— ik0),
2n ) _ o

;- vy = Z by exp (il(¢;— V)b

=== (11)
~5- | dr@exp (-

where a; and b; are the Fourier coefficients of the STDP window
function and the coupling function (PRC), respectively. Q(0) and
I'(¢), which are real-valued functions, satisfy a_;=a; and
b_;=b; (the superscript * denotes the complex conjugate),

PLOS ONE | www.plosone.org

Optimal Design for Hetero-Associative Memory

respectively. The parameters k (=0,+1,+2,---) and [
(=0,+1,+2,--) denote the wavenumbers. Note that the initial
synaptic weight Jy can be involved in the DC component ag
without loss of generality. Here, we define 4y and {; as the
amplitude and the phase of ai, respectively (@, = Ax exp (ily)). B;
and jy; represent the amplitude and the phase of b
(b= By exp (iy;)). They satisfy the following equations: A4_j =
Ak BLi=B1, (=0, 1= —11-

The order parameter mZ’,, the overlap between the k-th
frequency component of the y-th memory key pattern #* and the
I-th frequency component of the retrieval key pattern ¥, is defined
as

1 N
iy =~ S expilkn) —1y,) (12)
j=1

Because #* and ¥ do not vary over time, each overlap mZ ; takes a
constant value. Note that all the postsynaptic neurons share the
same order parameter m , and that 7}, represents the character-
istic function of presynaptic phase disrtibution P(lﬁj\ar];‘ ) at each

wavenumber: mft = [+* dyr Pp|on®) exp (i(kn — ).
By using ay, b;, and mZ,/: the LPE (7) can be transformed into

0 P

dp; &
%: SN0 apbimy exp (g, —k0) +osi(1).  (13)

k=—wl=—owp=1

Because the postsynaptic neurons share the same mZJ and are
driven by independent noise, the M neurons can be considered to
be statistically independent of each other and have the same
statistical characteristics.

Equilibrium Distribution when Storing a Finite Number of
Patterns

For mathematical simplicity and tractability, we consider the
case when the number of stored paired patterns p is finite in the
thermodynamic limit as N— 00 (i.e.,, p< <N). Given a retrieval
key pattern similar to ag', @' is to be retrieved. As described
above, the memory key patterns g (u=1,2,---,p) are not
correlated with each other. The same goes for the memory output
patterns 0".

The retrieval key pattern is generated with the following von
Mises probability density function (PDF):

P(;|on} ) oc exp (7 cos (an] — ), (14)

where om} corresponds to the mean of this PDF. y is a measure of
the concentration, and it controls the similarity between the
retrieval key pattern and og'.

Under the above definition of retrieval key pattern generation,
each overlap mZ ; (u=12,--- p) can be calculated as follows. The
average overlap with ft=1 between pairs of frequency components
which satisfy k=ol is

J e
<m;l,l> _ 1) _

TGy~ O (13

1 2n
where Ij(y)= ZJ d¢ cos (Ip) exp (ycos @) is a modified Bessel
0
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function of the first kind. On the other hand, the average overlap
with g=1 between the other components (k #al) is

1 & .
Sy > =55 > _<exp kg —ly)y =Oifk #al,  (16)
j=1

and the deviation is O(1/v/N). Moreover, for any k and /, the
overlap between the retrieval key ¥ and a memory key pattern
other than the first one (u>2) is on average

mlt > =0if p>2, (17)

and the deviation is O(1/v/N). In the case of a finite p, the
number of terms with ¢>2 in Eq. (13) is finite. Moreover, the
Fourier coefficients a; and b; rapidly approach zero as I increases.
Thus, contributions of the terms except those with =1 and k =a/
to Eq. (13) can be neglected in the limit N—co. The phase
dynamics can be rewritten as

do; < 1 o 1 T
717 :2;1‘1&13/’%1,1 sin (l(; —a0;) + 1 — L — §)+”Si(t)- (18)

Note that the term consisting of DC components @y and by in Eq.
(13) is a constant. We can safely neglect this term, because the
constant term can be involved in the natural frequency @ without
loss of generality. Equation (18) shows that the statistical properties
of the hetero-associative memory model in the case of finite
loading (p < <N) and those in the simplest case of just one pair of
patterns to be stored (p=1) are identical.

From Eq. (18), we obtain the equilibrium phase distribution of
each postsynaptic neuron:

AyBiIi(y) 1
P(¢;]o0; )——e p(5 } j ! cos ((¢h; — a0}
a2 (y) (19)
+a—Cu— E))’
AuBiIi(y)

ZNF:J dpexp( 22 os(l¢+xl—511—g))» (20)

o(y)

where ZNF is the normalizing factor.

Mutual Information per Neuron

Mutual information, which measures how related two random
variables are, is nonnegative and takes 0 only if these variables are
independent.

When recalling the o times spread-out memory pattern A , the

mutual information of the retrieval output ¢ relative to 0" per

neuron, iH(¢; "), is given by
L H( o0 = H@) — S H@R0). (1)
My M
1 . .
Here, MH (¢) is the entropy of ¢ per neuron, which measures

1
the uncertainty associated with ¢. MH (¢|«8") is the conditional
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entropy of ¢ given «f", which quantifies the remaining uncertainty
of ¢ given that 8" is known. Because each postsynaptic neuron is
statistically independent of each other and has the same statistical

1 1
characteristics as described above, MH (¢) and MH (¢|oB") can

be simply written as follows:

2n
—H(¢)— — —ZJ ,J deip(¢f|°‘9})P(9})
i=1 0 (22)

21
In J d0;P(¢;|«0))P(0)) = In2x,
0

1H 0= Ly 2nd01P01 an P(¢.|20") In P($;]06!
a0 == 32| a0l | e ohn o)

2 (7 N AuBi(y)
=——= | d Tl
2 ZNF L ¢ Z o(y)

=1
X exp( Z

cos(p+u—Lu—3)  (23)

13111(/)

110 )+ In ZngE.

n
S(l¢+XJ—Ca/—§

1
Because MH((]?) a constant, as shown by Eq. (22),

L . .1 .
maximization of the mutual information MH ((/);cxﬂl) m Eq.
(21) is identical to minimization of the conditional entropy

1 N
HH(MO(H ) in Eq. (23).

1
Note that in Eq. (21), for any o, the value ofMH(lﬁ; ") is

equal to that of the reverse pattern retrieval case, ie.,

MH (¢; —oB'). This is because the system is symmetric with

respect to sign inversion of the key and output patterns. Namely,
the system, which can retrieve normal and doubly spread-out
patterns, can also retrieve reversed patterns with the same quality.

In what follows, we search for pairs of PRCs and STDP window
functions that are optimal for retrieving both normal and doubly
spread-out patterns by jointly maximizing two object functions,

1 1
MH(¢;01) and MH((#;ZHI). To solve this joint optimization

problem, we employ a simple sum of these functions,

I total =

2
%ZH@; af"). (24)
a=1

Furthermore, for comparison, we also use an objective function,

1
yaells 0"). (25)

Liora1 =

As mentioned above, the optimal system derived by maximi-
zation of the objective function is also optimal for retrieving
reversed patterns.
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Phase Response Curve of Hippocampal CA1 Pyramidal
Neurons

In our previous work, we obtained PRCs from rat hippocampal
CA1 pyramidal neurons by performing whole-cell patch-clamp
recording i vitro [18,19]. Figure 2B shows the PRCs from that
research. In the protocol for measuring PRCs, we injected DC
depolarizing currents into the somata of rat CAl pyramidal
neurons to evoke periodic firing. Using the dynamic clamp, the
mean inter-spike interval (ISI) was adjusted to the target period by
tuning the DC depolarizing current. In measuring these PRCs, the
firing frequencies of those neurons were tuned in the theta
frequency range (4-14 Hz). Next, we evoked a one-shot rectangle
perturbation superimposed on the DC depolarizing current by
using various timings relative to the spike, and measured how the
perturbation current disturbed the timing of the succeeding spike,
i.e., phase response. The spike times randomly fluctuated due to
intrinsic noise in the neurons. To extract the PRCs from the noisy
data of the phase responses, we made use of a PRC measurement
model formulated as an LPE [38] (the same as the one used in the
current study) and applied a maximum a posteriori (MAP)
estimation algorithm based on the measurement model to the
noisy phase response data. The effectiveness of the measurement
model and the reliability of the estimated PRCs were verified by
demonstrating that the LPEs with the estimated PRCs could
predict the stochastic behaviors of the same neurons, whose PRCs
had been measured, when they were perturbed by various periodic
stimulus currents [18]. A detailed explanation of the experimental
conditions and the MAP estimation algorithm can be found in
[36,38,39], while the reliability and quality of PRCs used here has
been discussed in detail in [18,19].

Results

Performance of Hetero-associative Memory Model with
Typical Parameters

We carried out numerical simulations on the hetero-associative
memory model with typical parameters, and we compared the
numerical results with theoretical predictions. Here, we use the
hetero-associative memory model endowed with a PRC (cell #1 in
Fig. 2B [18]) and a typical STDP window function (/gff panel of
Fig. 2C [16]) of CAl pyramidal neurons. In the following
numerical simulations, we embedded three pairs of random phase
patterns, #* and 6" (u=1,2,3) in the synaptic weight Ji;. We used
the following to evaluate the retrieval quality of this model:

1 M
My =7 D exp (illg;—k0})). (26)
i=1

This measure is the overlap between the k-th frequency
component of the p-th memory output pattern 8 and the /-th
frequency component of the retrieval output pattern ¢. At
equilibrium, the overlap M, ,/:’, can be theoretically obtained with
the PDF (19):

21
ML= L dp P(|0") exp (i(lp — k0. (27)

As shown in Eq. (27), M, llvl,/ represents the characteristic
function of the postsynaptic phase distribution P(¢|x6") at each
wavenumber.
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First, we verified the effect of intrinsic noise on the retrieval
quality of this model. For simplicity, we gave it a retrieval key
pattern identical to the normal memory key pattern (¥ =g'),
which corresponds to the special case of y— 0. Figure 3A plots the
amplitude of the overlap |M,1J| (I=1,2,---,5) at equilibrium as a
function of the noise intensity ¢. In this figure, the LPE (13) was
solved numerically by using the Euler method, and the values of
|M ,",| calculated with Eq. (26) were compared with theoretical
predictions obtained by Eq. (27). As shown in Fig. 3A, the
numerical results coincide with the theoretical values for all
wavenumbers /. When the noise intensity is sufficiently small
(6<0.05), the retrieval output pattern ¢ has an appreciable
overlap with 0, ie., Mll’1 ~ O(1). As o increases, the overlap M}J
approaches zero. Figure 3B shows an example of the PDF (19) and
a histogram of the phase difference ¢,-—9; obtained by
numerically solving LPE (13) at equilibrium. Here, 6=0.03 and
y—00. In this figure, the PDF (19), which forms a unimodal
distribution, is in good agreement with the histogram normalized
by the bin width.

Next, we verified the effect of the degraded retrieval key
patterns on the retrieval quality of this model. We generated the
phase patterns by using the conditional PDF (14) given ' and
various values of ), and we used these generated patterns as
retrieval key patterns. Figures 3C and D respectively show
amplitudes of the overlaps |m}l| (defined in Eq. (12)) and |M}|
(I=1,2,---,5) at equilibrium as a function of y. Here, =0.03.
The numerical results coincide with the theoretical ones for all /.
When 7 is sufficiently large (y>3), the retrieval output pattern ¢
has an appreciable overlap with 0, ic., M11’1~0(1). As y
decreases, the overlap mll,l approaches zero faster than M}J
converges to zero.

Note that we got similar results to those above by using the
other PRCs (different from cell #1 in Fig. 2B) and another STDP
window function (right panel of Fig. 2C).

STDP Window Functions Optimally Matched to PRCs of

Hippocampal CA1 Pyramidal Neurons

We searched for STDP window functions optimally matched to
the PRCs of the five hippocampal CA1l pyramidal neurons shown
in Fig. 2B. As described in the Methods section, we considered the
two cases. One is that we maximize the objective function iotal
defined in Eq. (25) to search for STDP window functions that are
optimal for retrieving normal patterns. The other is that we
maximize the objective function fioa defined in Eq. (24) to search
for STDP window functions that are optimal for retrieving normal
and doubly spread-out patterns. In both cases, we assigned the
Fourier coefficients of the PRCs of the hippocampal CAl
pyramidal neurons to b; of each mutual information constituting
the objective function lira), and under the constraint of the
measured PRC, searched for a;, the Fourier coeflicients of the
STDP window functions to maximize the objective function fiotal-.
Note that a system which can optimally retrieve normal and
doubly spread-out patterns can also retrieve reversed ones,
because it is symmetric with respect to sign inversion of the key
and output patterns.

1
Because the mutual information MH(¢’ %0") in Eq. (21)

monotonically increases as A; (the amplitude of a) increases, we
imposed the following constraint condition on the power of STDP
window function:
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Z A} <Const. (28)

5
=1

Here, we truncated the Fourier series of the PRCs and STDP
window functions after the fifth term. Referring to the value of the
STDP power in a previous study [10], we set Const.=0.12. To
solve this optimization problem, we used the FMINCON function
in the Matlab Optimization Toolbox.

First, we searched for STDP window functions that are optimal
for retrieving normal patterns. By maximizing the objective
function in Eq. (25) under the power constraint (28), we obtained a
connected set of optimal STDP window functions described as
Q) =2 2,5:1 Ajcos(l(n+ &)+ () for any ¢ €[0,2n), in which all
members have the same shape, because if {; and zl (the phases of
a)) satisfy G =0 +1¢ for all € €[0,27), the values ofﬁH(@ 0") are
exactly the same in both cases. Figures 4A-D show five sets of
optimal STDP window functions; each set is optimally matched to
each PRC of the five different CAl pyramidal neurons shown in
Fig. 2B. The four panels of Figs. 4A-D plot examples of optimal
STDP window functions with different phases & All sets of
functions except for cell #1 have the same form, and they are
almost composed of fundamental frequency components. The
shape of the optimal STDP window function obtained from the
PRC of cell #1 is very similar to the others, even though the PRC
of cell #1 contains a relatively large number of higher frequency
components compared with the PRCs of the other cells (see
Fig. 2B).

Next, we searched for STDP window functions that are optimal
for both retrieving normal and doubly spread-out patterns. By
maximizing the objective function in Eq. (24) under the power
constraint (28), we obtained a connected set of optimal STDP
window functions in the same manner as described above.
Figures 4A'-D’ show five sets of optimal STDP window functions;
each set is optimally matched to each PRC of the five different
CA1l pyramidal neurons shown in Fig. 2B. The four panels of
Figs. 4A’-D' plot examples of optimal STDP window functions
with different phases £. All sets of functions except for cell #1 have
the same form, and they are almost completely composed of
fundamental and second frequency components. The shape of the
optimal STDP window function obtained from the PRC of cell #1
is very similar to the others, even though the PRC of cell #1
contains a relatively large number of higher frequency components
compared with the PRCs of the other cells (see Fig. 2B).

The results of Fig. 4 suggests that the optimal STDP window
function depends heavily on the fundamental frequency compo-
nents of the PRCs, and thus its shape is nearly invariant for all of
the PRCs of the CAl pyramidal neurons. In addition, the joint
optimization for retrieving normal and doubly spread-out patterns
only yielded the second frequency components of the STDP
window functions, and thus, the second frequency components of
the STDP window function play a key role in recalling doubly
spread-out phase patterns.

It has been reported that there are two types of STDP window
functions in hippocampal CAl pyramidal neurons [13,14], ie.,
symmetric (leff panel of Fig. 2C [16]) and asymmetric (right panel of
Fig. 2C [17]). Here, we compared physiologically measured
window functions with purposely designed ones for memory
recalls. We computed the Fourier series of symmetric and
asymmetric STDP window functions in Fig. 2C and compared
the fundamental and second frequency components of the STDP
window functions in Fig. 2C with the frequency components of the
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ones in Figs. 4A'-D’. Figure 5A plots symmetric and asymmetric
STDP window functions composed of only the fundamental and
second frequency components of the ones in Fig. 2C. The
purposely designed STDP window functions shown in Figs. 4A’
and B’ qualitatively conform to those of Fig. 5A. Figure 5B shows
the rate of the fundamental and second frequency components for
STDP window functions in Fig. 5A and the purposely designed
ones in Figs. 4A’-D’. We compared the amplitudes between the

two Fourier coeflicients of each STDP window function:
A+ A4

A

A1+ A
retrieving normal and doubly spread-out patterns yields equal
amounts of fundamental frequency component and second
frequency component (A4;=A), and the amount of second
frequency component in the symmetric and asymmetric STDP
window functions in Fig. 2C is almost equal to that of the
fundamental frequency components.

Moreover, Figs. 4C’ and D' show an inverted symmetric
window function and inverted asymmetric one in contradistinction
to Figs. 4A" and B'. These window functions were found in regions
outside the hippocampal CAl area (see [40-42]).

and . As shown in Fig. 5B, the joint optimization for

Memory Retrieval in the Hetero-associative Memory
Model

By using numerical simulations, we confirmed that the system
with the STDP window functions in Figs. 4A'-D’ can function as
intended. The synaptic weight J;; was determined using the STDP
window function (cell #5 in Fig. 4A’) to store three pairs of
random phase patterns, #* and 6" (u=1,2,3), and the retrieval
performance of the system with the determined synaptic weight
and the measured PRC (cell #5 in Fig. 2B) was verified. In the
following simulations, we used the retrieval key pattern generated
with the conditional PDF (Eq. (14)) given ag', and under this
condition, we checked whether the system could recall a
temporally reversed memory output pattern and/or one stretched
to || times its original timescale, 0", The overlap M, If,l between
the k-th frequency component of " and the /-th frequency
component of ¢ (defined in Eq. (26)) was used as a measure of
retrieval performance.

The three panels of the lft column in Fig. 6 show the time
evolution of |Mf(‘,| in the cases of the normal, reversed, and

spread-out pattern retrievals. |M],|=0(1) and the others are
almost zero in the normal pattern retrieval, whereas
[M! | |=0(1) and the others are almost zero in the reversed

pattern retrieval, and \le 1|=0(1) and the others are almost zero
in the doubly spread-out pattern retrieval. The panels of the center
and right columns in Fig. 6 show samples of memory output patterns
and retrieval output patterns at equilibrium in the cases of the
normal, reversed, and doubly spread-out pattern retrievals. We
also confirmed that the system with the other STDP window
functions in Figs. 4B’~D’ and the other PRCs (different from cell
#5 in Fig. 2B) works just as well as these.

Discussion

Summary of Results and Conclusions

By maximizing the objective functions given by the mutual
information, we derived pairs of STDP window functions and
PRCs optimally recalling normal, reversed, and doubly spread-out
phase patterns in a hetero-associative memory model. We
searched for a set of optimal STDP window functions using the
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Figure 3. Performance of hetero-associative memory model with typical parameters. We use a typical STDP window function (left panel of
Fig. 2C [16]) and the PRC (cell #1 in Fig. 2B [18]) measured from hippocampal CA1 pyramidal neurons. In this simulation, M =N =1000. Given a
retrieval key pattern similar to 7', 0" is to be retrieved (i.e., normal spike pattern retrieval). (A) Amplitudes of the overlaps \M,]’,\ (/=1,2,---,5 denotes
the wavenumber) at equilibrium as a function of the noise intensity ¢ when y— co. As defined in Eq. (26), M}J is the overlap between the first memory

1
output pattern #' and the retrieval output pattern ¢ in the /th frequency component: M,IJ: MZZ] exp(i(l()}—lqﬁ,-)). M}J represents the

characteristic function of the postsynaptic phase distribution P(¢i|0}) at each wavenumber /. Solid curves are theoretical results obtained from Eq.
(27); The plotted points are from numerical simulations using LPE (13). (B) An example of the PDF (19) and a histogram of phase difference ¢,~—()}
obtained by numerically solving the LPE (13) at equilibrium. ¢ =0.03 and y— o0. (C) Amplitudes of the overlaps \m}’1| (/=1,2,---,5) as a function of the
concentration parameter y. As defined in Eq. (12), m},l is the overlap between the first memory key pattern ' and the retrieval key pattern y in the /-

1
th frequency component: m,‘_, = NZ;\; exp (i(ln} —ly))). m,',, represents the characteristic function of the presynaptic phase distribution P(://jm}) at
each wavenumber /. Solid curves are theoretical results obtained from Eq. (15); Plots are obtained from a retrieval key pattern randomly generated
with the von Mises PDF (14). (D) Amplitudes of the overlaps |M}J| (/=1,2,---,5) at equilibrium as a function of y. ¢ =0.03. Solid curves are theoretical

results obtained from Eq. (27); The plots are from numerical simulations using LPE (13).
doi:10.1371/journal.pone.0077395.9003

measured PRCs from i vitro experiments on hippocampal CAl
pyramidal neurons.

spread-out phase patterns. If the memory key and output patterns
are respectively assigned to an independent number in [0,27) with
a uniform probability, in the limit of N — oo, the doubly spread-
out patterns are orthogonal to the original patterns (i.e.,

The optimal STDP window function heavily depends on the
fundamental frequency component of the PRCs, and thus its
shape 1s almost imvariant with respect to the PRCs of CAl
pyramidal neurons (see Fig. 4). Even though the PRC of cell #1
contains a relatively large number of higher frequency components
compared with the PRCs of the other cells (see Fig. 2B), the shape
of the optimal STDP window function obtained from the PRC of
cell #1 is very similar to the others. A comparison of results in

jozn dnexp (i(n—2n))=0). Because of this orthogonality, this
system can retrieve spread-out patterns if the STDP window
function contains higher frequency components.

As shown 1in Fig. 6B, the system, which can retrieve normal and
doubly spread-out phase patterns, can also retrieve reversed
patterns. This is because the symmetry with respect to sign

Figs. 4A-D and A'-D’ suggests that second frequency components
of STDP window functions play a key role in recalling doubly
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inversion for key and output patterns is satisfied as it is in the
conventional associative memory model [43,44]. Thus, the mutual
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Figure 4. Examples of STDP window functions optimally matched to PRCs of five hippocampal CA1 pyramidal neurons shown in
Fig. 2B. (A-D) By maximizing the objective function Iy, defined in Eq. (25), we searched for STDP window functions that are optimal for retrieving
normal patterns. (A’-D’) By maximizing the objective function I, defined in Eq. (24), we searched for ones that are optimal for both retrieving
normal and doubly spread-out patterns. In all cases, y =20, ¢ =0.03. We obtained connected sets of optimal STDP window functions, as described in
the main article. Each of the four panels in the upper and lower rows plots examples of optimal STDP window functions with different phases. The
numbers assigned to each line correspond to the cell indexes in Fig. 2B. All sets of optimal STDP window functions except for cell #1 have the same
form. (A, A’) STDP window functions when {; =0, which corresponds to the symmetric STDP rule. (B, B') STDP window functions when {; = — 5 (B)
and (;= -3 (B’), which correspond to the asymmetric STDP rule. (C, C') STDP window functions when {; ==, which corresponds to the inverted
symmetric STDP rule. (D, D) STDP window functions when {;=% (D) and {; = £ (D), which correspond to the inverted asymmetric STDP rule.

doi:10.1371/journal.pone.0077395.9004

information in retrieving normal and doubly spread-out phase region support a hetero-associative memory function recalling
patterns is equal to the information involved in retrieving the normal, doubly spread-out, and reversed patterns.
reversed patterns.

Furthermore, the mutual information is invariant with respect Effect of STDP Multiplicity in Single Neurons in Recalling
to the phases of the STDP window functions and PRCs. Thus, the Memories

set of optimal STDP window functions forms a connected set Optical imaging studies have suggested that the shape of STDP
homeomorphic to a ring, examples of which have a good window function in the CAl pyramidal neuron depends on the
qualitative match to those reported in hippocampal CAl location on the dendrite [13,14]. A symmetric STDP window
pyramidal neurons, such as the symmetric [15,16] and asymmetric function was observed in the proximal-to-soma dendrite, whereas
window functions [17]. Note that the original data from an asymmetric STDP window function was observed in the distal-
Wittenberg and Wang (2006) exhibit a phase delay between the to-soma dendrite.

pre- and postsynaptic spikes in the peak of the symmetric STDP Here, we verify the effects of symmetric and asymmetric STDP

window function [16]' On the other hapd, we used a simplified window functions in single neurons on recall memory. We
STDP window function (lff panel of Fig. 2C) that ignored the assume that synapses between a postsynaptic neuron i
phase delay in the peak. This is because the phase shift of the (=1,2,---,M) and a presynaptic neuron j (=1,2,---,N;) obey

STDP window function has no effect on the retrieval performance the symmetric STDP rules, and others between a postsynaptic
of the associative memory model, as stated above. As shown in neuron i (=1,---,M) and a presynaptic neuron j (=Nj+
Fig. 5B, the fundamental and second frequency components of 1,Ny+2,---,N) obey the asymmetric STDP rules. Ny is the
STDP window functions reported for CAl neurons have roughly number of synapses obeying the symmetric STDP rules in a

the same scale, which coincides with those of the theoretically single neuron. For mathematical simplicity, the symmetric and

derived STDP window .functlons. ) asymmetric STDP window functions coexisting in single neurons
Thus, the results obtained here suggest that the properties of the are described as

neural interaction and the synaptic plasticity rule in the CAl
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Figure 5. Comparison of purposely designed STDP window functions (Figs. 4A'-D’) and those reported for the hippocampal CA1
region. We computed the Fourier series of symmetric and asymmetric STDP window functions in Fig. 2C and compared the first two frequency
components of the STDP window functions in Fig. 2C with those in Figs. 4A’-D’. (A) Symmetric and asymmetric STDP window functions composed of
only the fundamental and second frequency components of the ones in Fig. 2C. Left: Symmetric plasticity rule [16]. Right: Asymmetric plasticity rule
[17]. (B) Rates of fundamental and second frequency components of STDP window functions in Fig. 5A and the purposely de5|gned ones in Figs. 4A’-
D’. We compared the amplitudes between the two Fourier coefficients of each STDP window function, i.e., R M and Symmetric: left panel of
Fig. 5A [16]. Asymmetric: right panel of Fig. 5A [17].

doi:10.1371/journal.pone.0077395.g005

A1+A

value of ¢ is 7/2. Under this condition, we can rewrite Eq. (13) as

© follows:
QO —n)= > acexp (i@ —)).j=1.- Ny,
k=—ow
(29) S,u M u
0 akbl(m +mk] )exp (i(lp; — k0))
e +asi0),

Here, the variable ¢ is the phase difference between the
symmetric and asymmetric STDP window functions. The typical
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Figure 6. Confirmation that the system with the STDP window functions in Figs. 4(A’-D’) can function as intended. The synaptic
weight J; was determined using the STDP window function (cell #5 in Fig. 4A’) to store three pairs of random phase patterns, #* and 6" (u=1,2,3),
and when presented with the retrieval key pattern generated with the conditional PDF (Eq. (14)) given ay!, the retrieval performance of the system
with the determined synaptic weight and the measured PRC (cell #5 in Fig. 2B) was verified by using numerical simulations (M = N =1000, y=20,
a=0.03). (A) Normal spike pattern retrieval (x=1). (B) Reversed pattern retrieval (x= —1). (C) Doubly spread-out pattern retrieval («=2). Left column:
Time evolution of the amplitude of the overlap between the k-th frequency component of 6 and the /-th frequency component of ¢, |M}|. Center
column: An example of the memory output pattern as originally stored, 0". Right column: The retrieval output pattern ¢ at equilibrium (corresponding
to t=300 in left column).

doi:10.1371/journal.pone.0077395.9006

Furthermore, in the limit of N =00 and N;— 00, while keeping
the Ns/N ratio constant at 4, the sum of the partial overlaps, m,fy

1
s, . A,
mk,}ll =N 2 eXp (l(knj’f - le))’mk,lu and m,?‘[” becomes
= .
- Gy ] +micf = Cieexp (pm, ),
= exp (i(kn} — I +k&)). ,
sz%ﬂ / / Cr=2(2—1)(A—cos (k&) +1, (32)
p = arctan (1—A)sin (k&)

I+ (1—7)cos (k&)
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where mZJ is the same as the order parameter defined in Eq. (12).
Thus, the above model is essentially equivalent to the homoge-
neous STDP model (Eq. (13)) except for the existence of the
coefficient C; and the phase p;. If the fundamental frequency
components are dominant in the PRCs, this inhomogeneous
model can also work as a hetero-associative memory. Figure S1
(supporting information) shows the results of numerical simulations
when A =0.5. Because Ci<1 if A#1 or 4 # 0, the retrieval
quality becomes worse than that of the homogeneous model.

Difference between Our Approach and Lengyel’s

Lengyel et al. (2005) tried to determine whether the properties
of neural interactions and the synaptic plasticity rule in the CA3
region support an auto-associative memory function [10]. Figure
S2 (supporting information) illustrates the top-down approach they
used. First, they developed a theory treating auto-associative
memory retrieval as a kind of Bayesian inference and constructed
a gradient ascent algorithm for the MAP estimation. Next, they
reinterpreted this algorithm as phase oscillators consisting of PRCs
and STDP window functions. Finally, they qualitatively compared
the PRCs of hippocampal CA3 pyramidal neurons with ones
theoretically derived from a typical STDP window function. As a
result of their contrasting the top-down approach with Marr’s tri-
level hypothesis [45], their study can be considered as a bridge
from the computational level to the algorithmic level. Further-
more, they tried to bridge the algorithmic and physical levels by
reinterpreting the algorithm they derived as phase oscillators.

On the other hand, contrasting our approach shown in Fig. 1
with Marr’s tri-level hypothesis, our study can be considered as a
bridge between the physical level and the algorithmic level. Note
that the phase equation (e.g., Eq. (13)) reduced from the coupled
oscillator system (Eq. (3)) corresponds to the algorithm of hetero-
associative memory. Unfortunately, there is no clear relationship
between our phase equation derived from the bottom up and
Lengyel’s gradient ascent algorithm derived from the top down at
this moment. In the future, we will explore the correspondence
between our results and Lengyel’s. [10].

How and Where are Key Patterns for Recalling Reversed

and Spread-out Patterns Created?

As shown in Fig. 2, a key pattern has to be input in order to
recall its associated output pattern in a hetero-associative memory.
As summarized in Table 1, to retrieve reversed and spread-out
patterns, the associated key patterns also have to be reversed and
spread-out. Thus, we must answer new questions as to where and
how key patterns for recalling reversed and spread-out patterns are
created. It is possible for a recurrent network such as the CA3
network to create and provide reversed and spread-out patterns.
The CAS3 region provides one of the dominant inputs to the CAl
region [25,27]. By applying mean field approximations, our theory
of hetero-associative memory can be straightforwardly extended to
analyses of auto-associative memory. The preliminary results

References

1. Skaggs WE, McNaughton BL (1996) Replay of neuronal firing sequences in rat
hippocampus during sleep following spatial experience. Science 271: 1870-1873.

2. Nadasdy Z, Hirase H, Czurko A, Csicsvari J, Buzsaki G (1999) Replay and time
compression of recurring spike sequences in the hippocampus. J Neurosci 19:
9497-9507.

3. Lee AK, Wilson MA (2002) Memory of sequential experience in the
hippocampus during slow wave sleep. Neuron 36: 1183-1194.

4. Diba K, Buzsaki G (2007) Forward and reverse hippocampal place-cell
sequences during ripples. Nat Neurosci 10: 1241-1242.

5. Ji D, Wilson MA (2007) Coordinated memory replay in the visual cortex and
hippocampus during sleep. Nat Neurosci 10: 100-107.

PLOS ONE | www.plosone.org

13

Optimal Design for Hetero-Associative Memory

suggest that the properties of sine-like PRCs of hippocampal CA3
pyramidal neurons recorded by Lengyel et al. (2005) [10] and the
typical STDP rule can support an auto-associative memory
function for recalling reversed and spread-out phase patterns.
Thus, the preliminary results and the results of this paper indicate
the possibility that a combination of the CAl network and the
CA3 network can consistently work to retrieve reversed and
spread-out patterns. We will report on this issue in our next study.

Role of Reversed and Spread-out Pattern Retrievals

It has been considered that memories are first stored in the
hippocampus and are gradually moved to the neocortex in a more
permanent form of storage. Temporally spread-out pattern
retrieval, in which the temporal order of the memory spike
sequence is preserved and the timescale of retrieval pattern is
about two times longer, may be important for the memory
translation and system consolidation [8]. On the other hand,
temporally reversed pattern retrieval is suggestive of evaluating
event sequences in the manner of reinforcement learning models
[46]. During waking periods, reversed pattern retrieval occurs
situ, allowing immediately preceding events to be evaluated in
precise temporal relation to the current one, and so it may be an
integral mechanism for learning about recent events [9].

Supporting Information

Figure S1 Effect of coexisting symmetric and asymmet-
ric STDP window functions in single neurons on the
memory retrieval. In this numerical simulation, we used the
PRC (cell #2 in Fig. 2B) and symmetric and asymmetric STDP
window functions (cell #2 in Figs. 4A" and 4B’) at the same rate in
single neurons. M = N = 1000, Ny = 500, y = 20, 6=0.01. (A)
Normal spike pattern retrieval (x=1). (B) Reversed pattern
retrieval (¢ = —1). (C) Doubly spread-out pattern retrieval
(a=2). Lefl column: Time evolution of the amplitude of the overlap
between the k-th frequency component of @* (u=1,2,3) and the /-
th frequency component of ¢, [ M},|. Center column: An example of

the memory output pattern as originally stored, 0. Right column:
The retrieval output pattern ¢ at equilibrium (corresponding to
t=>500 in lefi column).

(EPS)

Figure S2 Outline of the previous study by Lengyel et al.
(2005) [10]. They derive pairs of PRCs and STDP window
functions for optimally recalling the originally stored phase
pattern.

(EPS)

Author Contributions

Conceived and designed the experiments: RM TA. Performed the
experiments: RM. Contributed reagents/materials/analysis tools: KO.
Wrote the paper: RM TA.

6. Davidson TJ, Kloosterman F, Wilson MA (2009) Hippocampal replay of
extended experience. Neuron 63: 497-507.

7. Karlsson MP, Frank LM (2009) Awake replay of remote experiences in the
hippocampus. Nat Neurosci 12: 913-918.

8. Louie K, Wilson MA (2001) Temporally structured replay of awake
hippocampal ensemble activity during rapid eye movement sleep. Neuron 29:
145-156.

9. Foster DJ, Wilson MA (2006) Reverse replay of behavioural sequences in
hipppocampal place cells during the awake state. Nature 440: 680-683.

October 2013 | Volume 8 | Issue 10 | e77395



26.

27.

. Lengyel M, Kwag ], Paulsen O, Dayan P (2005) Matching storage and recall:

hippocampal spike timing-dependent plasticity and phase response curves. Nat
Neurosci 8: 1677-1683.

. Debanne D, Gihwiler BH, Thompson SM (1998) Long-term synaptic plasticity

between pairs of individual CA3 pyramidal cells in rat hippocampal slice
cultures. J Physiol 507: 237-247.

. Brandalise F, Gerber U (2012) Subthreshold responses evoked in CA3 pyramidal

cells by mossy fiber activity induce associative Hebbian plasticity. In:
Neuroscience2012 (Annual Meeting of Society for Neuroscience 2012).

. Tsukada M, Aihara T, Kobayashi Y, Shimazaki H (2005) Spatial analysis of

spike-timing-dependent LTP and LTD in the CAl area of hippocampal slices
using optical imaging. Hippocampus 15: 104-109.

. Aihara T, Abiru Y, Yamazaki Y, Watanabe H, Fukushima Y, et al. (2007) The

relation between spike-timing-dependent plasticity and Ca®* dynamics in the
hippocampal CAl network. Neuroscience 145: 80-87.

. Nishiyama M, Hong K, Mikoshiba K, Poo MM, Kato K (2000) Calcium stores

regulate the polarity and input specificity of synaptic modification. Nature 408:
584-588.

. Wittenberg GM, Wang SSH (2006) Malleability of spike-timing-dependent

plasticity at the CA3-CALl synapse. J Neurosci 26: 6610-6617.

. Bi GQ, Poo MM (1998) Synaptic modifications in cultured hippocampal

neurons: dependence on spike timing, synaptic strength, and postsynaptic cell
type. J Neurosci 18: 10464-10472.

. Ota K, Omori T, Watanabe S, Miyakawa H, Okada M, et al. (2011)

Measurement of infinitesimal phase response curves from noisy real neurons.

Phys Rev E 84: 041902.

. Ota K, Omori T, Miyakawa H, Okada M, Aonishi T (2012) Higher-order spike

triggered analysis of neural oscillators. PLOS ONE 7: ¢50232.

. Andersen P, Morris R, Amaral D, Bliss T, O’Keefe J (2007) The hippocampus

book. Oxford.
Jutsuridis V, Graham B, Cobb S, Vida I (2010) Hippocampal microcircuits.
Springer.

. McNaughton BL, Morris RGM (1987) Hippocampal synaptic enhancement and

information storage within a distributed memory system. Trend Neurosci 10:
408-415.

. Treves A, Rolls ET (1994) Computational analysis of the role of the

hippocampus in memory. Hippocampus 4: 374-391.
O’Reilly RC, McClelland JL (1994) Hippocampal conjunctive encoding,
storage, and recall: avoiding a trade-off. Hippocampus 4: 661-682.

. Hasselmo ME, Wyble BP, Wallenstein GV (1996) Encoding and retrieval of

episodic memories: role of cholinergic and GABAergic modulation in the
hippocampus. Hippocampus 6: 693-708.

Graham BP (2001) Pattern recognition in a compartmental model of a CAl
pyramidal neuron. Network: Computation in Neural Systems 12: 473-492.
Hasselmo ME, Bodelon C, Wyble BP (2002) A proposed function for
hippocampal theta rhythm: separate phases of encoding and retrieval enhance
reversal of prior learning. Neural Comp 14: 793-817.

PLOS ONE | www.plosone.org

14

28.

29.

30.

32.

33.

34.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Optimal Design for Hetero-Associative Memory

Cutsuridis V' (2011) GABA inhibition modulates NMDA-R mediated spike
timing dependent plasticity (STDP) in a biophysical model. Neural Network 24:
29-42.

Buzsaki G (2002) Theta oscillations in the hippocampus. Neuron 33: 325-340.
Skaggs WE, McNaughton BL, Wilson MA, Barnes CA (1996) Theta phase
precession in hippocampal neuronal populations and the compression of
temporal sequences. Hippocampus 6: 149-172.

. OKeefe J, Recce ML (1993) Phase relationship between hippocampal place

units and the EEG theta rhythm. Hippocampus 3: 317-330.

Kuramoto Y (1984) Chemical oscillations, waves, and turbulence. Springer.
Ota K, Aonishi T (2012) Bayesian approach to estimating phase response curves.
In: Schultheiss NW, Prinz AA, Butera RJ, editors, Phase response curves in
neuroscience, Springer. pp. 179-203.

Wang XJ (2010) Neurophysiological and computational principles of cortical
rhythms in cognition. Physiol Rev 90: 1195-1268.

. Teramae J, Fukai T (2008) Temporal prediction of spike response to fluctuating

input in pulsecoupled networks of oscillating neurons. Phys Rev Lett 101:
248105.

Ota K, Tsunoda T, Omori T,Watanabe S, Miyakawa H, et al. (2009) Is the
langevin phase equation an efficient model for oscillating neurons? J Phys:
Conference Series 197: 012016.

Netoff TI, Banks MI, Dorval AD, Acker CD, Haas JS, et al. (2005)
Synchronization in hybrid neuronal networks of the hippocampal formation.
J Neurophyaiol 93: 1197-1208.

Ota K, Omori T, Aonishi T (2009) MAP estimation algorithm for phase
response curves based on analysis of the observation process. ] Comput Neurosci
26: 185-202.

Aonishi T, Ota K (2006) Statistical estimation algorithm for phase response
curves. J Phys Soc Japan 75: 114802.

Abbott LF, Nelson SB (2000) Synaptic plasticity: taming the beast. Nat Neurosci
3:1178-1183.

Buchanan KA, Mellor JR (2010) The activity reuirements for spike timing-
dependent plasticity in the hippocampus. Front Syn Neurosci 2: 11.

Shouval HZ, Wang SSH, Wittenberg GM (2010) Spike timing dependent
plasticity: a consequeence of more fundamental learning rules. Front Comput
Neurosci 4: 19.

Hopfield JJ (1982) Neural networks and physical systems with emergent
collective computational abilities. Proc Natl Acad Sci U S A 79: 2554-2558.
Hertz J, Krogh A, Palmer RG (1991) Introduction to the theory of neural
computation. Addison Wesley.

Marr D (1982) Vision: a computational investigation into the human
representation and processing of visual information. Freeman.

Sutton RS, Barto AG (1998) Reinforcement learning: an introduction. MIT
Press.

October 2013 | Volume 8 | Issue 10 | e77395



