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Heteroassociative storage of hippocampal
pattern sequences in the CA3 subregion

Raphael Y. de Camargo!, Renan S. Recio!, and Marcelo B. Reyes'

ICenter for Mathematics, Computing and Cogpnition , Universidade Federal do ABC, Sao
Bernardo do Campo, SP, Brazil

ABSTRACT

Recent research suggest that the CA3 sub-region of the hippocampus operates both as a heteroassocia-
tive network, due to the ability to store and retrieve sequences of patterns, and as an autoassociative one,
due to its ability to complete partial clues, tolerate noise, and store associations between different parts of
episodic memories in flexible ways. Recent evidence regarding hippocampal theta sequences reinforces
the hypothesis of coding spatial memories as pattern sequences in the hippocampus. We investigated
whether a heteroassociative coding scheme combined with competitive synaptic scaling for homeostasis,
would suffice to explain the features that make the hippocampus a reliable network for memory: a) the
ability to retrieve stored pattern sequences after the presentation of a partial cue from one of its patterns,
in the_presence of external noise and incomplete connectivity among neurons, and b) the renewal of the
s€t of stored sequences as new memories are learned, permitting the storage of new sequences while
forgetting older ones. We show that these hypotheses hold for a biologically plausible model of the CA3
subregion containing 10,000 integrate-and-fire neurons, with sequence tetrieval organized by gamma
cycles nested on theta cycles.

Keywords:  Theta sequences, Hippocampus, Computational Neuroscience, Heteroassociative coding

INTRODUCTION

Even though it is well established that hippocampal formation is responsible for temporary storage
and retrieval of memories (Squire, 1992; Andersen et al., 2007), the memory coding scheme is still
not completely understood. The CA3 subregion contains a particularly large number of recurrent
connections among the pyramidal neurons. Existing attractor neural network models (Hopfield, 1982;
Amit, 1989) show that networks with recurrent connections can use a Hebbian learning rule to store
patterns, represented as a set of active neurons, and retrieve them from partial cues. Based on these
models, Rolls et al. (1997) proposed that the CA3 subregion could work as an autoassociative memory,
which enables the association/betweencdifferen® memories in flexible ways afid-the-retrieval of stored
memories from the presentation of partial cues. These characteristics of autoassociative networks makes
them excellent candidates for the storage of complex episodic memories (Rolls, 2010), which contain
smaller components organized in a flexible way-and that could be used as cues to retrieve a whole episode
(Cohen and Eichenbaum, 1993).

Another important characteristic of the CA3 subregion is that, during exploratory behavior in rats, this
area shows a local field potential (LFP) signal composed of gamma (40-100Hz) components nested in a
theta (5-10Hz) rhythm (Bragin et al., 1995; Colgin, 2016). Moreover, O’Keefe and Recce (1993) observed
that the phase of the theta cycle inside which a place cell is activated depends on the distance of the rat to
the cell preterred place, an effect called theta phase precession. Jensen and Lisman (1996) proposed that
the hippocampus could work as a heteroassociative memory (Sompolinsky and Kanter, 1986), a kind of
network that stores sequences of patterns, representing neuronal ensembles. A pattern sequence could be
retrieved in a theta cycle, with one pattern per gamma cycle nested in the theta cycle. To combine the
properties of auto- and heteroassociative networks, models with additional autoassociative connections for
each pattern in the sequence were proposed,.despite-the-extrarequired-connections. Feedback connections
from CA3 to Pentate Gyrus (Lisman et al., 2005) or between different CA3 areas (Samura et al., 2008)
would store sequences of memories in heteroassociative connections, and recurrent connections within
single CA3 areas would work as autoassociative connections.



o
(\"LVJ))V‘\{.'W}
0"

35

36

37

38

39

40

41

42

43

44

45

46

47

67

69

70

72

. {

,(n:h‘\, wrt jaf€ concept .
10 years ,’ 7
Recently, the concept of theta sequences (Foster and Wilson, 2007) was proposed, representing

sequencefof neuronal ensembles which are sequentially activated bounded by theta cycles. Differently Ip\
from phase precession, the appearance of theta sequences appears to require learning (Feng et al., 2015) contfrast

and was associated with the representation of current goals (Wikenheiser and Redish, 2015) of rodents.
The relationship of theta sequences with episodic (Wang et al., 2014) and spatial memories (Dragoi and
Buzséki, 2006) indicates that the CA3 recurrent and CA3-CA1 connections may code these memories as
sequential activation of neuronal ensembles. termporar) ?

A third feature of the hippocampus is that memories appear to be temporally store there and later
coded as remote memories npipthe coiex (Frankland and BOII)IIt)empl 2005). This property could be due to
the limited capacity of auto-and heteroassociative networks, since an increase in the number of stored
memories leads to a catastrophic interference effect (Amit, 1989), where the saturation of connection
weights makes all stored memories unavailable. Although the replacement of older memories by newer
ones also receiveithe name of catastrophic forgetting in other types of networks (French, 1999), this

ect is acceptable in the CA3 due to the temporary nature of memory storage. Proposals for enabling
this memory renewal include the use of STDP rules (Caporale and Dan, 2008) and memory recall and
idation during sleep (Born et al., 2006). 1‘7
ere, we investigated whether a single coding scheme would suffice to explain the features that
e the hippocampus a reliable network for memory: the ability to retrieve stored sequences after
resentation of a partial cue from one of its patterns, and to reliably retrieve them even in the presence of
external noise and incomplete connectivity among neurons. We hypothesize that a neural network, with
connections determined exclusively by a heteroassociative competitive learning rule, can reliably a) store
and retrieve episodic memories coded as pattern sequences, and b) renew the set of stored sequences as
new memories are learned. We also hypothesize that a heteroassociative learning rule, combined with

competitive synaptic scaling for homeostasis, would permit rage of new seqyences while forgetting
older ones. We show that these hypotheses hold for albiologically plausible modgl of the CA3 subregion

containing 10,000 neurons, with sequence retri organized by gamma cycles/nested on theta cycles.
METHODS Mwe %( Rut T 'H’Wlnbl"f ol
V‘-&M ed ¢o JV‘S‘(’ 'FV- Smuéw AV'E. 'PPWM'

The network model

We implemented a heteroassociative network, that simulates the CA3 subregion, composed of 10,000
integrate-and-fire neurons representing pyramidal cells. Neurons are connected by excitatory recur-
rent connections, with kineticsbased" models of AMPA synaptic channels and weights defined by a
heteroassociative learning rule. The network is shown in Figure 1.

W~ [ [

——e Excitatory connection — Inhlbltory connection

Figure 1. Network architecture, with the recurrent connections among pyramidal neurons and ( nfM

connections representing inhibitory basket and O-LM neuronal populations. _49

o

The network has two kinds of feedback inhibition, mediated by fast and slow GABA channels (Pearce,
1993), modeled as direct connections between every pair of pyramidal neurons. The #fast inhibition is
responsible for controlling the level of activity in the network and reducing the interference between
stored pattern sequences. Fhe-slewerinhibition-helps-to-control-the-level-ef-activity-in-the-netwerk-in-a

slewer-time-seale. We also included a periodic inhibition by O-LM cells (Freund and Buzsaki, 1998),
modeled with a spike generator representing the intrinsic firing rate in the theta range (5 Hz) of these
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cells when depolarized (Gloveli et al., 2005). It sends connections to the slow GABA channel of every
pyramidal neuron/modulating the generation of theta rhythm in the network.
Following the model used by de Almeida et al. (2007), we model the membrane potential V}, of neuron

n by: F,?’lm;M

dav, 1
dtn p ((I&yn + Irep) *Fippur — Vo + Vrest)
m

using the values 7y,pyr = 33 MQ, Vs = —60mV, 7,, = 2ms. When the V,, reaches a threshold of —50mYV,
it is reset to Vs, with a refractory period of 13.3 ms. The current /., is ai hyperpolarizing current that
provides neural adaptation and is dependent on the time of the last generated spike f,;. It is given by:

3 * -
Irep - —560pA * exp(t _ tspk 'q k — t V\;?L‘f_! O-H/\.”\b-”k '&'j
Sms P ) f/r'da l.

Finally, Iy, represents the synaptic current into the neuron, and is given by:

Isyn =low + Iampa + Igaba + IgabaS

where I,,; represents the external input, I, the excitatory AMPA synapses, Igq, the inhibitory fast
GABA synapses, and Iq.s the slow GABA synapses. We used the Euler method with an integration step

of 0.1 ms. -rikﬂl.FfI‘*"bh-{
wkt; wot. ﬂk.'{'?

The synaptic model
We modeled the synaptic channels using a dual exponential model, given by:

— 2 [AtS]‘, Aty Aty
I,=A W, ——=— —— | = =
¢ kzs" ‘n-n <eXp ( n) TP\ g

where Aty =t —t; — 14014y is the time since the spike s, generated at time #;, was delivered, considering
the delay #¢/qy. Ax represents the maximum conductance and W; the synaptic weight, i.e. the connection
strength between the neurons. Parameters 7; and 7, are the time constants, and the double exponential is
reduced to the alpha function when 7] = 7:

At At
I Akzs:WS o exp (1 o >

We used the 7 = 2ms, 7, = 8ms and Ay = 3200pA for AMPA channel of recurrent connections
(Spruston et al., 1995), 7| = 7, = 2ms and Ay = 3200 pA for the external input channels, 7| = 7 = Sms
and Ay = 540 pA for the fast GABA channels (Pearce, 1993), and 7| = 7ms, 7, = 57ms and A; = 30pA
for the slow GABA channels (Pearce, 1993).

We placed all neurons in a plane and defined the axonal delay between each pair of pyramidal neurons
based on their euclidean distance. We used an axonal propagation velocity of 300 um/s (Meeks and
Mennerick, 2007) and considered a square 2 X 2 mm area, based on anatomical data (Amaral and Witter,
1989), resulting in a mean axonal delay of about 3.3 ms (Aaron and Dichter, 2001). Since we are using
integrate-and-fire neurons, we also included the excitatory postsynaptic potential (EPSP) propagation
time to the soma. We used a delay of 5ms, estimated by experimentally measured differences between
the time to peak of EPSPs in the soma from mossy fiber inputs, near the soma, and recurrent connections,
at apical dendrites (Miles and Wong, 1986).

For inhibitory feedback connections we used a delay of 2.5 ms, based on studies on interneurons from
the CA3 (Diego et al., 2001). For the slow inhibition, we used a delay of 10ms, to include the fact that
these inhibitory cells are located near the basal positions of the pyramidal cells and makes connections to
the upper apical positions (H4jos et al., 2004). Process

External noise was modeled with a Poisson r§ with 1 Hz rate per neuron,
representing inputs to the neuron not related to the retrieval of sequences. We used weights that were
large enough to cause the network neurons to fire spontaneously at the rate of 0.75 Hz, which is similar to
the rate 0.80 Hz produced during pattern retrieval in the simulations.
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We definefsparsitylas the number of neurons active in a pattern divided by the total number of neurons. Fer
i -+ activ For heteroassociative networks, there are
estimates by de Almeida et al. (2007) of sparsity of 0.003CFor our simulated network with 10,000 neurons
this would result in only 30 neurons per pattern, which would be insufficient for pattern completion and
noise tolerance. Although using more neurons per pattern decreases the storage capacity of the network,
we decided to use a sparsity of 0.01, resulting in 100 neurons per pattern.j

We define a pattern p* as a binary vector with size equal to number of pyramidal neurons in the
network. Each position pf has value 1 if neuron i is part of p* and 0 otherwise. We considered
sequences of 7 patterns, which appears to be the typical number of patterns that can be coded inside theta
cycles (Lisman and Idiart, 1995; Lisman and Jensen, 2013), and stored them using a heteroassociative
learning rule (Sompolinsky @nd Kanter, 1986), that associates each pattern in the sequence with the
subsequent one. For examplg, in a sequence of patterns s1354-s5-s6-s7, neurons from pattern s1 will
have excitatory connection$ to neurons from pattern s2, which connect to neurons from s3, and so on. We
included additional conngctions from the last to the first pattern, permitting sequence retrieval using a cue

from any of its patterns AY'(, ‘7'.,\ '\“‘\M;“J’ L;fMA-’\ ™ ',Lala -n/u
Learning rul At At S
earning rule modtel

The model uses a heteroassociative learning rule (Sompolinsky and Kanter, 1986) based on asymmetric 0{
STDP (Dan and Poo, 2004) for pattern sequence storage. We simulated an offline learning procedure, ve
performed before the simulation, by considering that the patterns from each sequence were presented # 4 ’

E in sequence, with a separation of about 15 ms, corresponding to one cycle of the gamma rhythm. Con- S"r 7 o

sequently, connections weights from the pattern ( to i + 1 are increased, while connections from p to
u — 1 are decreased. The learning rule for each pattern association can be summarized as:

wih olcaw, Do vsn vin traini WL\
Aw;; Z&;P#PTOd(”il’k) -\Eﬂvwﬂk C"'I LT P) AV\* Ioac.ltu/ ard ("JLT'D)Z

where w;; represents the weight of the connection from neuron i to neuron j, y* the LTP and LTD rate,

pf the neuron i from pattern it and p;@d(“ *14) the neuron Jj from the next/previous pattern in a sequence

of k patterns, 4t = 0,...,k— 1. The function mod (x, k) represents the modulo operation, with mod(—1,k)
defined as k — 1. This produces an association between the first and last patterns of the sequence. We used
yt =1 for LTP and y~ = {0, 1} for simulations without and with LTD.

The network is initialized with connections between every pyramidal neuron pair, with random
weights drawn from an uniform distribution between 0 and defined maximum value, simulating a highly
connected network from a developing nervous system, The learning rule is then sequentially applied
for each pattern sequence to be stored. We included synaptic scaling (Abbott and Nelson, 2000) as af
heterosynaptic long-term depression (hLTD) mechanism to model a competition between the synapses of
a single neuron. After learning a set of 100 pattern sequences, we apply an additive synaptic scaling rule
to all neurons. We decrease all synapses from each neuron by a fixed amount, defined as the ratio between
the total weight increase since the last scaling procedure and the number of connections. Synapses that
become negative are set to zero and the difference is subtracted from the remaining synapses.

Although the usage of a standalone STDP rule is known to generate groups of neurons connected by
strong synapses and that fire together (Buonomano, 2005), Fiete et al. (2010) showed that an as{syn?étric (2 M'S)
STDP learning rule, combined with heterosynaptic competition within single neurons, alloy networks to
learn long sequences of patterns. e

In biological networks, each neuron can connect to a limited number of neurons, either by anatomical
or physiological reasons. We simulate this constraint using different levels of connectivity extent; where
we randomly define for each neuron the set of neurons to which it can connect. For & connectivity extent
of 0.6, each neuron initially connects to 60% randomly selected neurons in the network. Connections to
neurons outside this initial set cannot be created during learning, but connections can be eliminated due to
LTD or synaptic scaling. We also change the connection weights proportionally to the ratio of removed
connections, to maintain the excitatory drive with different connectivity extents-ecomparable.

4/15



w0 Sequence retrieval
11 We defined as a pattern cue the stimulation of a subset of the neurons that are active in the pattern. We
12 always provide inputs for same number of neurons, so that with a cue size of 1.0, we stimulate all neurons
s from the pattern and no other neuron. For instance, with a cue size of 0.7, only 70% of the neurons in the
14 pattern receive the input, while random neurons outside the pattern are selected to keep the input size
7 165 CO over different simulation runs. We consider that the entorhinal cortex (EC) provides the input to
zfl’ éﬁs?]ﬁé?using a coding where an ensemble of neurons, representing an input pattern, fire synchronously
ie7 ~ 1nside a single gamma cycle (Chrobak and Buzsaki, 1998). In this case, each neuron stimulated by the
t o {sa cue receives a single spike as input, with a synaptic strength large enough to cause its firing.
0 / 169 We determine the set of active neurons by checking which neurons fired inside a time window of
se 170 10ms. The measurements are performed every 2 ms, with the time window centered at simulation time ¢.
% M‘“ ,av)m We used a small time window to permit capturing active neurons only from ajsingle gamma cycle/at eac B uf
Lﬁl" q time ¢ in the middle of the cycles. We define the overlap of the active neurons with a stored pattern p* as: -ﬂ,\ﬂé

v
of N St % wld bz
fm ! 1 - e 1
overlap(t,p*) = — Y 0i(t)-p!' {5 mS]
np'u icpt '

178 where nu is the size of pH, o; is the state of neuron i at the instant 7, which can be 0 (inactive) or 1 (active),
174 and pf is 1 if neuron i is part of p* and 0 otherwise. The overlap has value 1 when all the neurons from a

., ® 175 stored pattern are active. Neurons also have spontaneous firings due to external noise and, to correctly
—nl\\ $ ¢ ] 176 evaluate the pattern retrieval, we consider in the measure only the neurons which are part of the pattern.
< 5 or 3 177 This can be applied because the number of active neurons is always comparable to the number of neurons
““1\6 ce wr| 7 perpattern. We also compute the second highest overlap, so that we can check if a second pattern is
e} L [T ‘ * 179 retrieved at the same time.
wnct
0
fop’ « RESULTS
rd
. \\ 1t A 1s1 The number of retrievable patterns and connections are stable during the network life-
W P w 12 time
v L~ 183 Our evaluation shows that the number of connections in the recurrent network, initialized with full
't ',b) 184 connectivity and random weights, stabilizes after learning a few hundred patterns, remaining stable as
hu‘ d 185 new patterns are added (Figure 2a). Storing a pattern sequence increases the total synaptic weight of
~ U\( i 186 each neuron, which is compensated by the synaptic scaling rule. This reduces the weights of all synapses
C‘ v 17 in the neuron, causing some of them to disappear as they approach zero. The number of connections y on
\D‘L’ 0 Fﬂ s decreases until the number of connections created by learning new patterns is balanced by the removal
» < v [ 18s  of old connections. This occurred either when using only synaptic scaling (SS), in which case we set p(m £
¢ U 1o ¥~ = 0, and when including[STDP-induced LTD'(SS-LTD), with y~ = —1, showing that synaptic scaling
¢ L
r 191 1s sufficient to control the number ot connections in the network. 7 e
w f {\‘ - 192 The number of retrievable patterns initially increases with the number of stored patterns, followed by S1D P

0 - o . .
w Ng 7 ‘-LPM 19s  a decrease toward a constant value, as shown in Figure 2b. To determine if a pattern p”* is retrievable,

1« we compute the sum of excitatory weights S; from neurons from the previous pattern p"“~! toward —H«. n«‘r(-‘
n } ? "ﬁﬁ 155 each neuron i in the network. If S; for each target neuron from p™ is larger than the S; of each neuron 21
V‘\ .\w« 16 outside p™, the pattern is considered retrievable. This means that neurons in the pattern receive a larger -
\,j 0 \)\ 197 excitatory drive than the other neurons during pattern retrieval, which permits a global inhibition to be LTD

19e  used to suppress the activity of these other neurons. This simple measurement generates an estimate of the

18,7 number of retrievable patterns directly from the connection weightsthe alternative would be performing

20§ a simulation where, for each pattern, the network would be initialized close to a pattern and simulated to ‘d
¢ 200 check if it converges towards the pattern. But this would be infeasible, since we would have to perform STD

207 simulations to retrieve every pattern for all network configuration combinations, where we would vary the

bo ° 23 number of stored patterns, sparsity level, connectivity extend~and LTD rule. :’

20, The initial increase in number of retrievable patterns (Figure 2b) is due to the lack of patterns to
O\L'l \OL v = retrieve in the beginning and the later decrease occurs due to the crosstalk interference effect. After
SD 26  reaching an equilibrium point, the number of retrievable patterns remains constant, with new pattern &
ou\k& ) i—g 207 replacing older ones. Using a sparsity of 0.02, instead of 0.01, increg@sed the number of connections,
u’ \"k \ . 208 causing an increase in the crosstalk between pattern?which resulted in a reduced number of retrievable
—

N
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what is “crosstalk”?
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patterns (Figures 2a-b). Combined with, STDP-induced \LTD, which caused a larger number of weight
decreases, the number of retrievable patterns became almost zero. The opposite trend occurred with

sparsity 0.005, showing the benefits of using less neurons per pattern.

Including STDP-induced LTD (SS-LTD) caused only small changes in the number of connections,
but the number of retrievable patterns decreased (Figures 2a-b). Although this result might seem to occur
due to extra reductions in excitatory weights caused by STDP-induced LTD, we compensate for this by
reducing the effect of synaptic scaling, so that the total weights per neuron with or without STDP-induced

LTD will be the same. It appears that using STDP-i

. . . e ————————
LTD causes disruptions in stored pattern

sequences when decreasing the connection weights from neurons of the last stored pattern to neurons of

the previous pattern.

Full connectivity is not possible in the real CA3 as, due to anatomical and physiological constraints,
neurons can form new connections only with part of the neurons in the network. A neuronal connectiwity:
connectivity-extents;,
the number of connections is reduced, but the number of retrievable patterns is also reduced (Figures 2c-d).
But it is interesting that using a connectivity .extent of 0.4 and synaptic scaling (SS) alone, there were
about 900 retrievable patterns, which is more than the 600 patterns obtained when using STDP-induced

extent of 0.6 means that a neuron can connect to 60% of the neurons. Using

LTD (SS-LTD) with full connectivitysextent. Also, although 900 patterns may be too 4

bt STIPY The model
L\AS LTD, not gTD?’

, this value

= would be much higher in the larger networks from biological systems. These results indicate that purely

227 heteroassociative networks with a connectivity-extent of 0.4 could be biologically viable. Mt & Sév
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Figure 2. (a) Number of connections in a network with 10,000 neurons after learning a set of pattern

sequences when applying only the synaptic scaling (SS) rule, for a sparsity of 0.02, 0.0, and 0.005, and
with synaptic scaling and STDP-induced LTD (SS-LTD); (b) Number of retrievable patterns for the same
scenarios from (a); (c-d) Same as (a-b), but comparing neuronal connectivity extents of 1.0, 0.6' and 0.4.

less

Increasing the initial total weight per neuron increases the number of connections, caused by a.smaller
competition in the synaptic scaling rule (Figure 3a). It also increases the number of retrievable patterns, as

old patterns take longer to be forgotten, until aJ

bifurcation' point where the crosstalk interference becomes

larger than the pattern inputs (Figure 3b). After this point, the number of retrievable patterns starts to
decrease. The behavior is similar both with and without the usage of STDP-based LTD, but in the latter

the number of retrievable patterns was larger.

Another way to analyze the results is to check how many patterns can be stored in a network with a
given number of connections per neuron. For instance, de Almeida et al. (2007) estimated that neurons in
the CA3a subarea connect to 20% of the neurons. In our network, it would result in about 1600 retrievable
patterns and would be far from th@point. Including more neurons or using a smaller sparsity,
as is the case in biological systems, would result in a much larger number of retrievable patterns.

The final number of
neurons, on théé?o*n'fa

conr%ections in the network is dependent on the initial random weights between
cction-exdent, and on the sparsity of the patterns (Figures 3a,c). With larger initial

weights, the sum of synaptic weights toward each neuron will be larger and, consequently, Jess connectiong

will be removed by the effect of synaptic scaling and STDP-induced LTD.

fewer
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It is also interesting that although a smaller connectivity extent would permit the storage of more
patterns with the same number of connections, we actually see a reduction in the number of retrievable
patterns (Figures 3a,b). This is caused by the lower signal-to-noise ratio in the system, as there will be
proportionally Jess.coding connections. But with a connectivity extent of 60%, it is possible to use a larger
initial weight of 6.5, while maintaining the total connections to 20% of the neurons, which resulted in
about 1800 retrievable patterns, an actual improvement over the full connectivity extent. With an extent of
40%, the number of retrievable patterns started to decrease with more than 1200 connections per neuron.

Using a sparsity of 0.005 caused small changes in the final number of connections, but the number of
retrievable patterns increased significantly (Figures 3c-d), which would be more typical for biological
larger networks with.a-smaller sparsity. The exception is for the|connectivity extent of 0.4, due to the
small number of neurons per pattern in the simulated network.

! Initial
sparsity = 0.01 maximum
weight
o
B 2.0
s
B k.0
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3000 r

2000 r

1000 -

Retrievable patterns
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O Conn. extent: 1.0 0.6 0.4 1.0 0.6 0.4 Conn. extent: 1.0 0.6 0.4 1.0 0.6 0.4
STDP LTD: No No No Yes Yes Yes §;I'2P LTD: No No No Yes Yes Yes
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Figure 3. (a) Number of connections after learning 100,000 patterns and applying the synaptic scaling
rule for different total weights per neuron, for a sparsity of 0.01, connectivity extents of 1.0, 0.6 and 0.4
with and without STDP-induced L'TD; (b) Number of retrievable patterns for the same scenarios from (a);
(c-d) Same as (a-b), but with sparsity 0.05.

In this section we evaluated the static properties of the connections and the number of retrievable
patterns. In the following sections, we perform actual network simulations to evaluate the dynamic
operation of the network. In all simulations, we used a sparsity of 0.01, with 100 neurons per pattern,
to improve the reliability of the simulations. For the initial random weights, we used the values of 2.5,
3.0, 6.0 and 4.0 for the connectivity extents 1.0, 0.8, 0.6 and 0.4, respectively. These are the values that
maximize the number of retrievable patterns when neurons connect to approximately 20% of all neurons.

A heteroassociative network enables the retrieval of stored pattern sequences in the
presence of noise
The simulated heteroassociative network could retrieve complete pattern sequences stored on its connec-
tion weights after presentation of a partial cue from any pattern in the sequence. Although this retrieval
is expected irﬁr’loiseless environment, we considered the scenario with a level of noise that caused the
neurons to fire spontaneously, without presentation of pattern cues, with a mean spike rate of 0.75Hz.
The network oscillates in the theta band at 5 Hz, shown in the approximate LFP signal obtained by sum
of the membrane potential of the pyramidal neurons (Figure 4c). This oscillation in SHz is due to the
periodic inhibition of O-LM cells, with a sharp decrease in the spike rate when the inhibition starts and
a gradual recovery of the spike rate when the inhibition f?fes. Also, no pattern is retrieved during the
period; despite the firing of near 100 neurons at some poin !’showing that the firing was random, which
is also illustrated in the raster plot (Figure 4d). When a random external input is presented at instants
4200ms and 4400ms, the target neurons are activated, but since they do not represent a stored pattern, this
extra activity disappears.

Presenting a pattern cue caused the retrieval of the complete pattern sequence just after its presen-
tation, at 4200 ms and 4400 ms in Figures 4e-h. Each pattern is retrieved during a small time window,
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Figure 4. Operation of two heteroassociative networks with 10* pyramidal neurons and 10* stored
patterns with 100 neurons per pattern and coded into sets of 7 patterns. The left-hand side graphs show
450 ms of the network operation with presentation of random inputs at instants 4200 ms and 4400 ms. (a)
Maximum value of the overlap among all stored patterns; (b) number of active neurons at each time; (c)
simulated LFP signal from the network; (d) raster graph showing the times of neuronal spikes for all
neurons in the network; and (e-h) same as (a-d), but with presentation of partial cues of 0.6 of a pattern at
instants 4200 ms and 4400 ms.

corresponding to a gamma cycle inside the theta cycle, as occurs in the theory proposed by Lisman (2005).
As the complete sequence has seven patterns, the complete-pattern is retrieved during a single theta cycle.
We can also see that although we present only 60% of the first pattern of the set (cue size of 0.6), the
network successfully retrieved and completed the subsequent patterngFinally, the raster plot of neuronal
spikes shows the clustering of neuronal firings during each pattern retrieval, with periods of inactivity
between gamma cycles.

Longer or smaller pattern sequences can also be stored and retrieved. With a larger sequence, a
subset of the pattern sequence is retrieved in a single theta cycle, until the slow inhibitory current starts
to win the competition against the excitatory drive. The remaining patterns can then be retrieved in the
next theta cycle, by presenting the last retrieved pattern retrieved in the previous cycle. With smaller
pattern sequences, the theta cycle would just keep looping the patterns in the sequence until the inhibition
surpasses the excitatory drive and finishes the theta cycle.

In the simulations from Figures 4e-h, we presented the pattern cues at the beginning of the theta
cycles. Presenting the cues at other phases would cause only part of the sequence to be retrieved, since
the periodical inhibition from O-LM cells would cause the pyramidal cells to stop firing before the
sequence was finished. Since phase synchronization -seenis-to be required for memory retrieval in the
hippocampus (Fell and Axmacher, 2011), it seems reasonable to provide the inputs at specific theta
phases.

Cempletion-of-partial-cues during retrieval occurs due to the heteroassociative connections from
pattern j to next pattern j+ 1. Since many neurons from pattern j must fire to activate pattern j+ 1,
randomly firing neurons do not cause random pattern retrievals. Patters completion also works with
connectivity extent of 0.6, as shown in Figure 5a. Also, the fast inhibition guarantees that only a single
pattern is retrieved at a time. After evaluating the overlap with all other stored patterns, the second highest
overlap was always lower than 0.1 (Figure 5b). Finally, using STDP-induced LTD did not change the
overlaps significantly (Figures 5c-d).
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Figure 5. Mean overlap during pattern retrieval within each gamma cycle inside a theta cycle. Gamma 1
refers to the first gamma cycle in each theta cycle, gamma 2 to the second, and so on. (a) The highest
overlap among patterns for different cue sizes and connectivity extents and using synaptic scaling only;
(b) same as (a), but showing the second highest overlap among all patterns; (c) and (d) same as (a) and
(b), but using synaptic scaling and STDP-induced LTD.

The heteroassociative network forgets older patterns while learning new ones

The heteroassociative network model with the synaptic scaling rule replaces old pattern sequences with
newer ones, working as a palimpsest memory (Nadal et al., 1986). It is a required property for any model
of the CA3, since just increasing the number of stored patterns would saturate synaptic weights, causing
all stored pattern sequences to be lost, an effect called catastrophic interference (Amit, 1989). It is also
in accordance with the theory of temporary storage of memories in the hippocampus, which are latler
transferred to the cortex as remote memories (Frankland and Bontempi, 2005).

The number of patterns that can be retrieved from the network depends on the cue size, as more
complete cues permit the retrieval of patterns with weaker connections. Pattern sequences were stored
before the simulation and the sequences were retrieved in ascending order, with one sequence retrieval
per theta cycle. Figure 6a shows the retrieval of the last 3000 stored patterns. The last stored patterns are
fully retrievable but, as we go backwards in the set of stored patterns, we report a strong transition point
where patterns are no longer retrievable. The transition point depends on the cue size, with larger cues
enabling the retrieval of more patterns.

The minimum cue size required to successfully retrieve the sequences was 0.4, which is related to
the configuration of excitatory weights between patterns. Although with larger weights retrieval would
be possible withwmaller cue, these larger weights would also make the network more unstable. Since
performing fine tuning of the network parameters and evaluating the impact of each are outside the scope
of this work, we used a value that offered a good trade-off between stability and cue size. Nonetheless,
the network stored between 200 and 1600 patterns, depending on the cue size. Although this value seems
small, we used a network of only 10,000 neurons, when compared to 300,000 from the rat CA3 (Rolls,
2007) or 2.7 million from the human CA3 (Simic et al., 1997).

Pattern retrieval depends weakly on the connectivity extent (Figure 6b). Although with lower extents
there would be-less connections from a retrieved pattern j to neurons from pattern j+ 1, these connections
are stronger. The transition point between retrievable and forgotten patterns is actually the same, even for
a connectivity extent of 40%. Consequently, even if most neuronal pairs from patterns j and j+ 1 cannot
create connections due to anatomical or physiological restrictions, the network can still operate. This
also permits the network to use mnnections for pattern sequence storage, saving scarce metabolic
resources in the network.

When including STDP-induced LTD, the capacity of the network is slightly reduced (Figures 6¢ and
6d), but the effect is not as severe as Figure 2 would indicate. Also, although the capacity is reduced, the
stored sequences are still retrieved correctly, as shown in Figures Sc and 5d. These results indicate that,
for the proposed heteroassociative network, an additive synaptic scaling is sufficient for replacing old
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Figure 6. Rate of successful retrieval for the last 3000 stored patterns. Markers show the average
retrieval rate for 10 simulations and lines the arithmetic mean of 10 rates around each point. A retrieval is
successful when at least four patterns of the sequence were retrieved with an overlap larger than 0.5. (a)
Simulation with all connections, variable cue sizes, and synaptic scaling; (b) simulation with partial cues
of 0.6, varying connectivity extents and synaptic scaling; (c) and (d) same as (a) and (b), but with the
addition of STDP-induced LTD.

s« memories by new ones. But if one adds STDP-induced LTD, the retrieval capability of the network does
a5 not change significantly.

x» DISCUSSION

wr  Coding of memories as pattern sequences

ss  Episodic memories are characterized by their compositional properties (Cohen and Eichenbaum, 1993;
s Henke, 2010) and coding as pattern sequences allows different stimuli to be combined in a single
a0 composition. The relationship of theta sequences with and”spatial (Dragoi and Buzséki, 2006) and
a1 episodic memories (Wang et al., 2014), the requirement of learning for their appearance (Feng et al., 2015)
a2 and their association with the representation of current goals (Wikenheiser and Redish, 2015) provide

.

a3 important evidence for heteroassociative coding in the hippocampus. leavrn ,’n‘) (7 |
344 Under an evolutionary point of view, coding of memories using heteroassociative connecj-(;ns permits
-P GWLY s their storage using less connections. Coding of a n-neuron pattern using autoassociative' requires 1>
/U 9 1_‘\& ve Gre conpections per pattern, as all neurons in the patte:rn must connect to each other. With heteroassociative
! a7 coding the larger pattern would be decomposed into a sequence of k smaller patterns of n/k neurons,
_ I sin s requiring only k * (n/k)? = n® /k connections for the complete sequence. This results in a k-fold reduction
nm " ae  in the number of connections, which is an important biological advantage. Nevertheless, we should
‘\“{, -ngfocC: 30 consider that autoassociative networks may provide better noise tolerance and retrieval from smaller cues,
351 since the retrieval can be performed iteratively in multiple steps. Consequently, the coding choice is a
ne twor 352 trade-off between number of connections and reliability.
353 Retrieval from small cues seems to be easier with heteroassociative coding. This retrieval occurs, for
s« example, when mice need to retrieve stored spatial memories from the presentation of a small cue of
355 the original memory (Nakazawa et al., 2002). With heteroassociative coding we can retrieve a complete
a6 pattern sequence using a cue of 40% of a single pattern, which represents only 5.7% of the original pattern
357 encoded as a sequence of seven patterns. Heteroassociative coding also permits the storage of memories of
. ;w different sizes. For example, larger complex memories could be coded in longer sequences, while simpler
' | v s ones could use small sequences. If autoassociative coding was used, retrieval of a memory using cues of
‘1 b * a4 30 5.7% would be unlikely to work, since the excitatory weights would need to be large enough to allow the

w - 7 . . .
1 Go"’ st activation of the remaining neurons in the pattern. But these same large weights would compromise the
sz stability of the network during the retrieval, exacerbating the problem of crosstalk interference (Amit,
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1989). The same drawback applies when storing patterns of different sizes, since small patterns would
require larger weights, causing the same stability and crosstalk problems caused when performing retrieval
from small cues.

The hippocampus is considered to mediate some cognitive functions related to memory, such as
associative representation of events, sequential organization, and relational networking (Eichenbaum,
2004). Interestingly, heteroassociative coding may address these issues. Associative representation
of events can be accomplished by including events in the same pattern sequence, while a sequential
organization arises naturally from pattern sequences. Relational networking considers that the same event
may be part of multiple memories, which could be accomplished putting the same event in multiple
pattern sequences. In this case, a mechanism would be required to disambiguate between these sequences
during pattern sequence retrieval.

One possible problem with heteroassociative coding is that patterns cannot be held as persistent
activity for an extended period of time. This activity persistence is normally considered a requirement for
memory retrieval and can be accomplished with the usage of autoassociative connections. This persistent
activity is normally found in the prefrontal cortex (Fuster and Alexander, 1971; Funahashi et al., 1989),
but also in other areas, such as the entorhinal cortex (Egorov et al., 2002). These regions are largely
connected to the hippocampus, so we can envision that the hippocampus is responsible for the associations,
sequential organization, and relationships (Eichenbaum, 2004) between events. The retrieval of individual
patterns in the sequence then causes the the’ persistent activity associated to memories in the different
cortex regions.

External noise, pattern completion and limited connectivity

The usage of heteroassociative connections in the recurrent CA3 connections is not a new subject.
For instance, Yamaguchi (2003) studied a model that tries to explains theta phase precession using
heteroassociative connections from CA3 to CA1 and in the CA3 recurrent connections. Other studies
also used simple feedforward network models that associate pairs of patterns (Lytton, 1998; Miyata et al.,
2013). But these studies did not evaluate the problem of pattern completion, noise tolerance and operation
with limited connectivity.

Other existing heteroassociative models of the hippocampus use autoassociative connections in local
circuits of the CA3, to reduce the effects of noise and incomplete pattern retrieval. But the same set of
CA3 recurrent connections cannot store both autoassociative and heteroassociative connections for a
given pattern, since this would provide two possible routes for the network dynamics (Rolls and Kesner,
2006). A solution proposed in some theoretical studies is that the autoassociative and heteroassociative
connections are coded in different parts of the the CA3 (Samura et al., 2008) or in connections from
the CA3 to other areas of the hippocampus (Lisman et al., 2005). In both models, the heteroassociative
connections perform the storage and retrieval of sequences, leaving to the autoassociative connections the
task of removing noise during pattern sequence retrieval.

The presence of both autoassociative and heteroassociative connections may use unnecessary resources.
Although autoassociative connections can indeed be important for noise and limited synaptic connectivity
tolerance, we showed that an exclusively heteroassociative network can operate correctly in these scenarios.
Errors in the retrieval of a single pattern do not propagate to the next pattern and the network worked
correctly even when we limited each neuroriconnectivity to 40% of the neurons in the network. One
limitation of the current study is that we did not include noise in the neural responses and in synaptic
plasticity. But since we showed that the network operates correctly with limited connectivity, it seems that
even though this extra noise would degrade the network performance, it would not prevent the network
from operating properly. But if the objective is to obtain extra reliability, a combination of autoassociative
and heteroassociative connections may be helpful.

Synfire chains (Abeles, 1991) are defined as the sequential activation of pools or layers of neurons by
feedforward connections. It is a broader concept that encompasses many types of network architectures.
Although feedback connections may be considered in randomly connect networks (Abeles et al., 2004),
the focus is on feedforward networks/Tetzlaff et al. #2002). Nevertheless, one may consider the retrieval of
pattern sequences as a synfire chain. Consequently, most of the conclusions obtained from evaluating the
effects of synaptic scaling and LTD on memory replacement, network oscillations, connectivity extents,
and others, can also be partly applied to synfire chains.

Recent work has shown that 8.2% of the measured connections (12 out of 146) between pyramidal
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neurons in the CA3 of a rodent were part of reciprocal connection motifs (Guzman et al., 2016). Although
reciprocal connections are normally considered as a signature of autoassociative networks, they are also
present in heteroassociative networks. For instance, in our simulations of heteroassociative networks,
more than 13% of connections were part of reciprocal motifs. Although the percentages of reciprocal
motifs found in our simulations and in the rodent CA3 can not be directly compared, the low number of
motifs in the rodent CA3 is a evidence that heteroassociative, may be used in the CA3 area.

System homeostasis and catastrophic forgetting

Enabling the storage of new memories requires the removal of old memories that are never recalled.
According to the remote memories hypothesis, memories are temporally stored in the hippocampus
to be latfer coded as remote memories in the cortex (Frankland and Bontempi, 2005). Although the
hippocampal region may be necessary for retrieval of declarative memories for a long period (Winocura
and Moscovitch, 2011), it is likely that the areas of the entorhinal cortex (EC) are the most relevant ones.

It is well known that an increase in the number of stored memories in an auto-or heteroassociative
network leads to a catastrophic interference effect (Amit, 1989), where the saturation of connection
weights makes all stored memories unavailable. It is possible to prevent catastrophic forgetting just by
including bounds in the synaptic weights (Nadal et al., 1986), which causes only the last stored memories
to be remembered. This kind of memory is called palimpsest, but it can store only a small number of
patterns.

Some form of unlearning is required, and there*several proposals on how this could be performed,
specially during sleep. The two main hypotheses for this unlearning are the active system consolidation
(Diekelmann and Born, 2010), where memories in the hippocampus are replayed during sleep and
transferred over to the neocortex, causing the potentiation of synapses, and the synaptic homeostasis
hypothesis (Tononi and Cirelli, 2014), which states that synapse weights are strengthened by learning
during wake periods and decreased during sleeping.

Our model is compatible with both hypotheses. With the synaptic homeostasis hypothesis (Tononi
and Cirelli, 2014), our learning of new associations would represent the wake periods and the additive
synaptic scaling rule would do the homeostatic process of reducing synaptic weights. We use synaptic
scaling to maintain the total sum of weights constant for each neuron, by decreasing all synaptic weights
by the same amount. Memories are forgotten as their respective synapses have their weights reduced and
weaker synapses are eventually eliminated as their weights vanish.

When considering the active system consolidation (Diekelmann and Born, 2010), stored memories
would be recalled and transferred over to the neocortex during sleep. Different mechanisms could be used
for maintaining the system homeostasis, including the use of STDP rules (Caporale and Dan, 2008) or
activity-dependent synaptic scaling (Abbott and Nelson, 2000). In our model, we used a synaptic scaling
based on the sum of the weights, since we did not simulated the learning process itself. Synaptic scaling
rules are normally based on the mean activation of the neuron, but over long periods this activity should
be proportional to the sum of the input weights, resulting in similar synaptic changes.

As alast point, we note that the replacement of old memories for new ones also receive’the name of
catastrophic forgetting in other types of networks (French, 1999) and is an important concern in procedural
learning, since old learned skills may be useful and should not be indiscriminately erased by learning new
ones. For the CA3 this effect is not be a real problem due to the temporary nature of memory storage.

ACKNOWLEDGMENTS

The computational infrastructure for the simulations was provided by Universidade Federal do ABC
(UFABC). The authors would like to acknowledge the members of the Timing and Cognition Lab!, at
UFABC, for their insightful suggestions during project development.

REFERENCES

Aaron, G. B. and Dichter, M. a. (2001). Excitatory synapses from CA3 pyramidal cells onto neighboring
pyramidal cells differ from those onto inhibitory interneurons. Synapse (New York, N.Y.), 42(4):199—
202.

'http://neuro.ufabc.edu.br/timing/.

12/15



466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

484

485

486

487

489

490

491

492

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

Abbott, L. F. and Nelson, S. B. (2000). Synaptic plasticity: taming the beast. Nature Neuroscience,
3:1178-83.

Abeles, M. (1991). Corticonics: Neuronal Circuits of the Cerebral Cortex. Cambridge University Press,
Cambridge, England, 1st edition.

Abeles, M., Hayon, G., and Lehmann, D. (2004). Modeling compositionality by dynamic binding of
synfire chains. Journal of Computational Neuroscience, 17(2):179-201.

Amaral, D. G. and Witter, M. (1989). The three-dimensional organization of the hippocampal formation:
a review of anatomical data. Neuroscience, 31(3):571-591.

Amit, D. J. (1989). Modeling Brain Function: The World of Attractor Neural Networks. Cambridge
University Press, New York, NY, USA.

Andersen, P., Morris, R., Amaral, D., Bliss, T., and O’Keefe, J. (2007). The Hippocampus Book. Oxford
University Press, New York, NY.

Born, J., Rasch, B., and Gais, S. (2006). Sleep to remenber. The Neuroscientist, 12(5):410-424.

Bragin, A., Jando, G., Nadasdy, Z., Hetke, J., Wise, K., and Buzsaki, G. (1995). Gamma (40-100Hz)
Oscillation in the Hippocampus of the Behaving Rat. Journal of Neuroscience, 15:47-60.

Buonomano, D. V. (2005). A learning rule for the emergence of stable dynamics and timing in recurrent
networks. Journal of Neurophysiology, 94(4):2275-83.

Caporale, N. and Dan, Y. (2008). Spike timing-dependent plasticity: a Hebbian learning rule. Annual
Review of Neuroscience, 31:25-46.

Chrobak, J. J. and Buzséki, G. (1998). Gamma oscillations in the entorhinal cortex of the freely behaving
rat. Journal of Neuroscience, 18(1):388-98.

Cohen, N. J. and Eichenbaum, H. (1993). Memory, Amnesia, and the Hippocampal System. MIT Press,
Cambridge, MA.

Colgin, L. L. (2016). Rhythms of the hippocampal network. Nature Reviews Neuroscience, 17(4):239-249.

Dan, Y. and Poo, M.-M. (2004). Spike timing-dependent plasticity of neural circuits. Neuron, 44(1):23-30.

de Almeida, L., Idiart, M., and Lisman, J. E. (2007). Memory retrieval time and memory capacity of the
CA3 network: role of gamma frequency oscillations. Learning & Memory, 14(11):795-806.

Diego, S., Sodroski, J., Hausmann, E. H., Ozel, M., Pauli, G., Koch, M. A., Saphire, E. O., Parren, P.
W. H. 1., Muir, T. W., Kent, S. B., Minor, W., Main, P., Macarthur, M. W., Moss, D. S., Bacon, D. J.,
Menendez, A., Olson, A. J., Spehner, J. C., Wormald, M., Vos, A. D., Poignard, P., and Wang, M.
(2001). Enforcement of Temporal Fidelity in Pyramidal Cells by Somatic Feed-Forward Inhibition.
Science, 293(5532):1159-1163.

Diekelmann, S. and Born, J. (2010). The memory function of sleep. Nature Reviews Neuroscience,
11(2):114-26.

Dragoi, G. and Buzséki, G. (2006). Temporal encoding of place sequences by hippocampal cell assemblies.
Neuron, 50(1):145-57.

Egorov, A. V., Hamam, B. N., Fransen, E., Hasselmo, M. E., and Alonso, A. A. (2002). Graded persistent
activity in entorhinal cortex neurons. Nature, 420(6912):173-178.

Eichenbaum, H. (2004). Hippocampus: Cognitive processes and neural representations that underlie
declarative memory. Neuron, 44(1):109-120.

Fell, J. and Axmacher, N. (2011). The role of phase synchronization in memory processes. Nature
Reviews Neuroscience, 12(2):105-18.

Feng, T., Silva, D., and Foster, D. J. (2015). Dissociation between the experience-dependent development
of hippocampal theta sequences and single-trial phase precession. The Journal of Neuroscience,
35(12):4890-902.

Fiete, I. R., Senn, W., Wang, C. Z. H., and Hahnloser, R. H. R. (2010). Spike-time-dependent plasticity
and heterosynaptic competition organize networks to produce long scale-free sequences of neural
activity. Neuron, 65(4):563-76.

Foster, D. J. and Wilson, M. A. (2007). Hippocampal theta sequences. Hippocampus, 17(11):1093-1099.

Frankland, P. W. and Bontempi, B. (2005). The organization of recent and remote memories. Nature
Reviews Neuroscience, 6(2):119-30.

French, R. M. (1999). Catastrophic forgetting in connectionist networks. Trends in Cognitive Sciences,
3(4):128-135.

Freund, T. and Buzséki, G. (1998). Interneurons of the hippocampus. Hippocampus, 6(4):347-470.

Funahashi, S., Bruce, C., and Goldman-Rakic, P. (1989). Mnemonic Coding of Visual Space in the

13/15



521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

Monkey’s Dorsolateral Prefrontal Cortex. Journal of Neurophysiology, 6(2):331-349.

Fuster, J. M. and Alexander, G. E. (1971). Neuron Activity Related to Short-Term Memory. Science,
173(3997):652-654.

Gloveli, T., Dugladze, T., Rotstein, H. G., Traub, R. D., Monyer, H., Heinemann, U., Whittington,
M. a., and Kopell, N. J. (2005). Orthogonal arrangement of rhythm-generating microcircuits in the
hippocampus. Proceedings of the National Academy of Sciences, 102(37):13295-300.

Guzman, S. J., Schlogl, A., Frotscher, M., and Jonas, P. (2016). Synaptic mechanisms of pattern
completion in the hippocampal CA3 network. Science, 353(6304):109-120.

Hijos, N., Palhalmi, J., Mann, E. O., Németh, B., Paulsen, O., and Freund, T. F. (2004). Spike timing of
distinct types of GABAergic interneuron during hippocampal gamma oscillations in vitro. Journal of
Neuroscience, 24(41):9127-37.

Henke, K. (2010). A model for memory systems based on processing modes rather than consciousness.
Nature Reviews Neuroscience, 11(7):523-32.

Hopfield, J. (1982). Neural networks and physical systems with emergent collective computational
abilities. Proceedings of the National Academy of Sciences, T9(April):2554-2558.

Jensen, O. and Lisman, J. E. (1996). Hippocampal CA3 region predicts memory sequences: accounting
for the phase precession of place cells. Learning & Memory, 3(2-3):279-87.

Lisman, J. (2005). The theta/gamma discrete phase code occuring during the hippocampal phase
precession may be a more general brain coding scheme. Hippocampus, 15(7):913-22.

Lisman, J. and Idiart, M. (1995). Storage of 7 +/- 2 short-term memories in oscillatory subcycles. Science,
267(5203):1512-5.

Lisman, J. E. and Jensen, O. (2013). The 0-y neural code. Neuron, 77(6):1002-16.

Lisman, J. E., Talamini, L. M., and Raffone, A. (2005). Recall of memory sequences by interaction of the
dentate and CA3: a revised model of the phase precession. Neural Networks, 18(9):1191-201.

Lytton, W. W. (1998). Adapting a feedforward heteroassociative network to Hodgkin-Huxley dynamics.
Journal of Computational Neuroscience, 5(4):353-64.

Meeks, J. P. and Mennerick, S. (2007). Action potential initiation and propagation in CA3 pyramidal
axons. Journal of Neurophysiology, 97(5):3460-72.

Miles, R. and Wong, R. (1986). Excitatory synaptic interactions between CA3 neurones in the guinea-pig
hippocampus. Journal of Physiology, 373:397-418.

Miyata, R., Ota, K., and Aonishi, T. (2013). Optimal design for hetero-associative memory: hippocampal
CA1 phase response curve and spike-timing-dependent plasticity. PLoS One, 8(10):e77395.

Nadal, J. P, Toulouse, G., Changeux, J. P., and Dehaene, S. (1986). Networks of Formal Neurons and
Memory Palimpsests. Europhys. Lett, 1(10):535-542.

Nakazawa, K., Quirk, M. C., Chitwood, R., atanabe, M., Yeckel, M. F., Sun, L., Kato, A., Carr, C.,
Johnston, D., Wilson, M., and Tonegawa, S. (2002). Requirement for hippocampal CA3 NMDA
receptors in associative memory recall. Science, 297(5579):211-8.

O’Keefe, J. and Recce, M. L. (1993). Phase relationship between hippocampal place units and the EEG
theta rhythm. Hippocampus, 3(3):317-30.

Pearce, A. (1993). Physiological Evidence for Two Distinct GABA* Responses in Rat Hippocampus.
Cell, 10:189-200.

Rolls, E. T. (2007). An attractor network in the hippocampus: theory and neurophysiology. Learning &
Memory, 14(11):714-31.

Rolls, E. T. (2010). A computational theory of episodic memory formation in the hippocampus. Be-
havioural Brain Research, 215(2):180-96.

Rolls, E. T. and Kesner, R. P. (2006). A computational theory of hippocampal function, and empirical
tests of the theory. Progress in Neurobiology, 79(1):1-48.

Rolls, E. T., Treves, A., Foster, D., and Perez-Vicente, C. (1997). Simulation studies of the CA3
hippocampal subfield modelled as an attractor neural network. Neural Networks, 10(9):1559—-1569.
Samura, T., Hattori, M., and Ishizaki, S. (2008). Sequence disambiguation and pattern completion by co-
operation between autoassociative and heteroassociative memories of functionally divided hippocampal

CA3. Neurocomputing, 71(16-18):3176-3183.

Simic, G., Kostovic, 1., Winblad, B., and Bogdanovic, N. (1997). Volume and number of neurons of
the human hippocampal formation in normal aging and Alzheimer’s disease. Journal of Comparative
Neurology, 494:482-494.

14/15



576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

Sompolinsky, H. and Kanter, I. (1986). Temporal association in asymmetric neural networks. Phys Rev
Letters, 57(22).

Spruston, N., Jonas, P., and Sakmann, B. (1995). Dendritic glutamate receptor channels in rat hippocampal
ca3 and cal pyramidal neurons. Journal of Physiology (Lond), 482.2:325-352.

Squire, L. R. (1992). Memory and the hippocampus: a synthesis from findings with rats, monkeys, and
humans. Psychological review, 99(2):195-231.

Tetzlaff, T., Geisel, T., and Diesmann, M. (2002). The ground state of cortical feed-forward networks.
Neurocomputing, 44-46:673-678.

Tononi, G. and Cirelli, C. (2014). Sleep and the Price of Plasticity: From Synaptic and Cellular
Homeostasis to Memory Consolidation and Integration. Neuron, 81(1):12-34.

Wang, Y., Romani, S., Lustig, B., Leonardo, A., and Pastalkova, E. (2014). Theta sequences are essential
for internally generated hippocampal firing fields. Nature Neuroscience, 18(2):282-288.

Wikenheiser, A. M. and Redish, A. D. (2015). Hippocampal theta sequences reflect current goals. Nature
Neuroscience, 18(2):1-8.

Winocura, G. and Moscovitch, M. (2011). Memory Transformation and Systems Consolidation. Journal
of the International Neuropsychological Society, 17(05):766-780.

Yamaguchi, Y. (2003). A theory of hippocampal memory based on theta phase precession. Biological
Cybernetics, 89(1):1-9.

15/15



