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The Race to Learn: Spike Timing and STDP Can Coordinate
Learning and Recall in CA3

Christopher R. Nolan,"** Gordon Wyeth,1 Michael Milford,'? and Janet Wiles'*

ABSTRACT: The CA3 region of the hippocampus has long been
proposed as an autoassociative network performing pattern comple-
tion on known inputs. The dentate gyrus (DG) region is often pro-
posed as a network performing the complementary function of pat-
tern separation. Neural models of pattern completion and separation
generally designate explicit learning phases to encode new informa-
tion and assume an ideal fixed threshold at which to stop learning
new patterns and begin recalling known patterns. Memory systems
are significantly more complex in practice, with the degree of mem-
ory recall depending on context-specific goals. Here, we present our
spike-timing separation and completion (STSC) model of the entorhi-
nal cortex (EC), DG, and CA3 network, ascribing to each region a
role similar to that in existing models but adding a temporal dimen-
sion by using a spiking neural network. Simulation results demon-
strate that (a) spike-timing dependent plasticity in the EC-CA3 synap-
ses provides a pattern completion ability without recurrent CA3 con-
nections, (b) the race between activation of CA3 cells via EC-CA3
synapses and activation of the same cells via DG-CA3 synapses dis-
tinguishes novel from known inputs, and (c) modulation of the EC-
CA3 synapses adjusts the learned versus test input similarity
required to evoke a direct CA3 response prior to any DG activity,
thereby adjusting the pattern completion threshold. These mecha-
nisms suggest that spike timing can arbitrate between learning
and recall based on the novelty of each individual input, ensuring
control of the learn-recall decision resides in the same subsystem
as the learned memories themselves. The proposed modulatory
signal does not override this decision but biases the system to-
ward either learning or recall. The model provides an explanation
for empirical observations that a reduction in novelty produces a
corresponding reduction in the latency of responses in CA3 and
CA1. © 2010 Wiley-Liss, Inc.
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INTRODUCTION

The ability to switch between learning new infor-
mation and using known information is of fundamen-
tal importance to memory systems. Such systems must
learn new information when possible to aid in making
future decisions and also use previously acquired
knowledge to make ongoing decisions in real time.
When an animal explores an environment for the first
time, it learns the layout of the space by integrating
landmark features and determines the site of any use-
ful goals, such as a food source. On returning to a fa-
miliar location, the animal should be able to navigate
using the previously learned cues and more efficiently
attain its goals. In the real world, however, the appear-
ance of landmarks and other features is often in a
state of flux, and the animal may approach the land-
marks from different perspectives or at different times
of the day. Some features may be changed perma-
nently, whereas others may appear transiently different
to the way they were originally perceived. The ani-
mal’s memory system must be capable of determining
which details of the location are new, requiring that a
distinct memory be formed (pattern separation), and
which details should be recalled from incomplete or
noisy information (pattern completion).’

Pattern separation and completion in neural systems
has been the subject of many theoretical and compu-
tational modeling studies (Marr, 1971; Hopfield,
1982; Treves and Rolls, 1992; O'Reilly and McClel-
land, 1994; McClelland et al., 1995; Rolls, 1996;
Fuhs and Touretzky, 2000), however, not all studies
define separation and completion the same way. In the
current study, consistent with O’Reilly and McClel-
land (1994) and Fuhs and Touretzky (2000) among
others, we define pattern separation to be the process
by which an input with a particular similarity to a ref-
erence input generates an output of a lower similarity
to the corresponding reference output, and pattern
completion to be an increase in output similarity with
respect to input similarity (Fig. 1). An alternative defi-
nition for pattern completion is that it is the ability
for a noisy or partially cued input to produce an
output arbitrarily close to 100% similarity to a refer-
ence output, such as in the classic Hopfield (1982)
model. In this latter sense, pattern completion is most
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FIGURE 1. Pattern separation and completion. The graph
shows the transfer function from input (x-axis) to output (y-axis).
Each axis measures the similarity of a pattern to a reference pat-
tern. The y = x line (dotted) shows when the output similarity
would be the same as the input similarity. When the transfer func-
tion (solid line) is below the y = x line, then output patterns will
be less similar than their input patterns (separation). When the
transfer function is above the y = x line, then output patterns will
be more similar than their input patterns (completion). For exam-
ple, for the transfer function shown, an input similarity of 0.7 gen-
erates an output similarity greater than 0.9 (see dot-dash line).

commonly achieved using recurrent autoassociative networks;
however, heteroassociative networks with feedback from the
output back to the input are similarly capable. Neither autoas-
sociative nor heteroassociative feedback is a computational
requirement for pattern completion, in the sense in which we
use it in this study.

Many of these theoretical models are similar in network
structure to that of the hippocampus, some by design (Marr,
1971; Treves and Rolls, 1992; Rolls, 1996) and others seem-
ingly by chance (Hopfield, 1982). This similarity, along with
the observations that the hippocampus appears to be required
for episodic memory formation in humans (Scoville and Mil-
ner, 1957) and for complex spatial memory tasks (locale navi-
gation) in animals (Morris, 2007), supports the hypothesis that
the region may be performing separation and completion. One
mechanism allowing separation and completion in a single neu-
ral region—inidally proposed by Treves and Rolls (1992) and
based on known hippocampal anatomy—suggests that the disy-
naptic (indirect) pathway from Layer II of the entorhinal cortex
(EC2) to CA3 via dentate gyrus (DG) and the monosynaptic
(direct) pathway from EC2 to CA3 fulfill pattern separation
and completion roles respectively. Substantial experimental data
now support this proposal: activity in DG suggests a role of
pattern separation for the region (Leutgeb et al., 2007) and ac-
tivity in CA3 suggests that inputs sufficiently similar to a previ-
ously learned input evoke the same learned response (comple-
tion), but that below some input similarity threshold, the
response rapidly decorrelates from the learned response (separa-
tion) (Vazdarjanova and Guzowski, 2004; Leutgeb et al.,
2007). Furthermore, disruption of the indirect pathway inter-
feres with the encoding of new memories but not the retrieval
of existing memories, and disruption of the direct pathway
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interferes with retrieval but not encoding (Lee and Kesner,
2004). Downstream CA1 activity is similar to that in CA3 but
with less environmental specificity (more completion) (Leutgeb
et al., 2004; Vazdarjanova and Guzowski, 2004). Although this
evidence is largely from rodent studies, new imaging studies
suggest that a similar functional distinction between regions
may be present in humans (Bakker et al., 2008). Together,
these data begin to explain what processes are facilitating mem-
ory storage and where these processes occur, but it remains
unclear when each process is occurring, that is, when new
details should be learned and when they should be recalled.

Determining when to learn and when to recall requires a mech-
anism to detect when an input is novel. Intuitively, it seems as
though such a decision should depend on the patterns stored
within the hippocampus itself, thereby requiring that the structure
mediate its own novelty signal. Treves and Rolls (1992) identified
the mechanistic consequences of novelty on learning and recall
that were required for their aforementioned dual pathway hypoth-
esis. During learning, the indirect input should be strong in com-
parison with other CA3 inputs (for example, the direct input and
recurrent connections) to allow new associations to be learned.
During retrieval, the indirect input should be rendered effectively
inactive to avoid spurious separation noise—input noise amplified
by the separation properties of the DG—interfering with retrieval
and potentially disrupting learned memories. Although these
requirements are recognized, their underlying biological mecha-
nisms remain unclear. Experimental data from Hasselmo et al.
(1995) implicate the septo-hippocampal cholinergic system in
downregulation of the CA3-CA3 recurrent synapses during learn-
ing; however, this modulation operates at a multisecond timescale
(Hasselmo and Fehlau, 2001). This multisecond time scale may
be too slow for the purposes of online learning and recall, leading
Hasselmo et al. (2002) to propose that pattern-by-pattern learning
may be accounted for by explicitly modulating between comple-
tion and separation in separate phases of the hippocampal theta
rhythm. However, with an explicit learning phase, separation noise
interferes even with well-known patterns. None of these models
internally generate a pattern-by-pattern novelty signal and use that
signal as a basis for switching between learning and recall. The
question arises, what mechanism supports such a signal, and could
it be generated within the hippocampus itself?

We sought to establish a mechanism capable of deciding
when to learn a novel input pattern and when to recall by
completing to a previously learned pattern, using a decision cri-
terion based on patterns currently stored in the system. Here,
we demonstrate a new computational model of the dual-path-
way circuit formed by EC2, DG, and CA3 that implicitly per-
forms pattern-by-pattern novelty detection. We call this model
the spike-timing separation and completion (STSC) model.
This model incorporates spike time as an integral aspect of
neurons, which enables it to distinguish between patterns that
have been previously seen, and patterns that are new and
should be learned. Spike timing not only provides the ability to
discriminate between known and unknown patterns through
spike-timing-dependent-plasticity (STDP) (Levy and Steward,
1983; Markram et al., 1997; Song et al., 2000) but also inher-
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ently drives the mechanism to effect or suppress learning. This
pattern-by-pattern suppression ensures that even in unfamiliar
situations, already known patterns are not relearned; whereas in
familiar situations, unknown patterns can be learned. We begin
by outlining a three-neuron network to illustrate the principle
of using spike-timing as a correlate of learning in a dual-path-
way network. We then present the complete STSC model,
showing that (i) a larger network based on EC2-DG-CA3 ana-
tomical details correlates learning and timing, (ii) the network
learns patterns that are both reliable and distinct, and (iii)
modulation can tune the network to achieve an appropriate
balance between pattern separation and pattern completion.
Finally, we examine the predictions this model generates regard-
ing both the timing of activity in the hippocampus and the
required neuromodulatory effects.

SPIKE TIMING AND THE DUAL-PATHWAY

HYPOTHESIS: AN ILLUSTRATIVE MODEL

STDP is a biological manifestation of Hebb’s theoretical
learning rule (Song et al., 2000). In its most commonly
observed form, synapses connected to a cell are strengthened
when they fire in a time window prior to the cell firing, and
are weakened when they fire in a time window after the cell
fires. This temporal dependence means that afferent synapses
that predict a cell’s firing will have a greater postsynaptic effect
on their next activation. If a cell is activated after (but inde-
pendently of) the activation of a particular set of synapses, the
cell will gradually spike earlier with respect to the activation of
the synapses (Guyonneau et al., 2005). Furthermore, assuming
this synaptic set is sufficiently large; the cell will eventually fire
in response to the predictive synapses alone. This behavior was
elegantly demonstrated by Izhikevich (2007) using a condition-
ing paradigm, in which the cells originally activated by an
unconditioned stimulus were eventually activated by synapses
receiving input because of a conditioned stimulus. In Izhike-
vich’s model, spike timing encodes whether a response has been
learned with a shorter latency between input and response,
indicating a well-known input.

STDP requires that the postsynaptic cell be active to learn
active inputs. In the conditioning scenario of Izhikevich
(2007), the unconditioned stimulus activated the cells that the
conditioned stimulus predicted. In the context of generalized
memory, the same sensory stimuli can be considered as both
the target to be learned (conditioned stimulus) and the cue
that is triggering learning (unconditioned stimulus). A mecha-
nism is thus required whereby a novel input can evoke a pat-
tern of activity in a target cell population that can then be asso-
ciated with the input. The dual-pathway architecture (already
discussed) provides such a mechanism: the indirect pathway
does not undergo associative plasticity and enables novel input
to evoke baseline activity; the direct pathway is subject to asso-
ciative long-term potentiation (LTP), thus pairing presynaptic
and postsynaptic activity. We investigated the effect of the tem-
poral dynamics of STDP in a simplified dual-pathway model.

Consistent with previous dual-pathway models, synapses from
the two pathways differ in strength and plasticity; however, in
the current model, they also differ in the latency of their initial
activation following a given input stimulus. Using this model,
we demonstrate that the distinction between a fixed and
learned response is retained in the response of the target cell if
the temporal dynamics are considered.

The network consists of three neurons, each one is a repre-
sentative of one region (Fig. 2a). Individual neurons are mod-
eled as point devices, following the model presented by Izhike-
vich (2003, 2004). Two-state variables are required for each
neuron, the membrane potential v and the recovery current #.
The rates of change of » and # are given by

7 =0.040" + 50+ 140 —u+ 1
w=a(bv— u)

(1)
(2)

with a reset condition for both variables given by

—C

(3)

if > 30 mV,then{y
u—u-+d

where / is the sum of synaptic input currents, parameters 2 and &
determine whether the neuron is an integrator or a resonator, and
parameters ¢ and 4 model the postspike transient behavior because
of high-threshold voltage-gated channel dynamics (parameter val-
ues set as suggested by Izhikevich (2003) for achieving these
behaviors; see the parameter table in the Supporting Information).
Each STDP synapse is modeled as a single-state variable I,
representing the current injection to its postsynaptic neuron
L= I/t +8(t — t.)w, (4)
where T, is the decay time constant of synapse s, 8 is the Dirac
delta function, t, is the vector of presynaptic spike times, 7 is
time, and w; is the current synaptic weight. Synapses subject to
STDP follow the model of Song et al. (2000). For each pair of
presynaptic and postsynaptic spikes, the change in synaptic
weight w is given by
Aw = max(min(F(At), wimax (5)
where F(At) is a nonlinear function of the post—pre interspike
interval Ar given by

F(Ar) {A+ exp(—At/ty) if Ar> Tg

- w)7_w)

6
— A exp(Ar/t) if Ar < =gy (©)

where A, and A_ determine the maximum modification for a
positive and negative change, respectively, T4+ and T_ are time
constants that determine the time range under which synaptic

strengthening and weakening occur, and Tg,, is the minimum

time difference required for any weight chaige. Only neighbor-
ing presynaptic and postsynaptic pairs are considered, and Eq.
(5) ensures that the weight of each synapse is non-negative,
with an upper bound wy,,.

The synaptic current for static synapses /; is given by

L= Zgr(” - Er)

(7)
reR

where R is a set of receptor types, in this case containing only
AMPA  (a-amino-3-hydroxyl-5-methyl-4-isoxazole-propionate),
v is the membrane potential of the postsynaptic neuron, £, is

Hippocampus
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FIGURE 2. How timing can signify the distinction between novel the two pathways contribute equally to the timing of cell C’s action

and familiar inputs. (a) Schematic illustration of a three-field network
with two paths from A to C, an indirect path A-B-C and a direct path
A-C. (b) The latency of the response of cell B relative to cell A is fixed
(see horizontal dotted line), the response of cell C relative to cell A has
a latency that is a function of the strength of the A-C synapse (see solid
line). With a novel input (A-C weight < 2.03 X 10~°), the signal trav-
els via the indirect path A-B-C and the latency of C is longer than that
of B (the solid line above the dotted line indicates that A is novel).
With a known input (A-C weight > 2.03 X 107%), the signal travels
via the direct path A-C and C’s latency is shorter than that of B (the
solid line below the dotted line indicates that A has previously been
learned). Between these two conditions (A-C weight = 2.03 X 107°),

the reversal potential of the receptor, and g; is the current con-
ductance of the receptor given by

g=—g/t +38(t —t)w (8)
in which 1, is the decay time constant of the receptor (Dayan

and Abbott, 2001). See the parameter Tables in the Supporting

Information for parameter values.
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potential. The latency, therefore, indicates which path, A-B-C or A-C,
is dominant. (c) Three panels show snapshots of the behavior for novel,
near-threshold and known weights during a learning trial: for low A-C
weights, the response of C depends entirely on the input from B (c,
left). As the A-C weight approaches a threshold (2.03 X 107%), less
input from B is required as the membrane potential of C is still ele-
vated due to the direct input from A, and thus the time of C’s response
is closer to that of B (c, middle). Beyond this threshold, cell C is
responding before cell B, showing that the direct A-C synapse is solely
responsible for C’s response and signifying that the input is known (c,
right). [Color figure can be viewed in the online issue, which is avail-

able at www.interscience.wiley.com.]

In the example ABC-AC network, synaptic weights are set
such that a single spike from neuron A is capable of causing a
spike in neuron B, and in turn a single spike from cell B is ca-
pable of causing a spike in neuron C. The weights from A to
B and from B to C are static, that is, unaffected by activity.
The direct synapse from A to C has a small initial weight, but
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is modified according to the above STDP rule, such that a fully
potentiated synapse can evoke an action potential in C.

The simulation protocol involved stimulating input neuron
A 28 times at 7 Hz and recording membrane voltages of neu-
rons B and C (Figs. 2b,c). The 7-Hz stimulation frequency was
chosen as a typical theta thythm frequency in the hippocampus
and the EC. Initially, the direct input had little impact on the
membrane potential of cell C, which spiked only after it
received input from neuron B. Over repeated presentations, the
direct synapse was potentiated, and eventually became strong
enough to directly evoke an action potential in cell C. At this
stage, when the corresponding input from neuron B arrived the
cell was still partially hyperpolarized, as a result of which the
indirect input was no longer sufficient to cause a postsynaptic
potential.

The timing of the spikes of cell C relative to those of cell A
indicates whether the postsynaptic action potential is caused by
the direct stimulation through the A-C synapse or the indirect
stimulation through the B-C synapse. If cell C fires after the
input from cell B arrives, the stimulus can be considered
unknown, and thus requires the input from B to enable learn-
ing. If cell C fires before cell B, the stimulus is known, and
any input via the indirect pathway can be ignored. Further-
more, when cell C fires before cell B it does not also fire after
cell B (due to hyperpolarization), demonstrating that the circuit
intrinsically selects between learning and recall for each individ-
ual input. The relative timing of firing between cell A and cell
C inherently coordinates two functions: (1) it encodes the nov-
elty of the association between cells A and C and (2) it controls
whether the A-C synapse is modified by the B-C input. These
results indicate that the dual-pathway architecture, when imple-
mented with a spiking neural input and STDP, provides a con-
ceptually simple, integrated mechanism to distinguish novel
from known input. However, to similarly signal when to learn
based on a network of inputs, this mechanism must be
expanded to detect novelty of not just a single cell input, but a
pattern of active cells. In the next section, we scale up the
three-cell network to model the EC-DG-CA3 circuit, demon-
strating how spike timing can control when subsets of CA3
neurons learn new patterns, and when they recall known
patterns.

THE STSC MODEL

Like the hypothesized dual-pathway architecture of Treves
and Rolls (1992), anatomical data suggest that cells in CA3
receive external excitatory input from EC2 both directly via the
perforant path and indirectly through DG and its mossy fiber
system (Amaral, 1993). The projections from DG to CA3 are
sparse: each dentate granule cell forms synapses on ~14 CA3
neurons (Claiborne et al., 1986). Dynamic facilitation in the
mossy synapses on CA3 cells allows a burst from even a single
dentate granule cell to evoke a postsynaptic action potential

(Henze et al., 2002). The direct synapses from EC2 to CA3
number in the thousands per CA3 cell, but each individual
synapse has a much smaller effect on the postsynaptic potential
than the DG inputs. Plasticity characteristics also differ
between the two synaptic paths. Although LTP is evident in
the DG to CA3 synapses, they show little evidence of associa-
tive modification (Chattarji et al., 1989), whereas associative
LTP is evident in perforant path inputs to both DG (Bliss and
Lomo, 1973) and to CA3 (Do et al., 2002). The CA3 cells are
also self-connected through the recurrent collateral pathway.
Like the perforant path, recurrent collateral synapses exhibit
associative LTP (Chattarji et al., 1989; Martinez et al., 2002),
and although numerous, are individually weak.

Pattern separation requires the prewired, sparse connections
in the DG-CA3 pathway to provide an index into the CA3
population. Activation in EC2 evokes a response in DG, which
in turn causes strong activation of a small number of CA3
cells. Hebbian-like direct synapses connecting active EC2 cells
to the most active neurons are potentiated, as are recurrent
links between active CA3 neurons. The EC2-CA3 connections
learn to associate EC2 stimuli with patterns in CA3, while the
recurrent CA3-CA3 connections learn to self-associate patterns
in CA3. The recurrent connections provide pattern completion
for partial or noisy stimuli from EC2. Fuhs and Touretzky
(2000) demonstrated in a computational model that a similar
effect can be achieved with competitive inhibition in CA3
instead of excitatory recurrence.

In the previously described models, the prewired DG-CA3
connections bias CA3 activity, both when learning new patterns
and when recalling familiar patterns. The activity of the CA3
population contains no information about the contribution of
the direct EC2-CA3 path relative to that of these prewired
DG-CA3 connections. Hasselmo et al. (2002) hypothesized
that theta half cycles might alternately facilitate learning and
recall in CAl. This idea has since been explored in more
detailed modeling scenarios in both CA3 (Kunec et al., 2005)
and in CAl (Cutsuridis et al., in press).

The ABC-AC network of the previous section suggests an al-
ternative solution to the problem of mediating between learn-
ing and recall in the hippocampal circuit. If the three regions
A, B, and C are considered analogous to EC2, DG, and CA3,
respectively, the two pathways (indirect EC2-DG-CA3 and
direct EC2-CA3) could act to simultaneously learn and cue
memories by virtue of their relative timing. If the direct path-
way evokes a sufficient response, the indirect response can be
safely ignored. If instead the direct pathway fails to evoke a
direct response, the indirect pathway can activate a novel set of
CA3 neurons, which can be associated with the input. The
dual pathway guarantees not only that a set of neurons will be
activated in CA3 but also that the relative timing of the
response determines whether the active set corresponds to a fa-
miliar pattern that is being reactivated or a novel memory that
needs to be learned. The network thus acts simultaneously as a
memory system and as a novelty detector.

In the following sections, we illustrate our STSC model of
the hippocampus that incorporates many of the known ana-

Hippocampus
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FIGURE 3. Network architecture showing main regions, cell
types, and the fan in-fan out connectivity (* indicates full connec-
tivity). Open semicircles indicate plastic excitatory synapses, filled
semicircles indicate fixed excitatory synapses and filled diamonds
indicate fixed inhibitory synapses. The CA3 region is the primary
component of associative memory storage in the system. It receives
input from EC2 via two pathways: one is a direct excitatory path,
the other is indirect via DG. [Color figure can be viewed in the
online issue, which is available at www.interscience.wiley.com.]

tomical and functional details of the EC-DG-CA3 circuit to
investigate the role of spike timing in learning new patterns
and recalling known patterns. We address three key questions:

e Does a larger network based on EC2-DG-CA3 anatomical
details show the same clear correlation between learning and
timing that was seen in the three-cell network?

e Can the network learn patterns that are both reliable and dis-
tinct? Reliability ensures that pattern completion is stable, and
distinctiveness provides a measure of the network’s discrimina-
tive power.

e Can the network be modulated to implement an appropriate
balance between pattern separation (finding distinct new pat-
terns to learn) and pattern completion (recalling the learned
pattern from an incomplete or noisy input)?

Model Description

The architecture of our STSC model is similar to that of the
existing models in terms of the functional roles of each region
(Treves and Rolls, 1992; Fuhs and Touretzky, 2000; Kali and
Dayan, 2000) (Fig. 3). Regional cell numbers are proportional
to estimated numbers of cells in the adult rat brain (Amaral
et al., 1990), reduced by a factor of 1,000 (110 EC2, 1,200
DG, 250 CA3). Network input was provided via direct stimu-
lation of the EC2 neurons. Each stimulus activated a specific
subset of the EC2 neurons (11/110) at a random time within a
5-ms window. Stimuli were presented at theta frequency (7.0
Hz). In addition to the activity generated by this stimulation,
the EC2 input neurons were activated probabilistically at each
time step (probability calculated for an average baseline activity
of 0.5 Hz).

Connectivity between the regions was assigned so as to
achieve sparse activation of the CA3 cell population via the

Hippocampus

DG-CA3 mossy fiber system. For modeling convenience, all
synapses on the indirect pathway (EC2-DG and DG-CA3)
were nonplastic. Each CA3 cell was connected to 10 DG cells,
randomly distributed but ensuring that each DG cell was con-
nected to two or three CA3 cells. The DG-CA3 synapses had
static weights, set such that two synapses active in a 5-{is win-
dow provided sufficient input to evoke a postsynaptic action
potential.

Excitatory connectivity for the indirect pathway was cal-
culated to ensure that for greater than 99% of possible stim-
uli as described above, in the absence of noise, at least one
CA3 neuron would respond (calculated via the combinator-
ics of neural population numbers and average input activ-
ity). The corresponding minimum active DG cell numbers
per stimulus was calculated to achieve this CA3 response.
To ensure that this required minimum number of DG cells
responded, each dentate granule cell received weighted input
from 50% (55) of the EC2 cells, such that a minimum
number (#0%) of active synapses caused any particular DG
cell to fire (in this simulation, the minimum number of active
synapses was nine).

Each EC neuron was connected to all the CA3 neurons. Ini-
tially, the efficacies of the direct EC2 synapses were sufficiently
low that none of the presented patterns in EC2 caused activity
in CA3. Perforant path inputs were subject to STDP, such that
if any one EC2 neuron consistently fired before a particular
CA3 cell, then the synapse directly connecting them was poten-
tiated. As the CA3 network is small, any particular novel stim-
ulus may activate only a few CA3 cells. In this situation, all
active cells must be capable of learning the input. The 100%
connectivity for EC2-CA3 is necessary because of these scaling
issues.

Two different types of inhibitory neurons were included. Six
inhibitory cells in DG received excitatory input from all EC2
cells. Each of these cells was calibrated to fire when greater

than a given number of inputs ngci

were active within a 5-
ms window, where each cell required a different minimum
number of active inputs ranging from 11 to 16. The effect of
this graded inhibition was to restrict the activity of DG despite
the varying levels of EC activity in the presence of noise. An
inhibitory cell in CA3 received input from the local pyramidal
cells, and acted to suppress further CA3 network activity after
approximately three action potentials in a 5-ms window
§1$23i). The purpose of the CA3 inhibitory cell was twofold.

irst, it ensured that small variations in DG activity (variations
not normalized by inhibition in DG) did not cause large varia-
tion in the CA3 activation levels (which would then contribute
to synaptic plasticity). Second, it acted as a threshold. If suffi-
cient CA3 cells responded to a pattern directly, the CA3 inhibi-
tory cell would signal the pattern as known. The CA3 inhibi-
tory cell was designed to act as a regional equivalent to the hy-
perpolarization of cell C in the ABC-AC network: if it fired
before the indirect pathway caused a response, then it attenu-
ated any such response. The effect of this inhibition enabled
the circuit to again intrinsically select between learning and
recall for each individual input.
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DG and CA3 cells were modeled as spiking neurons with
parameters chosen to match the cell properties characterized in
a recent review by Spruston and McBain (2007), who describe
that a somatic current injection into CA3 pyramidal cells elicits
a bursting response, whereas a similar stimulus in a dentate
granule cell causes spike trains exhibiting spike frequency adap-
tation. For the current model, we implemented regular spiking
dynamics for the dentate granule cells, intrinsically bursting dy-
namics for CA3 pyramidal cells and fast-spiking dynamics for
all inhibitory cells (neuronal models were as described for the
three-neuron model, neuronal parameters were chosen accord-
ing to the suggestions of Izhikevich (2003); see Supporting In-
formation for parameter values).

As in the three-neuron model (ABC-AC), both static and plas-
tic excitatory synapses were modeled with a single time constant
in the range of AMPA channel dynamics [Eq. (7)], and plastic
excitatory synapses were modified according to STDP Eq. (4). In-
hibitory synapses were modeled according to Eq. (7) but with
time constants and reversal potentials in the range of GABA4 (-
Aminobutyric acid) channel dynamics, and the CA3 inhibitory
feedback interneuron had an additional channel with a longer
effect akin to the time course of GABAg. This second time course
was intended to ensure that, like the C cell in the three-neuron
model, all CA3 neurons were hyperpolarized upon arrival of the
indirect input if a known pattern was presented.

Timing as a Signal of Learning

The timing between the stimulus and response provides a
clear marker of learning for a single neuron. To investigate the
relationship between learning and timing in a network struc-
ture, we trained the STSC system to respond to varied and
noisy stimuli. Each unique EC2 stimulus (as described previ-
ously) was presented 28 times sequentially at theta frequency
(7.0 Hz). Action potentials from the CA3 network were
recorded for 10 sets of 10 different stimuli. As the number of
learned stimuli increases, the potential for crosstalk between the
weights for these different stimuli increases, and ultimately
affects classification performance. Our study was not intended
to evaluate network capacity, thus each of 10 networks learned
only 10 stimuli each. The difference between the time of each
CA3 spike and the mean time of the most recent input stimu-
lus was recorded and grouped for each per-stimulus trial num-
ber, that is, for the first instance of each stimulus, the second
instance of each stimulus and so on.

Qualitative results of the network being trained to the first
three stimuli over 10 s demonstrate the typical behavior of the
network (see the raster plot of Fig. 4a). During the first second,
no stimuli are presented, and without coordinated input activ-
ity, the DG and CA3 networks are silent. In subsequent sec-
onds, the stimulus is applied to EC2. The DG response clearly
precedes the CA3 response at the first presentation of each
stimulus (Fig. 4b), showing that DG input is initially required
to cause CA3 activity. By the final presentation of the same
stimulus (Fig. 4c), the temporal order has reversed and the
response of the CA3 region precedes the DG response.

The progressive change in spike timing during repeated pre-
sentation of a stimulus follows a characteristic pattern (Fig.
4d). Across the range of trials, the variance of the responses ini-
tially increases. Between trials 10 and 14 there is a median shift
showing the transition between post-DG and pre-DG response.
The variance of the response timing—increasing as the response
is first learned then gradually decreasing—suggests a consolida-
tion of neural responses. Noise causes variation in the activity
of the dentate granule cells, which initally causes correspond-
ing variation in the instantaneous CA3 response. Over several
presentations, synapses between the most consistently respon-
sive EC2 and CA3 neurons are strengthened enough to directly
effect a postsynaptic action potential. When few CA3 neurons
respond directly %rce?; < nf;fi , the variance in response times
is high. As more CA3 neurons respond directly and reliably to
the EC2 stimulation, the variance in response times falls.

Distinctiveness and Reliability of Learned
Responses

Although the preceding results show that learning reduces
the time of the CA3 response to EC2 stimulation, they do not
show whether the patterns that are learned are in fact distinct
and reliably reactivated: ideally, the network should demon-
strate a capability to learn distinct responses for different input,
and furthermore activate these responses reliably when pre-
sented with sufficiently similar input.

To investigate the distinctiveness and reliability of the
learned responses, the network was trained with a set of three
distinct stimuli, each of which activated 10% of EC2 (i.e., 11
out of 110 EC2 neurons). During training, each stimulus was
presented 28 times. After training, synaptic plasticity was dis-
abled. Distinct test input patterns were generated for each of
the trained patterns, such that none of the neurons active in
the trained pattern were also active in the test patterns. A set of
200 distinct test input patterns were chosen in this fashion for
each of the three stimuli. To vary the similarity of the input
pattern to the trained patterns, testing consisted of stimulating
the network with a combination of the trained pattern and the
current test pattern. Initially, the whole trained pattern was pre-
sented, giving 100% similarity to the trained EC2 stimulus.
On each subsequent trial, one neuron from the trained pattern
was removed from the active stimulus and replaced by a neu-
ron from the current test pattern, reducing the similarity to the
trained input until all neurons corresponded to the test pattern
giving 0% similarity. This process was repeated for each of the
600 test patterns (three stimuli X 200 test patterns each). All
input patterns were also subject to noise (as described previ-
ously), creating further variation in similarity of the input pat-
tern with the trained pattern.

The separation of responses was determined by comparisons
between the sets of responsive cells in CA3 for different input
stimuli in EC2. The EC2 stimulus and the CA3 responses can
be represented as vectors, where each element in the vector cor-
responds to a neuron in the respective regions. Elements in the
vector were set to one if the associated neuron fired between

Hippocampus
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FIGURE 4. CA3 response timing distinguishes learned from novel  pattern. While the CA3 cells initially respond only to the indirect DG

inputs: At the start of a presentation, the input is novel, and CA3 cells
are slow to activate, not responding until activated by the indirect link
through DG. After repeated presentations, CA3 cells start responding
faster, activated directly by the EC2 input and eventually respond
before the arrival of the indirect signal. (a) Operation of the network
over 9 seconds. During the first second, noise was injected. Three dis-
tinct input patterns were chosen and stimulated 28 times sequentially
(7 Hz for 4 s) in the EC cells with 5 ms jitter in spike timing. (b, ¢)
Boxed areas from a, showing the first and last presentation of the third

pathway, after multiple presentations the CA3 cells respond directly to
the EC2 input prior to the DG response. The left-most vertical line
shows the mean time of the jittered input stimulus, the two right-most
vertical lines show the median of the CA3 and DG responses within
the theta cycle. (d) Over the course of 28 presentations, the median
response reduces from 39 ms to 19 ms, indicating that CA3 cells ini-
tially activated by the EC2-DG-CA3 pathway so as to respond to the
direct EC2 input. [Color figure can be viewed in the online issue,
which is available at www.interscience.wiley.com.]
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one stimulus and the next, and set to zero otherwise. The simi-
larity between learned and test responses was determined by
correlating the respective response vectors (calculated as the
normalized dot product).

For each level of EC2 similarity, the similarity of the CA3
responses was averaged (Fig. 5). The response curve shows that
the EC2-DG-CA3 network is acting as a strong pattern separa-
tor, and only performs limited pattern completion. For input
patterns with less than 50% input similarity to the trained pat-
terns, the CA3 response had a low similarity to the learned
response (<5%). However, once the input pattern was suffi-
ciently similar to a training pattern the CA3 response matched
the learned response. The improvement of separation and com-
pletion when filtering the results according to CA3 spike latency
shows that ignoring inputs after learned responses prevents the
highly separated input (which also amplifies noise) from interfer-
ing with already known memories. Such improvement also shows
that the self-inhibition of CA3 is not fulfilling this role perfectly.

This result demonstrates a core property of a memory sys-
tem: the CA3 region accurately reactivates its previous response
when a familiar pattern is presented, and activates a new and
distinct pattern in response to a novel input. However, in
many instances, a memory system must perform pattern com-
pletion with only partially complete input information. In the
following section, we show how the network can be tuned to
suit the situation by varying its similarity response curve
between pattern separation and pattern completion.

Modulating the Threshold

The STSC model thus far has required the test input to exceed
a certain degree of similarity to the learned input to complete the
learned output representation. In existing models, this similarity
threshold was fixed and as low as 30% (Marr, 1971; Treves and
Rolls, 1992). To investigate the effect of varying the threshold
between completion and separation, we introduced a modulatory
input to the perforant path synapses. This input directly modifies
the efficacy of the synapse, such that Z is calculated as in Eq. (4)
but with the postsynaptic effect of a presynaptic spike also multi-
plied by the current modulatory value:

js = —L/T + 3(¢ — t)wp 9)

where T, is the decay time constant of the synapse, & is the Dirac
delta function, t, is the vector of presynaptic spike times, ¢ is the
current time, and [ is the current modulation value.

At baseline efficacy (0 = 1.0), the synapses act as in the pre-
vious simulations [as Eqs. (4) and (9) are equal]. Increasing
increases the postsynaptic potential evoked by presynaptic
spikes, thereby decreasing the total number of active synapses
required to evoke an action potential in CA3. Consequently
the specificity required to activate any particular neuron also
decreases. By varying {1, we sought to test whether the network
could correctly complete test input patterns with lower similar-
ity to learned input patterns.

The stimulation and recording procedure closely followed
that of the previous experiment. The network was trained with

a set of three stimuli presented 28 times and tested with 200
distinct sets of input patterns and related variations for each of
the stimuli. The testing phase was executed five times, starting
at baseline modulation but increasing [t on each repetition such
that one fewer fully potentiated synapse would be required to
cause a postsynaptic action potential. The specific values of p
were determined by finding the threshold of single neurons
with input similar to the EC2 input in the STSC model (for
the exact [ values see Supporting Information). Using the nor-
malized dot product to compare network responses, input/out-
put overlap relations were generated for each test stimulus
against the network response to the appropriate trained stimu-
lus. Results were grouped by modulatory input level.

The network response at baseline modulaton was no different
from that in the previous tests of distinctiveness, that is, the network
was highly selective (Fig. 6). As the modulatory value was increased,
the level at which the output correlation exceeded the input correla-
tion decreased, that is, the network completed more patterns.

DISCUSSION

Our goal in this rescarch was to explore a mechanism to
determine when to learn and when to recall in the hippocam-
pus. We have shown that spike timing can act as an indicator
of novelty to distinguish the two functions in the CA3 network
(exemplified in the three-neuron model and demonstrated in
the STSC model) and that modulation of synapses can alter
the boundary between pattern separation (needed for learning)
and pattern completion (needed for recall) (STSC model). In
the following sections, we consider the significance of these
timing and modulation results in the context of functional
memory architectures, and describe the predictions the model
makes regarding the biological systems on which it is based.

Novelty is Encoded by Spike Timing to
Distinguish Learning and Recall

Our STSC model shows that the elapsed time from the
stimulation of EC2 to a response in CA3 can act as an indica-
tor of the novelty of the stimulation pattern. The system has
functionally different behaviors for familiar and novel stimuli:
EC2 patterns that are highly similar to a familiar pattern will
directly evoke patterns in CA3 that reflect the high input simi-
larity; EC2 patterns that have low or moderate similarity are
insufficient to evoke a direct response in CA3, and instead acti-
vate CA3 through the indirect EC2-DG-CA3 pathway. The
DG input to CA3 itself is active for both novel and familiar
patterns; however, a sufficiently familiar EC2 pattern activates
CA3 via the direct path before the corresponding DG input
arrives, separating learned and novel responses temporally and
allowing CA3 to suppress the DG input (in the STSC
model, this is through GABAg inhibition of CA3). Unlike pre-
vious models that modulate between learning and recall over
numerous pattern presentations with a multisecond timescale

Hippocampus
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FIGURE 5. Learning and recall of patterns with and without
consideration of timing. The dotted line (y = «x) indicates the
boundary between separation and completion: the farther below
the line, the greater the separation; the farther above the line, the
greater the completion. EC2 input vs. CA3 similarity comparison
in the simulated hippocampal network shows that for low EC2
similarity, CA3 similarity approaches zero; only for the highest lev-
els of EC2 similarity does CA3 similarity significantly rise above
zero. The cross markers show the CA3 response overlap which
includes all CA3 cell responses within a single theta cycle, with
CA3 response to the indirect input only attenuated by the action
of the inhibitory interneuron. Both separation and completion are
improved if the timing of the response is taken into account: the
plus markers show the average CA3 similarity responses which
were active earlier than the median DG response within each theta
cycle. Short latency responses provide reliable completion for
known inputs before indirect stimulation, such that subsequent
attenuation of the indirect input can prevent spurious separation
noise. [Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]

(Hasselmo et al., 1995; Kali and Dayan, 2000), each presenta-
tion of a pattern in the STSC model is learned or recalled
depending on its individual novelty, a process taking a fraction
of each theta cycle.

Once a pattern is known, the network reliably and directly
generates a response in CA3 before indirect activation via DG.
The transition from a novel to a known input is facilitated
through STDP at the CA3 synapses; if a CA3 neuron fires shortly
after a presynaptic EC2 neuron, the synapse connecting them is
potentiated. At the tested rate of one presentation per 7-Hz theta
cycle, patterns are learnt by the network after 10-20 presenta-
tions of a stimulus (Fig. 4), corresponding to 1.5-3 s of real
time. This time frame (1-3 s) is critical for many psychological
phenomena including learning, memory, and attention.

The 7-Hz stimulation frequency ensures that there is no sig-
nificant learning due to the response of the CA3 cells to one
input and any subsequent stimulations of EC2 cells (due to the
STDP time window and the maximum relative time of CA3
responses to EC2 stimuli, as shown in the ABC-AC case in
Fig. 2b). As the STSC model does not incorporate the recur-
rent connections of CA3 and hence requires no particular min-
imum stimulation frequency to facilitate CA3 to CA3 synaptic
plasticity, lower stimulation frequencies would be unlikely to
modify the model’s behavior. Although we did not explore sim-
ulations with greater stimulation frequencies, rates beyond
~12 Hz would cause significant interference in CA3 responses
by subsequent inputs.

The STSC model does not incorporate plasticity in the syn-
apses of the indirect path—neither the associative LTP from
EC2 to DG nor the nonassociative LTP from DG to CA3.

CA3 similarity

EC2 similarity

FIGURE 6. Modulation of the EC2-CA3 synapses affects the bal-
ance between pattern separation and completion. At baseline modula-
tion (n = 1.0), separation dominates over completion, resulting in a
network that is highly selective. As the modulatory input is increased (1
= 1.09), the balance shifts from separation towards completion. At in-

Hippocampus

termediate values (n = 1.23, 1.38), the functions are approximately
equally balanced, with areas equal above and below the separation—com-
pletion boundary. At the highest level of modulation (n = 1.84), the
network is strongly biased toward recall. [Color figure can be viewed in
the online issue, which is available at www.interscience.wiley.com.]
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Although the former in particular may result in a latency
reduction along the indirect route, similar to the operation of
STDP on the direct route, the delay introduced by the extra
cell (the DG cell) in the indirect path makes it unlikely that a
known input will reach a CA3 cell via the indirect path before
the direct input causes a CA3 response. Importantly, the pre-
requisite for the correct isolation of novel and known responses
is the relative timing of the first responses of CA3 cells and the
synaptic input from DG; so long as the first CA3 responses
precede the DG input, the CA3 cells have some capability to
“ignore" the DG input. In the simple ABC-AC network, once
cell C learns the input from A, hyperpolarization of the cell af-
ter the direct response ensures that the input from B is ignored,
resulting in a response only to the learned pathway—recall. In
the STSC model, a response is known if a small subset of CA3
neurons respond directly and cause an inhibitory feedback neu-
ron to attenuate further incoming signals for a short time, also
resulting in recall by using only the learned pathway. Although
the dynamics of the fast acting global inhibition do achieve this
suppression in the current model, it seems likely that attenua-
tion of the indirect pathway would occur at the mossy fiber
synapses rather than solely via GABAp inhibition of the CA3
cells (as modeled here), so as to allow other inputs to CA3 to
drive the network’s behavior (e.g., the CA3 recurrent connec-
tions) until the following EC2 input.

On the basis of the timing produced by the STSC model,
we would predict that in vivo recordings from DG and CA3 in
response to stimulation of EC2 would show a population of
spikes in CA3 preceding DG activity (representing recall of
cues) and a population of spikes in CA3 following DG activity
(representing cues yet to be learnt). A study by Yeckel and
Berger (1990) recorded the responses of DG, CA3, and CAl
to the stimulation of axons of EC in an anesthetized rabbit.
Responses in CA3 were shown to occur at times both before
and after responses in DG, with the majority of responses in
CA3 occurring with low latency before a response in DG.
Yeckel and Berger commented that the responses in CA3 with
longer latency than the latency in DG “did not follow more
than the first few trains of continuous stimulation” of the per-
forant path, although this effect was not quantified in the pa-
per. The results and the observation are consistent with predic-
tions made by our model, although the exact latencies to the
two CA3 responses differ. Based on the assumption that artifi-
cial stimulation of EC is an unfamiliar pattern for the system,
the STSC model predicts that the initial stimulation will pro-
duce a long latency CA3 response through DG. After a few
trains of stimulation, the learned connections from EC2 would
result in a lower latency response in CA3. As the magnitude of
the earlier direct response increases, the magnitude of the later
indirect response should decrease—an effect seen clearly in the
STSC model (Fig. 4d).

Our method of combining learning and recall is also consist-
ent with recent data demonstrating that the phase in theta of
pyramidal activity in CA1 increases with environmental novelty
(Lever et al., 2010). Lever et al. interpret their data as support
for the hypothesis that half phases of theta are alternately used

for encoding and retrieval. However, the data is equally consist-
ent with an interpretation that the initial longer latency
responses correspond to the untrained stimuli through the trisy-
naptic pathway (EC2-DG-CA3-CA1l), and the shorter latencies
result from the learned stimuli through the monosynaptic path-
way (EC3-CAl). The 33° theta phase shift observed by Lever
et al. would correspond to approximately half a gamma cycle,
which could be due to the different delays in the pathways.
Assuming a theta rhythm of ~6 Hz, the Lever et al. data is
consistent with that of Yeckel and Berger (1990). In contrast to
the theta phase account of separation and completion given by
Hasselmo et al. (2002), our STSC model makes a strong pre-
diction about how learning would affect the phase shift in CA
regions relative to EC: namely the STSC model predicts that,
relative to the phase shift between the EC inputs, the magni-
tude of the phase shift due to learning would be lower in CA3
than in CAL.

Modulating Uncertainty: Roles for Acetylcholine
and Dopamine

Our DG model acts as a delayed pathway for the purpose of
novelty detection, but it also performs an orthogonalization role
similar to previous models (Treves and Rolls, 1992). Differences
between EC2 stimulation patterns are enhanced by the indirect
pathway. Small differences between EC2 stimuli lead to larger dif-
ferences between baseline CA3 responses before learning. As a
consequence, the CA3 patterns that are evoked by the indirect
pathway are inherently distinct (as shown in Fig. 5).

Because small differences in the EC2 layer are further sepa-
rated in DG, input noise is also amplified. Compurtational
models to date have worked around this issue via different
means, for example, by using explicit learning and recall modes
(Kali and Dayan, 2000), by designating separate subphases of
the theta rhythm for learning and recall (Hasselmo et al.,
2002), or by permitting remapping of known inputs in par-
tially known environments (Hasselmo et al., 1995). Our STSC
model selectively suppresses the effect of highly separated input
from DG for known EC2 patterns on a pattern-by-pattern ba-
sis, intrinsically ensuring that any patterns that are sufficienty
well known will not be relearned. This intrinsic novelty detec-
tion operates without regard to the level of input pattern to
learned pattern correlation, or to the corresponding correlation
of evoked responses in DG, thus modifying the correlation
level required to elicit a learned response will not negate the
separation—suppression effect of the novelty detection process.

We illustrated a mechanism for tuning the rate of perceived
novelty of a pattern, and hence the ratio of learning over recall
by modulating the synaptic strength between EC2 and CA3.
The results show that increased synaptic efficacy in CA3 will
cause CA3 cells to fire more frequently before DG input
reaches the region, increasing the rate of pattern completion,
which in turn will prevent the encoding of a new pattern (Fig.
6). An equivalent modulatory effect is visible even at a single
CA3 synapse, where modulation affects the weight at which
that synapse will become strong enough to evoke a postsynaptic

Hippocampus
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FIGURE 7. Modulation in the response latency of a single

neuron. For low EC2-CA3 weights the delay is high. Initially the
modulation has little effect; at a synaptic weight of 5.0 x 107'°
the CA3 response time is at its ceiling (~35 ms), a value deter-
mined by latency of the indirect path. For weights between ~1.0
x 107% and 2.1 X 107, the CA3 response time depends strongly
on the modulation level of the synapses, which determines the
EC2-CA3 weight at which the CA3 cell responds to the direct
stimulation before the indirect stimulation arrives. For weights
beyond ~2.1 X 1077, the modulatory value has little functional
difference as the direct path evokes responses irrespective of modu-
lation level, and the response latency decreases monotonically with
the weight, ensuring that so long as p is equal across all cells, the
cells latencies are ordered according to their strength (and hence
how close the input is to that cell’s learned input). [Color figure
can be viewed in the online issue, which is available at
www.interscience.wiley.com.]

spike (Fig. 7). As modulation is increased over baseline (p >
1), the mean EC2-CA3 synaptic weight required for a CA3
cell to respond to the EC2 input decreases. Completion occurs
when a CA3 cell responds with a lower latency than the
response of DG. Thus, the greater the modulation value, the
lower the required similarity between the current input and the
learned pattern. However, as the strongest learned weights still
respond most quickly (dA#/dw is always negative), and the
CA3 response is attenuated once a certain number of CA3 cells
respond, then irrespective of the level of modulation, only the
memory that best matches the input will be activated.

ACH has previously been proposed as a modulator of the novelty
detection threshold—the threshold at which an input is similar
enough to a previously learned input to be considered known (Has-
selmo and Schnell, 1994; Hasselmo and Wyble, 1997). In support
of this theory, Rogers and Kesner (2003) have shown that an infu-
sion of scopolamine (a cholinergic antagonist) in CA3 prevents
encoding of new patterns but does not impair retrieval during a rat
navigation task. Evidence suggests that associational/commissural
(A/C) connections in the stratum oriens of CA3 are attenuated in
the presence of ACh (Vogt and Regehr, 2001), potentially ensuring
that the pattern separation mechanism through the indirect EC2-
DG-CA3 path is free from interference during encoding (Hasselmo
etal., 1995). Furthermore, in high-ACh environments, LTP is ele-
vated in the stratum oriens of CAl (Huerta and Lisman, 1995;
Ovsepian et al., 2004; Shinoe et al., 2005), although there appear
to be no experiments to date testing for a similar effect in CA3.

Hippocampus

Dopamine is similarly implicated in hippocampal function,
leading to a proposal that it may likewise modulate the novelty
detection threshold in the region (Lisman and Otmakhova,
2001). Like ACh in the stratum oriens, elevated concentrations
of dopamine appear to selectively attenuate the effect of perforant
path inputs in the stratum lacunosum-moleculare (LM) of CAl
(Otmakhova and Lisman, 1999). Dopaminergic neurons, includ-
ing those in the region afferent to the hippocampus, are highly
active for unpredicted reward (Schultz, 2002) and LTP is elevated
at perforant path synapses to CA1 pyramidal cells with dopamine
receptor activation (Otmakhova and Lisman, 1996). Although
dopamine is generally implicated in reward learning, evidence
suggests it is also involved in the attentional or motivational sce-
narios required of a signal for novelty detection (Lisman and
Otmakhova, 2001). It thus appears that ACh and dopamine
selectively attenuate and up-modulate learning in internal and
external inputs, respectively.

We agree here with Hasselmo et al. (1995) that ACh release
in CA3 may not directly signal learning, but rather that neuro-
modulation of CA3 via both ACh and dopamine may encode
uncertainty by affecting the probability that any afferent stimu-
lation will be perceived as novel and hence will be learned.
Increased neuromodulatory release would imply greater uncer-
tainty: decreasing the strength of the direct EC2-CA3 “recall”
path, thereby increasing the similarity threshold required to
reactivate previously learned representations and resulting in
more patterns being classed as novel and therefore being
learned. Decreased modulatory release would imply less uncer-
tainty and have the inverse effect, resulting in fewer novel expe-
riences and less learning.

A prediction from the STSC model is that neuromodulation of
CA3 under novelty should, in addition to its effect on the A/C
fibers, also have some effect on the perforant path inputs to CA3.
Presynaptic stimulation of the perforant path should have a postsy-
naptic somatic effect that varies with the concentration of some
neuromodulator. Given the evidence of dopaminergic attenuation
of perforant path synapses in CAl, we suggest dopamine as the
most likely candidate for this modulation in CA3. In our model,
the efficacy of perforant path synapses increased with the modula-
tory parameter [l We would then expect [ to vary inversely with
dopamine concentration, such that as the concentration of dopa-
mine rose, the efficacy of the perforant path would fall, and poten-
tially the rate of STDP would rise [an effect omitted in the present
work but one that could operate as described by Izhikevich
(2007)]. Modulation could alternatively be achieved by direct cho-
linergic effect or by indirect means similar to the GABAergic inner-
vation suggested by Vogt and Regehr (2001) at mossy fiber synap-
ses. For example, the stratum oriens-LM (O-LM) interneurons are
enhanced by activation of M1 and M3 muscarinic ACh receptors
(Lawrence et al., 2006) and their axons terminate among the CA3
denderites receiving perforant path stimulation (Gulyas et al., 1993).

Future Directions

Pattern separation and completion together provide a func-
tional memory for individual input patterns. The resemblance of
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the recurrent collateral network in CA3 to classic associative net-
works in artificial neural network literature has led many to pro-
pose that the CA3 network functions as an autoassociative attrac-
tor network that enables the completion of patterns (Treves and
Rolls, 1992; Kali and Dayan, 2000). The characteristic recurrent
collaterals of the CA3 network have been omitted in the current
model; we have demonstrated that a heteroassociative form of
separation and completion is possible in a network without re-
currence. For example, our results show that with modulation
level 1 = 1.84, an input pattern with 40% similarity to a previ-
ously learned input pattern leads to 80% similarity in the corre-
sponding CA3 responses (Fig. 6). In part, this replicates existing
studies (O’Reilly and McClelland, 1994; Fuhs and Touretzky,
2000); however, we have added a key capability: spurious separa-
tion noise, corrected in many recurrent autoassociative networks
by their attractor dynamics, can be suppressed by a short latency
response when the input is known.

One question left unanswered in this work is that of the net-
work’s capacity. To avoid pattern crosstalk during the experi-
ments, a maximum of 10 patterns were learned by the network
at any time. Capacity in autoassociative networks has been well
characterized (Abu-Mostafa and St. Jacques, 1985). Interest-
ingly, modeling results suggest that adding biological detail to
heteroassociative networks, and in particular considering spike
timing, increases network capacity (Lytton, 1998). We are cur-
rently investigating this topic further.

In addition to pattern completion and separation, the hippo-
campus has been implicated in episodic memory (Tulving and
Markowitsch, 1998). An alternative hypothesis of the role of the
CA3 recurrent collaterals is that they encode temporal relations
between memories, forming a cognitive graph (Muller et al.,
1996; Lisman and Otmakhova, 2001). Sensory snapshots or even
cortical replay of hippocampal inputs could thus evoke tempo-
rally distant but linked patterns, and similarities could be
extracted based not only on sensory input but also on temporal
links. Although our STSC model uses two gamma cycles to learn
or recall memories, the data provided by Yeckel and Berger
(1990) shows that more realistic timing may in fact be a single
gamma cycle. If there are ~7-10 gamma cycles per theta cycle
(Bragin et al., 1995), the remaining gamma cycles could be used
(after learning) for traversal of temporally linked patterns via the
recurrent network. In this manner, we envisage the CA3 network
facilitating learning and retrieval of patterns unbiased by sensory
similarity and interconnected solely by temporal proximity.
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