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Abstract

The hippocampus is known to be a critical structure for memory funchah, how its anatomical,
physiological, and cellular elemergadow it with this function remains a mystery. As suelignless is known
about how neuropathological changes associated with Alzheimer’s disease, epilepsy or traumatic bréadrory
the clinical manifestations of disease. To begin to address these issuesjevemnstructed a biophysically-detailed
model of the CA3 region of the hippocampus that incorporates many of the well-charadiatjz&#]dm afunctional
standpoint, poorlyunderstoodpropertiesand phenomenanto a functioning network. These include cholinergic
neuromodulatoryegulation, theta (4-61z) oscillations, gamma (20-8Biz) oscillations, diversity of interneuron
classes, regular spiking vs. bursting pyramidal cells, and lamina-specific inputs and characteristic anattkye We
found that the integration of these hippocampal elements results in a biological analog ‘tworthectionist”
autoassociative attractor netwonkere memoriesare represented apatial patterns of temporally-precise spikes
across CA3. Iraddition,simulating the cholinergic modulation tfis network modelandits constituentellular
components suggests novel mechanisms for memory dysfunction in Alzheimer's disease [8, 9]. déerenstrate
such networks to be robust and accurate in memory function, insensitive to the choice of meodehdtom a 64-
compartment cell with numerous iontonductancefl1] to areduceddual-compartment modgll0], and scalable
from small to large networks.
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1. Introduction

The characteristianatomy of the CA3 region of the hippocampusparticular thedense recurrentollaterals
between pyramidal cells [7], has long prompted investigators to suggest that thiewddebe a neuradubstrate for
an autoassociative memory [15]. Much tbfs thinking hasstemmed from artificial neural netwonkesearch,
especially those results related to autoassociative attractor nefp®s While thereare many variations on the
original themeproposed by Hopfieldhis generalclass of networks remains our best conception of hewrons
might interact to storeand recall memories in a robust fashion. The mathemafiosvide uswith powerful
analytical tools for such networkapweverthe applicability of the theory to biological neurons, with alltfodir
biophysical complexity, has remained in question. We have attempted tosseeeifregulatory elements GA3,

in particular interneurons, oscillations, and cholinergic neuromodulation, are sufficient to control detailed biophysical

cellular models such that thean operate in aanalogous fashion to their artificial counterparts. aéidition to
learning howdetailedcellular-level models can blearnessed tdunction in networks by an appropriate control
structure, we havalsobeen able to examinthe effects of cholinergic deprivation, a majaarly component of
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Alzheimer'sdiseasd8, 9]. Our results not onlylemonstratehat detailedbiophysical networksan function as
attractor networks, but also suggest ways in which cholinergic denervation may contributel¢clitieeofmemory
function.

2. Methods

Compartmental simulationg/ere constructedising the GENESISlevelopment packagend PGENESIS, its
recent implementation for parallel platforms [4]. Simulatiovese performed on four-processoSilicon Graphics
Origin 2000. Two sets of biophysicakuronal modelsvere chosen for the networkimulations: 1) The 66-
compartment hippocampal CA3 pyramidal cell and the 51-compartment hippocampal interneuron develoaehl by
andcolleagueq11, 12]and 2)the 2-compartmenteducedTraub” pyramidalcell of PinskyandRinzel [10]and a
single compartment interneuron described by Wang and Buzsaki [16]. For the most part, synapses were implemented
as described byraubandcolleagues [13]. Excitatory synapsesre implemented to simulatboth AMPA and
NMDA receptors which always colocalized at a given excitatory synapse. Inhibitory symage@aplemented to
simulate theGABA, receptor. Cholinergic neuromodulation wiagoduced atthe cellular level byinhibiting
intrinsic membrane currentd (-, I, andl.,,), suppressing excitatory synaptic transmission §}lj depolarizing
cells (for details see [8]).

In constructing thenodel network we have attempted to be as faithful as practipalhgible to known
hippocampal anatomy, and the resulting design is sketcHed.inlA. Networks of varying sizewere investigated
from as large as 1,032 cells to as small as 24. In all simulatienswereN pyramidalcells, N stratumradiatum
interneuronsand 8basket cells. Neither entorhinal nor septal celgere explicitly modeled; perforaninput was
generated as a spatial pattern of spikes at the presynaptic terminals, and oscillatory theta-band inhibitdeledas
by somatic current injection to basket cells.

We begin with a pre-wired network storing arbitrarily chosen memories. This is intended to be an approximation
of a more biologically-faithful network that would have alreaniglergoneHebbian associative learning, presumably
via LTP and LTD. For a network of pyramidal cells, we choose unbiaseahdomN-bit binary stringsé to store
as memories. These patternare then used to determinéhe fixed connectivity of therecurrentsynapses using
Hopfield’s original algorithm for storing binary patterns [6] in a networlNafieuronswherethe NxN elements of
the synaptic matriX are a function of thp different patterng.

7= % (287 -1)(287 -1), i #]
= 0, i=]j

This synaptic matrix is implemented using AMPA- and NMDA-mediated synapses wédimeentcollaterals in the
stratumradiatum forpositive T; valuesand GABA,-mediatedsynapses (via straturmadiatum interneurons) for
negative ones. THE, value is used to scale the maximal conductances of the receptors.

Note that by the term "memory" we refer to the spatially-distributed pattern of spiking actiyifyamidal cells
of CA3 for avery small window oftime. That is, weare concernedvith temporally-precise representations of
information as opposed to "rate coded" information. Inroadel (which inits present statemits input from the
dentategyrus which we believe is part of a long-term learning stabe,pattern of activity is a function of the
transient inputs arriving from entorhinal cortex, the recurrent connections between pyramidal cells, and the regulation
by two classes of inhibitory interneurons as well as cholinergic neuromodulation from the medial septal nuclei.

@)

3. Results
3.1 Network function

The network elements outlined Fig. 1A interact as follows: As halseenobserved in avariety of single
pyramidalcell models[8, 9] andin vitro [2], cholinergic input iscapable ofswitching cells from a bursting to a
regularspiking mode. It als@rovides a general depolarizing drive to pyramialadl basket cells alike. In the
network of mutually connected GABArgic basketells, spikingleads tointrinsic synchronization of firing in the
gamma-band range as has been previously rep@&tei#t, 16]. Pyramidal cells also spike at the gamfmeguency
due tothe coordination of cholinergiarive andbasket cell inhibition. Theseoscillations are further modulated
however by slower, theta-band rhythmic inhibition from se@aBA,ergic neurons. Theffect ofthis externally-
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Fig. 1. Architecture and function of the CA®twork model. &) The model captures several major components of hippocampal anatomy.
Memories, represented by the spatial pattern of activity of the CA3 pyramidal cell netweoréncoded in theecurrent synapsesetween
pyramidal cells. Recall is elicited by perforant path activation from superficial entorhinal pyramidal cells, and the @AGapy®ll activity

Is regulated by interneurons, theta- and gamma-basgillations, and cholinergic neuromodulationTheta oscillations are generated
extrinsically in the medial septum, while gamma-band oscillations are generated intrinsically by mutually-inhibitory blsskelesethe text

for a detailed explanation of the interactions between network compon@ntset(vork function in a 136-cell model of CA3 using Traub and
colleagues' pyramidal cell and interneuron models. Shown are somatic voltage traces from 8 of a total of 64 pyramatsdledlld@lto 47)
along with a single trace from a basket cell and an idealized theta rhythm of two complete cycles. At theeatdrttbéta cycle, a new
transientinput arrives over the perforant pathway in the form of a spatial pattesingfe spikesmpinging onthe distaldendrites of the
pyramidal cells. This input causes some subset of pyramidal cells to spike, anéaclvesubsequent gamma-cycle (here approximately 10
ms) the pattern of spikes is determined by the recurrent connectivity of the network. In some cases a firing cell becuems \ghite in
other cases a silent pyramidal cell begins to spike. Well before the theta rhythm declines, the pattern of activity amtesrikheeaches a
stable pattern (i.e. the fixed-point attractor state or "memory") that rep@tat®ach gamma-cyclentil thetainhibition of the basket cells
declines, basket cells fire more vigorously, and the pyramidal cell network is shut down and reset before the next emptotlinalas.

derived theta-band inhibition is to modulate the firing rate of the basket cell network. Whemhiizteon is low,
basket cells fire ahigh frequencyhaving beenstrongly depolarized bythe diffuse spread ofACh in the stratum
oriens This activity preventgpyramidal cells from spikingand thereby “resets'the networkbefore each new
perforant path input arrives. When theta inhibition rises, basket cell spikisigwsd (even irthe presence of the
cholinergic depolarizatiorandthe mutual interactionsetweenbasket cells dominate. In thphase theemergent
gamma-band synchrony of the interneurons regulatepyttamidalcell firing as inputarrives tothe networkfrom
entorhinal cortex (EC). These transiémputs are presented t€A3 pyramidalcells in synchrony with theta along
the perforant path by AMPA- and NMDA- mediated synapses immth&t distaldendrites. The final component of
the model network, therecurrentconnections between pyramideglls, is mediated bymonosynapticexcitatory
contacts between pyramidal cells and disynaptic inhibition mediated by stratum radiatum interneuroragtraston
neural networks, the pattern of theseurrentexcitatory and inhibitory synapseslefinesthe attractorstates (i.e.
memories).

An example of thattractor-type behavior in a sub-network of 64 Traub pyrangieds is shown inFig. 1B
where somatic membrane voltage traces from eight of the cells are shown with a single basket celtesonaiia
and an idealized theta rhythm drawn for reference. At the start of the theta rhythm, synaptic input frerfortet
path causes a particulset of pyramidalcells to spike. Theecurrentexcitationandinhibition thendirects which
pyramidal cells will spike on subsequent “gamayales” within the single thetaycle until the closest memory is
reached.Memoriesarefixed-point attractors irthat partiallycorrectpatterns of spikes wilprogress to one of the
stored patterns with each successive gamma cycle. Once the correct pattern of spikes is obtained, tretumattern
on each gammaycle until the theta inputeclines, basket ceihhibition rises,andthe pyramidalcell network is
hyperpolarized and reset.

3.2 Stability of the stored memories

Ouir first step in the evaluation of the network modegardless othe size or the cellular models used, was to
ascertain the stability of the stored memories; that is, if the pattern of spikes induced by transient entorhinal input is
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Fig. 2. Stability ofstored memories in a 136-cell CA®twork comprised of either Traub pyramidal cells and interneurdh®r( Pinsky-
Rinzel pyramidal cell and Wang-Buzsaki interneurd)s (Top. Shown is a rasteplot of the spikes ofach of the 64 pyramidal cells as a
function of time. Bottom.Shown is a density plot of the overlag, of the networkwith the 5 stored memories as a function of tinilack
denotes a perfect correlation between network state and the particular memory, while white denotes perfect anticorreffa¢idregifning

of each theta cycle, one of the stored memories is presented to the network over the perforant pathway. On each subseqogotegam
the induced pattern of pyramidal cell activity persists and shows perfect overlap with the input.

identical to one of the stored memories, this same pattern should repeat with each gamma oscillaiditrafityr
large networks, examining spike traces as shown in Bifpetomes too burdensome for comparison withstbeed
N-bit memories, so a convenient metric for determining the state of the network relativestor¢denemories is
the "overlap" or "magnetization" function commonly applied to artificial attrasttworks. The overlamp with a
given patterm is defined by

:L N
m, =~ Z (287 -1)(2s -1) )

where§ is the binary state (1 or 0, spike or no spike) ofittieneuron.

Shown in Fig. 2 is a raster plot of the spike history of the 64 pyramidal cells in a netwdrkaab cells fop)
and the overlapvith each of 5 storedthemories as a function of timédtton) as a differenmemory ispresented
over the perforant path on each new theta cycle. Here the overlaps are shown in a density plot whiepedsiects
1.0 (perfect correlation), white —1.0 (perfect anti-correlation), and shades of gray for intermediate values. Each of the
storedmemories isindeed dfixed point attractor as can be seen eithertbg repetition of the same pattern in the
raster plot with each new gamma cycle or, directly, in the overlap plot. This stability occurs in spitéaof thnet
there is considerable overlap between different stored memories. In this particular examptee tAgemmacycles
available for computation each theta cycle. Similar resu#ishown in Fig. B for the same size netwotlsing
Pinksy-Rinzel pyramidal cells but the same recurrent connectivity. In addition, we have observed ttegesenaf
fidelity in a much larger 1,032-cell network using Pinsky-Rinzel pyramidal aatishe Wang-Buzséki interneurons
where 40 randomly chosen 512-bit patterns were stdegd (not shown

3.3 Autoassociative recall of memories

One method of probing the autoassociative capability of our network [gotade corruptedsersions of the
storedmemories as inpuand then observethe ability of the network taecall the correctmemory (i.e. error-
correction). "Noisy" memories were created by randomly flipping some percentage of the bits of the original pattern.
The degree of corruption is reflected in the initial overlap between the network state on the firstoyalearad the
storedmemory. Fig. & shows the result for the network ®faub pyramidalcells where progressivelymore
corrupted versions of a single memory are presented on each successive theta cycle. Eveniniti@ndberlap is
approximately 50%, the netwoskill reacheshe appropriate attractor. The netwoukilizing the Pinsky-Rinzel
pyramidalcells can be seen to demonstraienilar error-correctingcapabilities for the sammputs as shown in
Fig. 3B.
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Fig. 3 Autoassociative behavior of the Traub-based 136-cell CA3 net&pda(l its correlate using Pinsky-Rinzel pyramidal cels (With
each theta cycle a progressively more corrupted version of'tmeesory is presented to the network. Eweith heavily (approximately
50%) corrupted inputs, over several gamma cycles nested in the theta rhythm the network is able to reconstruct the coyre&aigpots
are corrupted even further, however, the network can no longer recall the correct, or any, memory before rthyththetizclines and the
network is reset.

We should note that, in these preliminaiynulations, wehave alwaysstored fewerthan Hopfield’'s maximal
capacity of0.15N memories. Wdnaveyet to chartthe memorycapacity of these networks asfunction of the
number of neurons. An additional shortcoming of this preliminary network is our mimicry of the okigipild
modelwith its deterministic dynamics, a reliance ati-to-all, symmetric connectiongnd non-sparselycoded
representations of information. All of these isshase beeraddressed byhe generations ddttractor models that
followed Hopfield’s seminal paper [6]resulting in modelsvith sparse information representations, mustger
memory capacities, stochastic dynamisg more biologically-plausible synaptic interactions. At thaly stage
of our investigation, we have yet to try using any of these modifications for a biophysical nsimatation, but
given our succeswith the originalHopfield model, we expect these othemchitectures to be amenablesimilar
biophysical implementations.

4. Conclusions

Our resultsdemonstratethat large networks of biophysically-baseteurons,under an appropriate control
structure,can demonstratmemory functionand performthe same computations as their artificiabnnectionist”
counterparts. A sufficient control structund one that is consistent with the biology of the hippocampus,
consists oflocally-generatedsynchronous oscillations (e.ggamma-bandoscillations via mutual inhibition),
neuromodulatory substances of subcortical and local origin (e.g. acetylcholine franedied septum/diagon&and
of Broca complex) and external pacemaking (i.e. theta-band inhibition from the medial septal nuclei). Weridave
that this architecture scalewell from 24 to 1,032 cellend can be applied to differemeuronal modelswith
essentially no modification. Finally, at least in the context of this network, the Pinsky-Rinzel pyramidajustl! is
as useful as the Traub pyramidal cell for biophysical simulations iresigonse t&EPSPs, IPSPsandcholinergic
neuromodulation and allows for the investigation of much larger networks with the same computational resources.
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