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Abstract. Gamma (30–80 Hz) and beta (12–30 Hz) oscillations such as those displayed by in vitro hippocampal
(CA1) slice preparations and by in vivo neocortical EEGs often occur successively, with a spontaneous transition
between them. In the gamma rhythm, pyramidal cells fire together with the interneurons, while in the beta rhythm,
pyramidal cells fire on a subset of cycles of the interneurons. It is shown that gamma and beta rhythms have different
properties with respect to creation of cell assemblies. In the presence of heterogeneous inputs to the pyramidal cells,
the gamma rhythm creates an assembly of firing pyramidal cells from cells whose drive exceeds a threshold. During
the gamma to beta transition, a slow outward potassium current is activated, and as a result the cell assembly
vanishes. The slow currents make each of the pyramidal cells fire with a beta rhythm, but the field potential of the
network still displays a gamma rhythm. Hebbian changes of connections among the pyramidal cells give rise to
a beta rhythm, and the cell assemblies are recovered with a temporal separation between cells firing in different
cycles. We present experimental evidence showing that such a separation can occur in hippocampal slices.

Keywords: gamma rhythms, beta rhythms, cell assembly formation, plasticity, hippocampus, neocortex,
preprocessing

1. Introduction

Rhythms in the gamma (30–80 Hz) and beta (12–30 Hz)
frequency bands have been associated with awareness,
perception, and response to novelty (Haenschel et al.,
2000; Fries et al., 1997; Fries et al., 2001; Gomez et al.,

1998; Tallon-Baudry and Bertrand, 1999) and (Pearson
and Andersen, pers. comm.). It has been suggested that
these rhythms are important for “binding” cells within a
cell assembly and for facilitating distributed processing
in the nervous system (Gray et al., 1989; Gray, 1999;
Joliot et al., 1994; Farmer, 1998).



34 Olufsen et al.

The role of rhythms in the nervous system is
still mysterious, and it is even controversial whether
rhythms have any functional importance (Shadlen and
Movshon, 1999). Though gamma and beta rhythms
have been observed to occur together or in succession
(Haenschel et al., 2000; Traub et al., 1999a; Gross and
Gotman, 1999; Pesaran and Andersen, pers. comm.;
Tallon-Baudry et al., 1999), the functional significance
of this temporal relationship is an open question. It is
also not well understood what role rhythms may play
in the creation of cell assemblies (Bibbig, 1999).

Gamma-to-beta transitions have been studied most
thoroughly in hippocampal slices (Faulkner et al.,
1999; Traub et al., 1999b; Whittington et al., 1997).
In slice preparations, tetanic stimulation can produce a
spontaneous transition from the gamma rhythm to the
beta rhythm. This transition is associated with recovery
of ionic currents suppressed by the metabotropic effect
of the stimulation and by plastic changes in functional
synapses. The differences in currents and functional
connectivity underlying the two rhythms lead to differ-
ences in temporal structure: in the tetanically produced
gamma rhythm, the participating cells fire in every cy-
cle. By contrast, in the beta rhythm, pyramidal cells
skip one or more cycles. Since most pyramidal cells
skip the same cycles, the local field potential displays
a lower frequency.

This article focuses on how networks may create cell
assemblies from a weakly structured input. Our simu-
lations show that networks displaying a gamma rhythm
are able to create a sharp separation between cells in
or out of a cell assembly, while networks displaying a
beta rhythm do not have this property. However, net-
works that display a gamma rhythm followed by a beta
rhythm, with plastic changes in synapses during the
gamma rhythm, can create a temporal separation of
cells in which those within the assembly fire at differ-
ent times from those outside the assembly. We present
experimental results that support this prediction.

We propose that the gamma rhythm can act as a pre-
processor for the beta rhythm, allowing networks dis-
playing a beta rhythm to maintain cell assemblies es-
tablished during the gamma rhythm. It has previously
been shown (Ermentrout and Kopell, 1998; Kopell
et al., 2000) that the currents and functional connec-
tivity of a network displaying a beta rhythm make it
suitable for coordination over longer conduction de-
lays than networks displaying a gamma rhythm. Thus,
the gamma and beta rhythms may play complementary
roles in processing, with the gamma rhythm preparing

the beta rhythm for participation in long-distance
coordination.

2. Methods

2.1. Computational Methods

Simulations were carried out in a network of pyramidal
cells (E-cells) and interneurons (I -cells). Each cell was
modeled as a one-compartment neuron that is coupled
to all other neurons in the network. We assumed that all
neurons in the network were located within the same lo-
cal area, so neither spatial organization nor conduction
delays were taken into account. The pyramidal cells
were made heterogeneous by adding different drives to
each cell. Some simulations used an unstructured drive
distribution, in which the input to the pyramidal cells
varied linearly (uniformly) over some range, as a func-
tion of the cell index. Other simulations were done with
structure in the drives that mirrored physiologically rel-
evant features. Differential input to neighboring sub-
sets of the population was modeled by a drive depend-
ing sigmoidally on the cell index. In this case, there
were subsets of cells with weaker and stronger drive,
but without a sharp threshold between the subsets. For
both types of drives, we assumed that pyramidal cells
were located closely enough to share the same pool of
interneurons.

Our simulations were carried out in a large network
(1,000 pyramidal cells and 300 interneurons), in an in-
termediate size network with (128 pyramidal cells and
40 interneurons), and in a small network (16 pyrami-
dal cells and 5 interneurons). Excitatory and inhibitory
conductances were scaled such that the total synaptic
current from each cell remained the same when the
population fired synchronously. Such scaling creates a
region of phase space for the large network in which
the dynamics are expected to be the same as for the
smaller networks (which can be considered a lumped
version of the large network). In spite of using ran-
dom initial conditions, we never found behavior for
the large network not displayed by the medium-size or
small network; in the absence of noise, our simulations
gave the same results for all networks. Consequently,
our results did not depend on having a large number
of cells. Simulations with noise were carried out only
for the large network, since the smaller networks have
too few cells to allow adequate statistical behavior. All
simulations are shown with the large network unless
explicitly stated in the figure captions.
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The gamma rhythm was modeled using a network of
fast-spiking interneurons and pyramidal cells. The cur-
rents and synaptic connections were based on studies
in hippocampal slices (Traub et al., 1999b; Whittington
et al., 1997). The beta rhythm was obtained by ac-
tivating recurrent excitatory connections and a slow
outward afterhyperpolarization current (Kopell et al.,
2000; Traub et al., 1999b). This and other slow outward
(potassium) currents are suppressed during the gamma
rhythm by metabotropic activation resulting from the
tetanic stimulation (Whittington et al., 2000). The re-
current excitatory connections activated during the beta
rhythm has been shown to potentiate as a result of syn-
chrony during the gamma rhythm (Whittington et al.,
1997). As in related earlier work (Kopell et al., 2000),
the collection of slow currents was modeled, for sim-
plicity, as a voltage dependent M-current with an appro-
priate decay time. Such an M-current has been found
in both hippocampal slice preparations and in neo-
cortex (Halliwell and Adams, 1982; Halliwell, 1982),
along with other slowly decaying potassium currents.
However, previous mathematical analysis (Kopell
et al., 2000) and related large-scale simulations (Traub
et al., 1996a; Traub et al., 1999b) suggest that other
details are not critical to the gamma and beta network
oscillations seen experimentally.

Interneurons and pyramidal cells were modeled by
the Hodgkin-Huxley Eqs. (1) and (2) (Hodgkin and
Huxley, 1952). Both types of neurons were given basic
sodium (Na) and potassium (K) spiking currents, a leak
current (L), and an applied current (Appl). These are
the only currents required to obtain a gamma rhythm.
During the gamma rhythm there were active E–I , I –I ,
and I –E synaptic connections. To get the gamma to
beta transition, the M-current (M) and recurrent exci-
tatory (E–E) connections were activated in the pyra-
midal cells. During the gamma to beta transition, the
activation was ramped up linearly from zero over a fixed
interval of time (from 100 to 200 ms), mimicking the
recovery of the M-current from metabotropic suppres-
sion and the potentiation of recurrent excitation during
the gamma period. The applied current to the pyrami-
dal cells was given a range of values varying almost
twofold (from 4.25 to 8.0 µA/cm2), while the applied
current to the interneurons was constant (1.3 µA/cm2).
The sigmoidal distribution of the applied current was
modeled as

I = Imi − Ima

1 + α
(

i−1
NE/2

)r + Imi,

where Imi = 4.25 and µA/cm2, Ima = 8.0 µA/cm2

were the minimal and maximal input currents, NE was
the number of pyramidal cells, i = 0, 1, . . . , NE −
1, r = 2, 4, 7, α = (Imi − a)/(a − Ima), where a =
c(Imi + Ima), and c was chosen such that the mean drive
remained fixed at 6.125 µA/cm2. For the sigmoids in
Fig. 6A, c = 0.494, 0.552, 0.582. The linear drive dis-
tribution followed the cell index—that is,

I = i
Ima − Imi

NE − 1
+ Imi,

where i = 0, 1, . . . , NE − 1 is the cell index. The
applied current to the interneurons was constant
(1.3 µA/cm2); hence they can be lumped into a single
unit. The excitatory synapses were modeled as AMPA-
mediated, and the inhibitory synapses were modeled as
GABAA mediated.

For the pyramidal cells, the current balance equation
is

c
dv j

dt
= −[

gNah j m
3
j (v j − ENa) + gK n4

j (v j − EK )

+ gMw j (v j − Em) + gL (v j − EL )

+ gIE(sIE) j (v j − EIE)

+ gEE(sEE) j (v j − EEE)
] + IAppl, (1)

where j = 0, . . . , NE, v j is the voltage, c is the mem-
brane capacity (1 µF), EIE and EEE are the reversal
potentials, and IAppl is the applied current. The vari-
ables gNa, gk , gM , and gL are the maximal ionic con-
ductances, and the variables h, m, n, and w represent
the gating of the channels. The variables gIE and gEE

are the maximal synaptic conductances, while sIE and
sEE represent the synaptic kinetics of the I –E and E–E
connections.

For the interneurons, the current balance equation is

c
dv j

dt
= −[

gNah j m
3
j (v j − ENa) + gK n4

j (v j − EK )

+ gL (v j − EL ) + gII(sII) j (v j − EII)

+ gEI(sEI) j (v j − EEI)
] + IAppl, (2)

where j = 0, . . . , NI and NI is the number of interneu-
rons. The variables representing the voltage, reversal
potentials, and ionic and applied currents are the same
as above. The variables gEI and gII are the maximal
conductances, and the variables sEI and sII represent
the synaptic kinetics of the E–I and I –I connections.
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The gating equations are

dx j

dt
= ax (v j )(1 − x j ) − bx (v j )x j ,

where x = m, h, n. For the M-current, the gating
equation is

dw j

dt
= w∞ − w j (v j )

τ (v j )
.

The synaptic kinetics are described by

(sEE) j =
NE−1∑

k=0

sEk E j , (sIE) j =
NI−1∑

k=0

sIk E j ,

(SEI) j =
NE−1∑

k=0

sEk I j , (sII) j =
NI−1∑

k=0

sIk I j ,

where

dsEk R j

dt
= gE (v j )

(
1 − sEk R j

) − sEk R j

τ1
, (3)

dsIk R j

dt
= gI (vk)

(
1 − sIk R j

) − sIk R j

τ2
, (4)

and τ1 = 2, τ2 = 10.

Equation (3) describes synapses from E-cell k to
R j = E j , I j depending on the postsynaptic cell, while
Eq. (4) describes synapses from I -cell k to R j = E j , I j .
Finally,

am(v j ) = 0.32(v j + 54)

1 − exp(−(v j + 54)/4)
,

bm(v j ) = 0.28(v j + 27)

exp((v j + 27)/5) − 1
,

ah(v j ) = 0.128 exp(−(v j + 50)/18),

bh(v j ) = 4

1 + exp(−(v j + 27)/5)
,

an(v j ) = 0.032(v j + 52)

1 − exp(−(v j + 52)/5)
,

bn(v j ) = 0.5 exp(−(v j + 57)/40),

w∞(v j ) = 1

1 + exp(−(v j + 35)/10)
,

τ (v j ) = 400

3.3 exp((v j + 35)/20) + exp(−(v j + 35)/20)
,

and

gE (v j ) = 5(1 + tanh(v j/4)),

gI (v j ) = 2(1 + tanh(v j/4)).

The total synaptic strength was kept constant as the
network size was changed by normalizing the individ-
ual synaptic conductances relative to the size of the
network. Connections originating from the pyramidal
cells were scaled by the total number of presynaptic
pryamidal cells participating in the connection and con-
nections originating from the interneurons were scaled
by the number of interneurons. The total intrinsic and
synaptic conductances and reversal potentials for all
ions and synapses are shown in Table 1. The kinetics
of the M-current is based on earlier work by Crook
et al. (1997, 1998), and the remaining equations and
parameters are from Ermentrout and Kopell (1998).

To verify the robustness of our simulations, white
noise was added independently to the applied currents
of all pyramidal cells and interneurons. Each noisy ap-
plied current had the form

IAppln = IAppl + ση(t).

Here IAppl is the time-independent input from Eqs. (1)
and (2), η(t) is the noise spread, chosen as a Gaussian-
distributed random sequence with zero mean and unit
half-width, and σ = σ0

√
�t , where σ0 is a constant

noise amplitude and �t is the integration step-size. The
noise amplitudes were chosen as σ = 2, 4, 6 µA/cm2.
σ = 2 represents the scaled network with a low
level of noise about half the spread in the excitatory
drive, σ = 4 µA/cm2 represents a noise level that is
comparable to the spread in the excitatory drive, and

Table 1. Maximal conductances (mS/cm2) and reversal potentials
for the intrinsic and synaptic currents within each cell. The total
synaptic conductance is the sum of all the synaptic conductances from
a given cell; e.g., in a network with five I -cells, the maximal conduc-
tance from each I -cell to any E-cell will be gIE = 1.00/5 mS/cm2.

Intrinsic Synaptic

Reversal Total Reversal
Conductance potential conductance potential

mS/cm2 mV mS/cm2 mV

gNa 100.0 ENa 50 gIE 1.00 EIE −80

gK 80.0 EK −100 gEE 0.50 EEE 0

gM 1.0 EM −100 gII 0.25 EII −80

gL 0.1 EL −67 gEI 0.30 EEI 0
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σ = 6 µA/cm2 represents a noise level that is approxi-
mately 1.5 times the spread in the excitatory drive. Note
that in this noisy simulation, the interneurons received
independent noisy perturbations and hence could not be
lumped into a single unit. As mentioned earlier, these
simulations were done only with the large network.

All simulations were carried out on Unix worksta-
tions, using a C/C++ implementation of the fourth-
order Runge-Kutta method for solving the Hodgkin-
Huxley equations.

2.2. Experimental Methods

Transverse hippocampal slices (450 micrometers thick)
were prepared from male Sprague-Dawley rats (200–
250 g) following anesthesia (enflurane) and cervical
dislocation. Slices were maintained in an interface
chamber and perfused with artificial cerebrospinal fluid
(ACSF) containing (in mM): NaCl 135, NaHCO3 18,
KCl 3, CaCl2 2, NaH2PO4 1.25, MgCl2 1, D-Glucose
10, equilibrated with 95%O2/5%CO2 pH 7.2 at
33–35 C. Oscillations were generated by paired tetanic
stimuli (8 pulses at 100 Hz, 30–50 V) delivered to two
sites in distal stratum radiatum separated by 0.7–1 mm.
(For such a separation, conductance delays are at most
a few ms.) Stratum pyramidale field potentials were
recorded with glass micropipettes filled with 2 M NaCl
with the same range of distances between recording
sites as above. Note that the distance between sites
in the present experiments is smaller than that used
previously to examine “long-range” synchrony (e.g.,
Whittington et al., 1995), as both populations of pyra-
midal cells needed to be driven by a synchronous,
inhibition-based oscillation. Pairs of posttetanic oscil-
lations were recorded from area CA1 in five slices. In
each case, following control recordings, the degree of
excitability of one site was weakened immediately fol-
lowing the tetanic stimulation by pressure ejection of
ACSF with composition as above but with no potassium
ions present.

3. Results

3.1. Gamma and Beta Rhythms: Creation,
Modulation, and Temporal Separation
of Thresholds

We present two principal results. First, in a network
with heterogeneous drive to the pyramidal cells and
parameters appropriate to displaying a gamma rhythm,
pyramidal cells are partitioned into two groups—those

that are participating in a nearly synchronous cell as-
sembly and those that are completely suppressed (see
Traub et al., 1997), for related work on suppression of
pyramidal cells). We show that such a partition does
not occur if the network has parameters appropriate for
displaying a beta rhythm.

Second, a network displaying a beta rhythm is able
to create a temporal separation between the two groups
obtained during the gamma rhythm. This separation re-
quires Hebbian preprocessing during a prior interval in
which the network displays a gamma rhythm. We adopt
the hypothesis that pyramidal cells exhibit short-term
plasticity that strengthens recurrent excitation among
cells participating in the gamma rhythm and weakens
synapses to the interneurons from the cells suppressed
during the gamma rhythm. Experimental evidence re-
lated to this hypothesis can be found in Traub et al.
(1999b) and Whittington et al. (1997). Fig. 1A shows
the network displaying the participating and suppressed
cells and Fig. 1B shows the network after Hebbian
modification.

During the beta rhythm, those pyramidal cells with
a drive above some threshold fire together in the same
cycles of the interneuronal rhythm, while the less acti-
vated cells fire less often and in cycles missed by the
more activated cells. This temporal separation occurs
even in the presence of significant levels of noise. It is
based on subtle points of timing of the interneurons,
and in the next section we give an explanation of how
it works.

Figure 1. A diagram the partition of E-cells into two groups during
the gamma rhythm—participating cells (EP ) and suppressed cells
(ES). B shows the synaptic modifications that lead to the temporal
separation between the two groups during beta. Recurrent excita-
tory connections are activated among the EP -cells and the ES–I
connections (dashed line) are weakened.
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The most obvious prediction from our modeling is
that, during the beta rhythm, the more activated cells
produce a field potential whose peaks differ from those
of the less activated cells by a multiple of a gamma pe-
riod. This can be tested experimentally, and we present
results showing that such a separation can occur in the
hippocampus.

3.1.1. Networks Displaying a Gamma Rhythm Create
Thresholds for Participation in Cell Assemblies.
Figure 2 illustrates the basic threshold phenomenon,
using an applied current from 4.25 to 8.00 µA/cm2 in-
creasing uniformly with the cell index. The pyramidal
cells with the strongest drive participate in a gamma
rhythm, spiking once on every cycle with a frequency
of 71 Hz. We designate these cells participating cells
(EP -cells). The pyramidal cells with a weaker drive are
suppressed and these we designate ES-cells. Finally, a
very small number of cells (less than 5%) are partially
suppressed.

The boundary between the EP - and the ES-cells
can be modulated by changing the average applied
current to either the interneurons or the pyramidal
cells. Increasing the applied current to the interneu-
rons by 100% (from 1.0 to 2.0 µA/cm2) increases the
number of suppressed cells from 33% to 48% (for a
simulation with 128 E-cells, see Table 2), and increas-
ing the mean applied current to the E-cells by 100%
(from 3.75–7.5 µA/cm2) decreases the number of sup-
pressed cells from 53% to 33% (again for a simula-
tion with 128 E-cells, see Table 3). Similar effects can
be obtained by changing synaptic conductances (see
Tables 2 and 3). For example, increasing the I –I con-
ductance effectively decreases the drive to the I -cells
and hence the number of suppressed cells. An expla-
nation of these phenomena is given in the section on
timing.

Changing the relative amount of heterogeneity of
the drive (keeping the mean drive constant but varying
the upper and lower bounds of the drive) also modu-
lates the proportion of EP - and ES-cells. In a network
with low levels of heterogeneity, all pyramidal cells fire
in every cycle. Adding heterogeneity using uniformly
spread drives but keeping the mean drive fixed increases
the frequency and separates the pyramidal cells into the
two groups (EP and ES) with the boundary dependent
on the amount of heterogeneity (data not shown).

3.1.2. Activating the M-Current Destroys Threshold.
Figure 3A shows the firing of the pyramidal cells when

Figure 2. Partition of the network into participating cells (EP -cells)
and suppressed cells (ES-cells). A shows a suppressed cell, B shows
a partially suppressed cell, and C shows two participating cells that
fire in every cycle. Note that there is a 4 ms delay between the onset
of firing of the strongest and weakest driven EP -cells (denoted by a
solid and a dotted line) in C. The firing frequency of the interneurons
and the EP -cells is 71 Hz.

the slow outward M-current is added, ramped up lin-
early during 100 ms (from 100 to 200 ms). For the
ES-cells, there is no activity during the gamma rhythm
(from 0 to 100 ms) while the EP -cells fire in every
cycle. During the transition from the gamma to the beta
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Table 2. Parameter variations for input to the I -cells in the gamma regime. The data shown in the table are for a network with 128 E-cells and
40 I -cells. The table shows that increasing the excitation to the interneurons (increasing the drive to the I -cells, the E–I coupling, or decreasing
the I –I coupling) leads to higher frequencies and more suppressed cells. The first column displays effects of modulation of tonic drive to I -cells,
the second, excitatory drive to I -cells, and the third inhibitory drive to I -cells.

Tonic drive to I -cells Excitatory synaptic drive to I -cells Inhibitory synaptic drive to I -cells

ES-cells EPS-cells EP -cells ES-cells EPS-cells EP -cells ES-cells EPS-cells EP -cells
I-drive Frequency (%) (%) (%) E–I Frequency (%) (%) (%) I –I Frequency (%) (%) (%)

0.0 63.0 18.0 1.6 80.4 0.1 58.8 7.0 0.8 92.2 0.0 72.7 43.0 3.1 53.9

0.2 64.1 21.1 1.6 77.3 0.3 70.4 37.5 2.3 60.2 0.1 73.2 43.8 3.1 53.1

0.4 65.3 24.2 1.6 74.2 0.5 75.0 48.4 3.1 48.5 0.3 70.4 37.5 2.3 60.2

0.6 66.4 27.3 1.6 71.1 0.7 77.6 54.7 3.9 41.4 0.4 68.0 31.3 1.6 67.2

0.8 67.5 30.4 1.6 68.0 0.9 79.5 59.4 4.7 35.9 0.6 65.1 23.4 1.6 75.0

1.0 68.7 32.8 2.3 64.9 1.1 80.1 60.2 4.7 35.1 0.8 62.5 16.4 1.6 82.0

1.2 69.8 35.9 2.3 61.8

1.3 70.4 37.5 2.3 60.2

1.4 71.0 39.1 1.6 59.3

1.6 72.2 41.4 2.3 56.3

1.8 73.2 44.5 2.3 53.2

2.0 74.6 47.7 3.1 49.2

2.2 76.0 50.8 3.1 46.1

2.4 77.5 53.9 4.7 41.4

Table 3. Parameter variations for input to the E-cells in the gamma regime. The data shown in the table are for a network with 128 E-cells
and 40 I -cells. The table shows that increasing the excitation to the pyramidal cells (increasing the drive to the E-cells or decreasing the I –E
coupling) leads to higher frequencies but fewer suppressed cells.

Tonic drive to E-cells Inhibitory synaptic drive to E-cells

E-drive Frequency ES-cells (%) EPS-cells (%) EP -cells (%) I –E Frequency ES-cells (%) EPS-cells (%) EP -cells (%)

4.125 55.2 50.8 0.8 48.4 0.6 93.7 15.6 3.1 81.3

4.875 61.0 46.2 0.8 53.0 0.8 79.8 29.7 2.3 68.0

5.625 66.9 41.4 1.6 57.0 1.0 70.4 37.5 2.3 60.2

6.125 70.4 37.5 2.3 60.2 1.2 63.9 41.4 1.6 57.0

6.375 72.8 38.2 1.6 60.2 1.4 59.2 44.5 1.6 53.9

7.125 78.6 34.4 3.1 62.5 1.6 55.6 46.8 1.6 51.6

7.875 84.6 31.3 3.9 64.8 1.8 52.8 50.0 0.8 49.2

8.625 90.6 28.9 3.9 67.2 2.0 50.6 52.3 0.0 47.7

rhythm (from 100 to 200 ms), the activity of the E-cells
almost disappears. This phenomenon has also been ob-
served in experiments in hippocampal CA1 (Faulkner
et al., 1999). After the M-current is ramped up, both
EP - and ES-cells fire with frequencies in the beta range.
Note that adding the slow outward current allows pyra-
midal cells suppressed during the gamma rhythm to
fire occasionally. Each cell fires during a fraction of
the cycles, but the cells do not all fire on the same
subharmonics of the interneuronal rhythm. Neverthe-

less, on every cycle a significant fraction of the cells
fire. The population therefore displays a gamma rhythm
(see Fig. 3B). Thus, there is no well-defined cell assem-
bly once the adaptation current is involved, and there
is also no population beta rhythm.

3.1.3. Activating the M-Current and Recurrent
Excitatory Connections Creates a Beta Rhythm.
The excitatory postsynaptic potentials (EPSPs) that are
observed in pyramidal cells during the beta rhythm
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Figure 3. When the M-current is added to the pyramidal cells
(ramped up from 100 to 200 ms) the network exhibits a popula-
tion gamma rhythm. A shows the cycles on which the pyramidal
cells fire. This is shown as a raster plot of E-cells (cells 0 to 1000)
and I -cells (cells 1000 to 1300) activity as a function of time. The
E-cells are labeled with increasing drive, such that E-cell 0 has the
lowest drive and E-cell 1000 has the highest drive. Since this sim-
ulation does not include noise, the I -cells all have the same drive
so the labeling for these cells has no significance. The same organi-
zation has been used in Figs. 4–9. The E-cells are partitioned into
ES-cells (0 to 323), partially suppressed cells (324 to 400, the cells
between the two horizontal lines), and EP -cells (401 to 1000). B
shows the population gamma rhythm. This graph is obtained by su-
perimposing the activity of the EP -cells. Note that the frequency of
the population gamma rhythm (as seen in B and by the frequency of
the EI -cells) decreases from 71 Hz to 44 Hz when the M-current is
added.

are believed to depend on prior synchrony during the
gamma rhythm; manipulations that reduce this syn-
chrony also reduce or destroy the formation of the
EPSPs (Faulkner et al., 1999; Traub et al., 1999b;
Whittington et al., 1997). Thus, it is reasonable to hy-
pothesize that only those pyramidal cells that partic-
ipate in the gamma rhythm exhibit increases in the
strength of their mutually excitatory synapses.

Figure 4. When recurrent excitatory connections among EP -cells
are added, the network displays a beat-skipping beta rhythm with a
weak temporal separation between EP - and ES-cells.

Figure 4 shows that a population beta rhythm with
a weak temporal separation is obtained by simul-
taneously ramping up the M-current and recurrent
excitatory connections among the EP -cells. Activat-
ing connections only among the EP -cells results in
a beat-skipping beta rhythm; the EP -cells fire syn-
chronously on every other cycle, whereas the ES-cells
fire much more infrequently and irregularly. Some of
the active ES-cells show a preference for firing in
antiphase to the beat-skipping beta rhythm, thus cre-
ating a weak temporal separation between EP - and
ES-cells.

The restriction of E–E connections to EP -cells is
crucial. If recurrent excitatory connections are added
among all pyramidal cells, both ES-cells and EP -cells
fire in a beat-skipping beta rhythm, with all cells firing
on the same cycles of the interneuronal rhythm (data
not shown).

3.1.4. Further Hebbian Modifications Create a
Temporal Separation Between EP - and ES-Cells.
Activation of recurrent excitatory connections among
EP -cells along with Hebbian modification of the ES–I
connections gives the network shown in Fig. 1B. The
latter modification used in this article is a decrease in
conductance of the E–I synapses from the ES-cells to
the interneurons, while the E–I conductances from the
EP -cells is kept constant. This change results in well-
defined cell assemblies in which the EP -cells display a
beat-skipping beta rhythm and the ES-cells fire mainly
in antiphase to the beat-skipping rhythm (see Fig. 5A):
ES-cells with a weaker drive are more likely to fire in
antiphase, while ES-cells close to the EP -cell boundary
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Figure 5. When recurrent excitation is introduced only among EP -
cells and the ES–I connections are weakened, the network displays
a somewhat better temporal separation, with the EP -cells display-
ing a beat-skipping beta rhythm and the ES-cells firing preferen-
tially during off-beat cycles. A shows the cycles on which pyramidal
cells and interneurons fire and B shows a superposition of the firing
EP -cells.

sometimes fire during the same cycles as the EP -cells.
Note that ES-cells fire less frequently than the EP -cells,
so that a model field potential reflecting the activity of
the former would be smaller than one reflecting the ac-
tivity of the latter. Comparing the results in Figs. 4 and
5A shows that reducing the ES–I connections creates
a better separation. Without the reduction of the ES–
I connections (see Fig. 4), approximately 50% of the
ES-cells fire in antiphase with the EP -cells, while after
the reduction approximately 85% fire in antiphase with
the EP -cells.

Note also that the synchrony of the beta rhythm is
more precise than that of the gamma rhythm both in
experiments (Faulkner et al., 1999; Whittington et al.,
1997) and in our model. During the gamma rhythm,
our model has a 4 ms delay (see Fig. 2) between firing
of the EP -cell with the strongest drive and the one with

the weakest drive, but during the beta rhythm that delay
is reduced to 1.85 ms. Figure 5B displays the firing of
the EP -cells.

Changing the I –E synaptic strength does not sig-
nificantly change the ability of the network to create
thresholds during the beta rhythm (data not shown).
Similarly, changing the E–I conductance uniformly
for all the pyramidal cells does not help to create a
threshold (data not shown).

All of the previous simulations used an applied cur-
rent to the pyramidal cells that varied uniformly among
the cells. If the drive is changed to vary sigmoidally,
and hence some structure is added to the input, even a
relatively small departure from uniform variance (e.g.,
sig 1 in Fig. 6) leads to a sharp threshold with all ES-
cells firing in antiphase to the EP -cells. With a large
sigmoidal bias (sig 3 in Fig. 6), it is no longer necessary
to weaken ES–I in order to obtain a temporal separa-
tion during the beta rhythm, compare panels E and F
in Fig. 6F.

Changing the mean drive either by shifting the sig-
moids up or down (data not shown) or left and right
(see Fig. 7) does not significantly affect the network’s
ability to create well-defined temporal cell assem-
blies. Increasing the mean drive from 5.887 µA/cm2

to 6.215 µA/cm2 (Fig. 7, panels B and C) increases the
number of EP -cells by 65, while decreasing the mean
drive from 5.887 µA/cm2 to 5.574 µA/cm2 (Fig. 7,
panels B and D) decreases the number of EP -cells by
59. If the sigmoids are shifted up by a constant (of ap-
proximately 0.5 µA/cm2) such that the maximum drive
becomes 8.5 µA/cm2 and the minimum drive becomes
4.75 µA/cm2, the firing pattern changes, and EP -cells
with higher drives start to fire on every cycle of the un-
derlying interneuronal rhythm. Similarly, if the drives
are shifted down by the same amount, the ES-cells will
remain suppressed during beta (instead of firing in an-
tiphase with the EP -cells).

Other parameter changes modifying the excitatory
input to the E-cells (e.g., increasing the E–E coupling
or decreasing the I –E coupling) give similar results.
In summary, the above results show that changing the
mean of the drive to the E-cells modulates the limit be-
tween participating and suppressed cells, while intro-
ducing a sigmoidal bias increases the network’s ability
to form a temporal separation. The reason that the sig-
moids result in a better temporal separation is explained
in the section on how the temporal separation work.

As for the gamma simulations, we also need to study
the effect of changing the input to the I -cells. This can
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Figure 6. When the distribution of drives applied to the pyramidal cells is changed from linear to sigmoidal, the threshold between EP - and
ES-cells is sharpened. Panels B to F show the behavior of the network using the drives shown in panel A. Note that even a mild sigmoidal bias
(sig 1) leads to an almost perfect temporal separation. In addition, note that for the strong sigmoid (sig 3) it is not necessary to reduce ES–I
coupling to get a perfect temporal separation.

be done either by changing the drive to the I -cells or
by changing the I –I or the E–I coupling strength. As
in gamma, we see the same result for either of these
changes. Therefore, we have shown only the effect of
changing the drive to the I -cells.

In Fig. 8, we show that increasing the I -cell drive
from 1.3 µA/cm2 (panel B) to 1.45 (panel C) µA/cm2

increases the amount of inhibition in the network, and
as a result fewer ES-cells are able to fire. However, the
high level of inhibition makes the ES-cells fire during
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Figure 7. When the mean drive is changed by changing the sigmoids to the left and right, the number of suppressed cells is changed. An
increased mean drive (panel C) results in fewer suppressed cells while a decreased mean drive (panel D) results in more suppressed cells. The
sigmoid (sig 2) shown on this figure is the same as the one shown in Fig. 6.

the same cycles as the EP -cells. The reason for this
is explained in the section on how the temporal sep-
aration work. If instead the I -cell drive is decreased
from 1.30 µA/cm2 (panel B) to 1.15 µA/cm2 (panel A),
more ES-cells are able to fire. The decreased amount
of inhibition also affects the firing of the EP -cells such
that the highest driven cells fire on almost every cycle.
For both increased and decreased drive to the I -cells,
there is separation between participating and supressed
cells.

3.1.5. The Temporal Separation is Robust to Noise.
The addition of noise leads to minor changes in the net-
work behavior. In the simulation shown in Fig. 9, the av-
erage frequency of the interneurons is essentially the
same, but there is an increase in the number of partially
suppressed pyramidal cells. These results are easy to
explain. If a given E-cell has a nonnoisy input below or

close to the threshold, noise allows it to reach threshold
occasionally, thus firing when it would not fire under
nonnoisy conditions. This changes some suppressed
cells into partially suppressed ones, thus increasing
the number of the latter. Similarly, a participating cell
close to threshold may sometimes be suppressed by
the noise, decreasing the number of EP -cells and thus
further increasing the number of partially suppressed
cells.

Figure 9 shows that, at all levels of noise, a tem-
poral separation is created, as in the nonnoisy case.
However, the noise does have some effect on the firing
patterns. Adding a moderate amount of noise spreads
out the firing of the I -cells, but the E-cells keep fir-
ing mainly during the off-beat cycles (compare top and
middle rows on Fig. 9). At the highest level of noise
(σ = 6 µA/cm2) (bottom row on Fig. 9), the interneu-
rons are less coherent but still exhibit a distinct gamma
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Figure 8. When the inhibition is increased by increasing the drive to
the I -cells is changed from 1.15 to 1.45 µA/cm2, the firing rate of the
pyramidal cells is decreased but the separation between participating
and suppressed pyramidal cells remain almost constant. When the
inhibition is too small, some of the highest driven pyramidal cells
fire on every cycle (panel A), while a high inhibition leads to almost
total suppression of the ES-cells (panel C).

rhythm, sharper during cycles where the E p-cells fire.
The number of gamma cycles missed by the pyrami-
dal cells is larger for σ = 6 µA/cm2 than for σ = 4
µA/cm2, and the ES-cells with the lowest drive are
suppressed during the beta rhythm for σ = 6 µA/cm2.
Finally, the left column of Fig. 9 shows that a high level
of noise (σ = 6 µA/cm2) can actually improve tem-
poral separation, even with a uniformly varying (un-
structured) drive. More specifically, we note that high
levels of noise appear to suppress many of the ES-cells
that participated during the beta rhythm under nonnoisy
conditions. This effect seems to be more pronounced
for cells firing on the same cycles as the EP -cells, so
the global result is a more perfect temporal separation.
Finally, note that even though noise is added both dur-
ing the gamma and the beta rhythms, the noise mainly
affects the network’s behavior during the beta rhythm,
while the behavior during gamma is almost unchanged.
A heuristic explanation of effects of noise is included
in the discussion.

In summary, we found that the network behavior is
robust to the addition of noise. The interneurons be-
come less synchronized as the noise is increased, but
the pyramidal cells remain sharply synchronized. At
the highest level of noise, the number of missed gamma
cycles during the beta rhythm becomes irregular, but a
clear underlying gamma rhythm remains. This behav-
ior is also present in the experimental results described
in the following section.

3.1.6. In Vitro Experiments Corroborates the
Predicted Temporal Separation. Our simulation re-
sults showed that during the gamma rhythm, EP -cells
spike on every cycle, while ES-cells are completely
suppressed. During the beta rhythm, the ES-cells fired,
but on cycles different from those of the EP -cells.
To test these modeling predictions, we used five hip-
pocampal slice preparations with drive to two neigh-
boring sites of CA1. The sites are close enough to one
another that the pyramidal cells share interneurons, a
critical feature of the model network. One of the two
sites was treated with potassium-free ACSF to tran-
siently lower the excitability, mimicking the structured
(sigmoidal) input to the model network, in which neu-
rons were given high or low excitatory inputs. The goal
of the experiment was to determine whether the com-
bined network (both sites, including shared interneu-
rons) responded to the differences in excitability by
creating temporally separated cell assemblies, as in the
simulations.
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Figure 9. Effects of introducing noise in the applied currents to both E- and I -cells. The left column shows simulations with uniformly (i.e.
linear) increasing drives, and the right column shows simulations with sigmoidally increasing drives (sig 2). The top graphs display results with
a low level of noise (σ = 2 µA/cm2), the middle graphs displays results with an intermediate level of noise (σ = 4 µA/cm2), and the bottom
graphs displays results with a high level of noise (σ = 6 µA/cm2).

Control conditions, with equal drive to both sites,
produce a posttetanic response of a gamma rhythm fol-
lowed by a beta rhythm. This is consistent with previ-
ous work using two more separated sites (Whittington
et al., 1997). As shown in Fig. 10 (left panels), the firing
times are synchronous (zero phase lag) between the two
sites for both rhythms, again as expected from previous
work (Whittington et al., 1997). Results for one slice

are shown in Figs. 10A and B; results from the remain-
ing four slices were similar. Cross-correlation results
for all five slices are shown superimposed in Fig. 10C.

A site bias is introduced by pressure ejection of
potassium-free ACSF to one site. A 2 to 4 ms period
of ejection produces a 4.2 ± 0.8 mV hyperpolariza-
tion of pyramidal cell membrane potential at rest. This
hyperpolarization lasted 200 to 400 ms and was thus
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Figure 10. Temporal separation of beta oscillations by regional excitability bias in hippocampal area CA1. A shows concurrently recorded
field potential oscillations at two sites separated by 0.8 mm starting immediately after the tetanic stimulations. Control recordings show both
gamma and beta oscillations. Recordings in the site 2 bias condition show a large reduction in field potential amplitude during gamma activity
and a smaller reduction during the later beta phase. Scale bars 1 mV, 200 ms. B shows expanded potions of the temporal relationship between
gamma and beta oscillations at the two sites. The top trace of each pair is from site 1, and the bottom trace is from site 2. Scale bars 1 mV, 20 ms.
C shows superimposed cross-correlograms between sites 1 and 2 from 5 gamma and beta oscillations in slices in control (left column) and site
2 bias (right column) conditions. Note the continued presence of synchrony at gamma frequencies in the site 2 bias condition but the presence
of a phase lag equivalent to one or two gamma periods during the beta phase.
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absent during the last part of the beta phase. When the
pressure pulse is administered at the end of the tetanic
stimulation, the number of action potentials observed
in the pyramidal cells during the initial gamma rhythm
is markedly reduced. This is reflected in the amplitude
of the population spike component of field potential
recordings (Fig. 10A). The field potential amplitude
during the first 100 ms of oscillations is 1.5 ± 0.4 mV
in control (unbiased sites) and 0.2 ± 0.1 mV following
pressure ejection of potassium-free ACSF.

In the site bias case, as in the control case, the gamma
rhythms are synchronous at the two sites, though very
different in amplitude (see Fig. 10B, right panel). As
predicted by the model, the subsequent beta rhythms
are not synchronous; the field potentials show that the
majority of the pyramidal cells in the site with lower
excitability fire on different underlying gamma cycles
than pyramidal cells in the other site. With on site bias,
beta oscillations were highly synchronous between the
two adjacent sites (for the five samples, the modular
phase difference was 2 ± 1 ms). However, with single
site biasing, the modular phase difference was 27 ±
4 ms for the five samples—approximately one gamma
period.

We note that in Fig. 10A, the number of skipped
gamma cycles per beta cycle is irregular. Thus, the ex-
perimental results resemble most clearly the simulation
with the highest level of noise (see Fig. 9).

The clean temporal separation found in the model
assumes that heterogeneity of the applied currents to
the pyramidal cells remains unchanged during both the
gamma and the beta rhythms. The separation between
the two sites found in the experiment actually occurs
under a weaker condition; the amount of heterogeneity
in the pyramidal cell drives gradually wears off in the
experiment during the beta rhythm. We have not yet
found an experimental paradigm, with the two sites
close enough to share common interneuronal systems,
in which the applied currents remain different during
both the gamma and the beta rhythms, as they may in
an in vivo situation.

3.2. How Does Formation of Cell Assemblies Work?

In the following sections, we first explain how the cell
assemblies are formed during the gamma rhythm and
why changes of parameters are able to modulate the
boundary between EP - and ES-cells. We then explain
why cell assemblies do not form in networks display-
ing a beta rhythm in the absence of synaptic plasticity

during the gamma rhythm. Finally, we explain the most
mysterious phenomenon: why synaptic modification
during gamma facilitates the separation in time be-
tween cells participating in the gamma rhythm and cells
suppressed during the gamma rhythm.

3.2.1. The Gamma Rhythm

Thresholds. The existence of the threshold for partic-
ipation in the cell assembly can be explained from the
biophysical properties of the pyramidal cells and the
control of the network by the interneurons. When in-
terneurons fire, they inhibit pyramidal cells and also re-
ceive inhibition themselves. An interneuron is ready to
fire again when the inihibition has worn off sufficiently
to be counteracted by its tonic excitatory drive. Be-
tween one spike of the interneuron and the next, some
of the pyramidal cells (those with enough drive) are
able to fire before the next bout of inhibition; these are
the pyramidal cells that fire in each succeeding cycle.
There are no slow currents to provide memory that lasts
much beyond one cycle; hence, the pyramidal cells that
are subthreshold in one cycle remain subthreshold in
the succeeding ones. The threshold is fairly sharp; only
very few pyramidal cells are partially suppressed. The
reason why these partially suppressed cells exist is that
the pyramidal cells have a short memory arising from
the fast-decaying delayed rectifier current. Because of
this fast hyperpolarization, the cells that do not fire in
a given cycle have a small comparative advantage over
those cells that do fire. The cells whose drive places
them near (but not over) their firing threshold are able
to spike in the next cycle.

Modulation of Thresholds. Figure 11 illustrates how
increasing mean drive to the interneurons changes the
boundary between EP - and ES-cells. The figure shows
that increasing the drive to the I -cells slightly decreases
the time between two consecutive firings of an interneu-
ron. This happens because the increase in I -cell drive
make them recover faster from inhibition and thus en-
ables them to fire earlier. The figure also shows that the
interval from firing of the interneuron to firing of the
EP -cells with the strongest drive remains almost con-
stant. This happens because the pyramidal cells recover
from inhibition at the same rate, whatever the drive to
the I -cells. As a result of these two effects, the interval
from firing of the EP -cell with the strongest drive to the
next firing of the interneuron is reduced, and it is dur-
ing this interval that the pyramidal cells with a weaker
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Figure 11. Effect on spike timing of increased drive to the I -Cells.
The drive is increased by 100% (from 1.0 µA/cm2 (A) to 2.0 µA/cm2

(B)). The latency between firing of the first pyramidal cell and the
previous interneuron spike remains almost constant (approximately
10.5 ms), but the interval between firing of two interneurons is de-
creased by 1.2 ms (from 14.56 ms (A) to 13.36 ms (B)). For technical
reasons, this figure is generated using the small network, but a similar
figure could be created using the large network.

drive fire. Hence, fewer pyramidal cells are able to fire
before being silenced by the next bout of inhibition
(the number of suppressed cells increases). In addition
to changing the drive to the interneurons, their input
can also be modulated by changing the strength of the
E–I or I –I coupling. The effect of these manipula-
tions are summarized in Table 2. The table represents
change in one parameter while keeping the others at a
base level. There are many other changes that could be
made to show the robustness of our results, but because
of the large number of parameters we are not able to
include all of these in the current article. Changing the
parameters beyond the changes shown in the table gives
rise to new regimes where either the E-cells or the I -
cells start to fire doublets. These parameter regimes are

beyond the scope of this article. Analogous explana-
tions can be given in the case of decreased I –I coupling
or increased E–I coupling.

Figure 12 illustrates how increasing mean drive to
the pyramidal cells changes the boundary between EP -
and ES-cells. In this example, the change in the number
of suppressed cells occurs for a different reason than in
the previous case, where the drive to the interneurons
was increased; it is the effect of increased mean drive
on the separation between E-cell spikes, rather than the
change in timing between two consecutive firings of a
given interneuron or pyramidal cell, that is responsible
for the decrease in the number of suppressed cells. Note
that, with the higher drive, more E-cells fire in a fixed
interval than at the lower frequency, so more are able
to fire before being suppressed by the response to the

Figure 12. Effect on spike timing of increased mean drive to the
E-cells. The mean drive is increased by almost 100% (from 4.25
µA/cm2 (A) to 8.125 µA/cm2 (B)), while the relative variation
around the mean is kept constant. In this case, fewer cells are sup-
pressed. Like Fig. 11, this figure shows results generated by the small
network.
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first E-cell spike. As in the previous paragraph, such
changes can also be obtained by changing the strength
of the I –E coupling (see Table 3).

3.2.2. The Beta Rhythm

Absence of Thresholds. During the gamma rhythm,
there is a sharp threshold between EP - and ES-cells
because there are essentially no memory effects beyond
one cycle. When slowly decaying currents (e.g., the
M-current) are present, as in the beta rhythm, there are
such memory effects. Thus cells that are suppressed
during a given cycle may fire in a later cycle, when the
slow outward current has diminished. As a result, there
is no clean separation of the E-cell population into cell
assemblies.

Origin of Temporal Separation After Plastic Changes
in Synapses. To explain the temporal separation that
occurs during the beta rhythm, two issues must be un-
derstood: why EP -cells all fire at the same cycles and
why ES-cells fire out of phase with the EP -cells. For
clarity in this heuristic discussion, we refer to an “on-
beat” cycle as one that ends with firing of EP -cells
and an “off-beat” cycle as one that ends with firing of
ES-cells (see Fig. 13).

It is easiest to understand the mechanisms involved
in the separation in the case of zero coupling from the
suppressed E-cells to the I -cells. In this case, when
the beta rhythm is established, the underlying interneu-
ronal gamma rhythm is not symmetric. That is, the
off-beat cycle is always longer than the on-beat cycle
(see Fig. 13A). This can be explained because firing of
EP -cells advance the firing of the following interneu-
ron, while firing of ES-cells do not advance (there are
no ES–I connections) the firing of the I -cells (see
Fig. 13A).

Now consider a cycle in which the EP -cells fire at
C0 (see Fig. 13A). The EP -cells display an M-current,
which slows their recovery and prevents them from fir-
ing in the next cycle (at C1). The ES-cells, which do
not fire at C0 and do not display an M-current, may be
ready to fire in this cycle (at C1), and some do. The
mysterious question is why, in the following cycle (at
C2), when both EP - and some ES-cells have recovered
from inhibition, only the EP -cells fire. The answer to
this question lies in the M-current and the differences
in drive that defined the EP - and ES-cells. By the cycle
ending at C2, the M-current originating from the EP -
cells firing at C0 is now almost decayed. The ES-cells

Figure 13. Subtle differences in timing between the off-beat inter-
vals and the on-beat intervals. Without ES–I connections the I –I
interval is 23.12 ms (first interval in A), and with ES–I connections
the I –I interval for the off-beat interval is 22 ms (first interval in
B); hence removing the ES–I connections expands the I –I interval
by 1.12 ms. However, the duration of the on-beat interval remains
constant 22.36 ms (right column). Like Figs. 11 and 12, this figure
shows results generated by the small network.

that fired at C1 are still inhibited by their M-current
at C2, but the ES-cells that did not fire at C1 may be
ready to fire. However, the E-cells that fire first in C2

(EP -cells, by definition) are more excitable and hence
are ready to fire earlier. Once they fire, the resulting
inhibition “steps on” the ES-cells and prevents them
from firing in that cycle. As noted above, the off-beat
cycles (e.g., the cycle ending at C1) are longer than
the on-beat cycles (e.g., the cycle ending at C2), so
ES-cells can fire in those cycles without being sup-
pressed by inhibition before they reach threshold. Fi-
nally, the EP -cells are pulled into the same cycle by
the E–E coupling among them.
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Note that if there is significant coupling from ES-I,
there may not be a difference in the size of the on-
beat and off-beat cycles or they may be reversed in size
(see Fig. 13B). As a result the temporal separation can
be degraded or eliminated. This is the reason that the
decrease in the ES–I coupling is helpful in creating
the separation. However, this regime does not require a
complete absence of ES–I coupling (as in the above ex-
planation); only that the coupling be sufficiently weak.
The further the ES–I is decreased, the longer the dif-
ference between the off- and the on-beat cycles.

The difference in timing between off-beat and on-
beat cycles is what enables the sigmoidal drives to cre-
ate sharper temporal separations. As shown in Table 4,
the sharper sigmoids have a larger difference between
on-beat and off-beat cycles. The data in Table 4 also
explains why it is not necessary to reduce ES-I when
the sigmoid is sharp. For sig 2 and 3, the differences
between on-beat and off-beat cycles remain large even
when ES–I is not reduced. The table also shows that
decreasing the drive to the I -cells sharpens the tempo-

Table 4. The table shows the length of the on-beat and the off-
beat cycles as well as the difference between the two cycles for the
drives used in Figs. 6 to 8. Drives marked with a ∗ correspond to
simulations where ES-I has not been reduced. The table shows that
for the sharper sigmoids and higher mean drives, the length of the
off-beat cycle is significantly longer than the length of the on-beat
cycles. This result corresponds to a more perfect temporal separation
as shown in Figs. 6 to 7. The exception is the increased drive to the
I -cells, where the on-beat cycle is longer than the off-beat cycle.

Modulation of synaptic drive to E-cells

On-beat Off-beat
Drive cycle [ms] cycle [ms] Diff [ms]

lin 22.36 23.12 0.76

lin∗ 22.00 22.36 0.36

sig 1 22.36 23.17 0.81

sig 1∗ 22.33 22.89 0.56

sig 2 22.05 23.39 1.34

sig 2∗ 22.01 23.20 1.19

sig 3 21.80 23.52 1.72

sig 3∗ 21.75 23.34 1.59

Mean 5.574 22.46 23.61 1.15

Mean 5.887 22.26 23.47 1.21

Mean 6.215 22.09 23.30 1.21

I = 1.15 23.79 25.59 1.80

I = 1.3 22.26 23.47 1.21

I = 1.45 22.16 21.28 −0.16

ral separation; the decrease from I = 1.3 µA/cm2 to
I = 1.15 µA/cm2 results in a difference of almost 2 ms
between on-beat cycles and off-beat cycle. The sepa-
ration remains sharp even though some of the EP -cells
with high drives fire on every cycle of the underlying
interneuronal rhythm. However, a similar increase in
drive to the I -cells results in an almost total suppres-
sion of the ES-cells both during the gamma and the
beta rhythms, and the ES-cells that do fire do so during
the on-beat cycle. This can be also be explained from
the “negative” difference between off-beat and on-beat
cycles (the on-beat cycles are longer than the off-beat
cycles). The short off-beat cycles make it almost im-
possible for the ES-cells to recover from inhibition, and
as a result they do not fire in these cycles. During the
on-beat cycles, the firing of the I -cells is mainly con-
trolled by the stronger driven EP -cells, and hence only
very few of the ES-cells are able to fire. As a result,
most of the ES-cells remain suppressed both during
the gamma and the beta rhythms.

In general, we can conclude that the temporal sep-
aration can be found for a wide choice of parameters,
that introducing sigmoidally distributed drives to the
pyramidal cells sharpens the temporal separation, and
that if the sigmoid is sufficiently sharp, it is no longer
necessary to reduce the ES–I coupling. The parameter
change that affected our results the most was the drive
to the interneurons. If the drive to the I -cells is too high,
the ES-cells remain suppressed both during gamma and
beta, and if it is too low, the highest drive EP -cells start
to fire on every cycle. We note, however, that in these
cases there are still well-defined cell-assemblies.

4. Discussion

4.1. Modeling

We have shown that a network displaying a gamma
rhythm can create a sharp partition between cells with
stronger versus weaker levels of drive; the former spike
on every cycle, while the latter remain subthreshold.
This threshold between participating and suppressed
cells is affected by the average drive to the E- and I -
cells and hence also by synaptic conductances. It is in
this sense that a network displaying a gamma rhythm
can “tune” a population, picking out a larger or smaller
subset of cells to fire. Attentional mechanisms that
change the average drive could thereby change the frac-
tion of cells that participate in a cell assembly. When
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the network is provided with ionic currents and recur-
rent excitation appropriate to the beta rhythm, there are
no longer any completely suppressed pyramidal cells.
There is also no temporal separation between the cells
with stronger drive and those with weaker drive.

Synaptic changes associated with Hebbian plastic-
ity alter the network, allowing a temporal separation
between EP - and ES-cells during the beta rhythm. In
a Hebbian manner, the recurrent excitation is strength-
ened among those pyramidal cells that participate in the
gamma rhythm, and the excitation to the interneurons
is weakened from those pyramidal cells that were sup-
pressed in the gamma rhythm. The result is that the cells
suppressed in the gamma rhythm are actively encour-
aged by the network dynamics to fire in different cycles
from those participating in the gamma rhythm. There
is now direct evidence for the increase in E–E connec-
tions in CA1 slices (Traub et al., 1999b; Whittington
et al., 1997). Evidence for decreasing ES–I connec-
tions was obtained in a context in which the postsy-
naptic cells were hyperpolarized (Traub et al., 1999b)
rather than the presynaptic ones as in our model. Our
modeling predicts and explains the off-cycle firing of
pyramidal cells with a weak drive. We give experi-
mental evidence of this predicted temporal separation
in hippocampal slices. Experimental data demonstrate
that interregional phase shifts of one underlying gamma
period can exist in a stable fashion for many periods
of a principal cell population beta oscillation. How-
ever, further experimental work is needed to establish
whether this temporal relationship is brought about by
mechanisms described in this article.

A surprising effect revealed by our modeling is that
the facilitation or disruption of the temporal separation
between EP - and ES-cells during the beta rhythm de-
pends on subtle changes in spike timing. A reduction in
excitation from the cells suppressed during the gamma
rhythm (ES-cells) changes the timing of the intervals
between interneuron spikes by under 1.5 ms; yet this
is enough to make a major difference in the temporal
separation. (See Ermentrout and Kopell, 1998, Jones
et al., 2000, and Kopell et al., 2000, for other examples
of large effects of small changes in timing.) One might
expect noise to abolish an effect based on such tiny
changes, but noise actually strengthens the separation
significantly. The simulations discussed above show
that the effect occurs in large networks but does not de-
pend on having large numbers of cells. It remains to be
investigated how sparse coupling and diversity among
the interneurons might affect the temporal separation.

The modeling work in this article is related most
closely to that of Andrea Bibbig and to a series of pa-
pers by DeLiang Wang and collaborators. The model by
Bibbig (1999, 2000) uses potentiation of I –E synaptic
conductances (instead of activating an slow outward
M-current) and enhanced E–E connections (similar to
our model) to obtain a gamma-to-beta transition. As
in our article, some E–I connections are weakened to
obtain pattern separation. In her simulations, different
groups of neurons are activated during separate epochs
of gamma (with or without beta); if these groups later
on are stimulated simultaneously, they become active
at different phases of an oscillation or oscillate at some-
what different frequencies, creating a separation.

D. L. Wang and colleagues (Liu and Wang, 1999;
Terman and Wang, 1995; Wang and Terman, 1997) in-
vestigated the ability of a collection of cells to segment
a visual scene. As in the current work, oscillators that
fire produce inhibition that suppresses other cells. Also,
as in our preprocessed beta rhythm, excitatory connec-
tions among cells involved in the same assembly are
critical to network behavior. A major difference be-
tween the work reported in these papers and the current
work is the level at which the oscillators are described.
The models of Wang and collaborators deal with re-
laxation oscillators described abstractly, while we use
conductance-based models for spiking cells. The more
detailed description allows us to address questions of
how the particular ionic currents help to determine the
synchronization properties of the network.

Other related modeling literature dealing with stim-
ulus dependent synchrony of oscillations and visual
segmentation is Chawanya et al. (1993), Grannan et al.
(2000), Gray et al. (1989), König and Schillen (1991),
and Sompolinsky and Golomb (1991). A paper using
oscillations for contour extraction is Yen and Finkel
(1997). Related work on formation of distinct syn-
chronously active assemblies occurring in the con-
text of nested theta and gamma rhythms is reported
in Jensen and Lisman (1996a, 1996b). See also Kopell
and Le Masson (1994).

4.2. Functional Implications

The ability of the beta rhythm to maintain a well-
defined cell assembly is significant because of the con-
texts in which this rhythm is found. In neocortical EEG,
beta activity appears to be associated with long-range
coherence in response to sensory stimulation (Classen
et al., 1998; Roelfsema et al., 1997; von Stein et al.,
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1999). Other work suggests that the beta rhythm is asso-
ciated with higher-level processing, which is expected
to involve long-range coordination. For example, beta
EEG activity has been found to accompany successful
feature extraction (Pfurtscheller et al., 1994). Similarly,
in some cognitive tasks, while gamma activity increases
with increased task difficulty, beta activity declines as
features become harder to identify (Gross and Gotman,
1999). There is also evidence that beta oscillations are
associated with selective attention (Gomez et al., 1998)
and that reduced beta activity is associated with poor
feature extraction ability in ADHD patients (Lazzaro
et al., 1998).

Earlier analysis (Kopell et al., 2000) has shown that
the biophysical properties of the beta rhythm are well
matched to the task of long-distance synchronization.
The long decay time of the M-current allows synchro-
nization even in the presence of long conduction de-
lays. Bibbig (1999, 2000) uses Hebbian plasticity to
obtain somewhat longer allowable conductance delays
in the gamma rhythm, though they are smaller than
those obtained in the beta study by Kopell et al. (2000).
Other analysis (Jones et al., 2000) shows that the longer
interval of allowed conduction delays is not due sim-
ply to the longer period of the beta rhythm, since the
still slower alpha rhythm, based on different ionic cur-
rents, does not synchronize well over long distances.
This work is all based on the findings by Traub et al.
(1996b) that spike doublets in I -cells are related to
the ability to synchronize over significant conductance
delays.

Although the functional significance of gamma
and beta rhythms remains controversial, there is a
large body of work (reviewed by Tallon-Baudry and
Bertrand, 1999) demonstrating that the strength of an
induced neocortical gamma rhythm can be modulated
by parameters associated with perceptual and cogni-
tive tasks. Thus, it is important to determine what bio-
physical parameters can influence the size of a gamma-
synchronized cell assembly and to understand at a
mechanistic level how input and modulations during
cognitive tasks can affect synchronization at gamma
frequencies. Sustained oscillatory activity in gamma
and beta bands has been seen in EEG studies in a
delayed-match-to-sample task (Tallon-Baudry et al.,
1998; Tallon-Baudry et al., 1999). The gamma and beta
bands are also prominent in a study of local field poten-
tials and single-unit activity in macaque parietal cortex
during working memory (Pesaran and Andersen, pers.
comm.). Hence, the ability of the gamma rhythm to

facilitate temporal segregation of cell assemblies dur-
ing the beta rhythm is potentially relevant to mecha-
nisms of working memory.

Care must be exercised in comparing data from hip-
pocampus and neocortex and in relating in vitro and in
vivo work. Nevertheless, there are significant and sug-
gestive similarities between in vitro and in vivo find-
ings. For example, beta oscillations in CA1 have been
shown to arise from preceding synchronous gamma ac-
tivity in vitro (Traub et al., 1999b; Whittington et al.,
1997), as is also demonstrated here. Similarly, in neo-
cortical EEG studies in clinical settings (Haenschel
et al., 2000), sensory-induced oscillations include a
period of gamma followed by beta; the latter displays
strong coherence with ongoing underlying gamma ac-
tivity as in the hippocampal slice data. Furthermore,
slice studies show that beta, but not gamma, habitu-
ates to spatially separated stimulation (Doheny et al.,
2000), and a similar habituation is seen in clinical stud-
ies (Haenschel et al., 2000).

It has been shown that preprocessing of sensory sig-
nals by gamma oscillations can occur in the temporal
domain (Joliot et al., 1994; Gray et al., 1989; Müller
et al., 1996). Different phases of a gamma oscillation
can be used to code for features of a sensory input
when they are perceived to be separate, and synchrony
occurs only when different features are similar enough
to be considered parts of a single object. The present
simulations and experimental data demonstrate an ad-
ditional kind of gamma preprocessing, based on dif-
ferent levels of excitatory drive to different subsets
of neurons. Such preprocessing results in a temporal
separation during subsequent beta frequency oscilla-
tions. The “thresholding” effect of gamma oscillations
suggests that gamma can actively segment neuronal
activity induced by the most salient components of a
sensory stimulus from activity induced by less salient
components. Preprocessing of sensory inputs for sub-
sequent beta frequency oscillations may thus perform
an abstraction, reducing the size of the synchronous
cell assembly, so that only those cells coding for the
most salient features of an object transmit their tempo-
ral information (synchrony) to the beta component of
the response.
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