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Supplementary Figure 1.  Error of time estimate using phase prediction.  
Same as in Figure 1D, using the time prediction model via phase rather 
than rate. 
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Supplementary Figure 2

Supplementary Figure 2.  Single trials from the same session of the homecage recordings, 
all sorted according to the best ordering for the average across trials (top left).  Sequential 
activity is not evident on individual trials.
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Supplementary Movie.

A movie of the neural activity as a function of time.  (Top) The activity pattern on the torus resembles a ``bump'' 
at all times.  Neurons are organized in a 50x50 grid, similar to Figure 2A.  White pixels correspond to neurons 
with firing rate exactly 0, while dark blue corresponds to very small, but nonzero, firing rates. (Bottom)  
Tracing the center of the bump (red dot) one can see the trajectory of activity (black curve).  The trial shown here 
is from simulations with the matrix J1, using initial condition A.



Supplementary text for “Cell assembly sequences arising from spike

threshold adaptation keep track of time in the hippocampus”

V.Itskov, C. Curto, E. Pastalkova, G. Buzsáki

Here we describe the models used in the main text in more detail. We have used two different types of
models. The first are time prediction models, which are phenomenological models fit to data and used to
infer time from experimentally recorded neural activity. The purpose of these models is to show that the
sequences observed in the hippocampus have a possible functional role - i.e., they could be used for the
animal to keep track of elapsed time. These models do not reflect a cellular or network mechanism for
either generating the sequences or for extracting temporal information from them in the brain, rather
they show that reliable temporal information is present in the sequential cell assembly activity on a
trial-to-trial basis.

The second type of model is a mechanistic model, showing a simple yet biologically plausible network
mechanism for generating long-lasting, context-dependent, temporally reliable sequences in a recurrent
network such as hippocampus in the absence of structured inputs. We call it the threshold adaptation
model (TAM).

1 The time prediction models

For time prediction only one kind of correct trials was used for each session: ‘right’ or ‘left’ trials were
chosen depending on which kind of trial had the animal making the fewest number of mistakes in the
alternation task. All putative pyramidal cells with average firing rates in the range 0.1Hz ≤ r ≤ 15Hz,
were used in the time prediction models. The models are distinguished by whether they use firing rate
(rate-only model) or theta phase (phase-only model) as the feature of neural activity used to estimate
elapsed time.

1. Each individual spike train was smoothed with a Gaussian of width σ = 0.25s and then binned into
time bins of size 0.5s. This resulted in a time series of rates rk(t) for each k-th cell.

2. For each cell, each time bin was assigned a discrete activity state using one of the following two
rules:

a) Rate-only. For each k-th cell an average maximal firing rate (across trials), rmax
k , was computed.

Then, for each time-bin t, the cell was assigned one of 3 states uk(t) based on the relative firing
rate r̃k(t) = rk(t)/rmax

k as follows: u = 1 if r̃k(t) ≤ 0.05, u = 2 if 0.05 < r̃k(t) ≤ 0.25, and
u = 3 if r̃k(t) > 0.25. The values uk(t) = 1, 2 or 3 represent ‘low’, ‘medium’, of ‘high’ firing
rates, respectively.

b) Phase-only. For each k-th cell and each time bin t the average phase θk(t) of spike times with
respect to the theta oscillation in that time bin was computed. Note that each time bin
contains several periods of theta. For each time bin and each cell one of 4 states uk(t) was
assigned. One state was reserved for having no spikes in that time-bin (u = 0), and the other
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three states (u = 1, 2, or 3) were computed based on the phase θk(t) by dividing the unit circle
into three equal parts.

3. For each individual neuron, k, the following state-based probabilistic model was used for both the
rate-only and phase-only versions of time prediction. The population model assumed that the states
of different neurons are independent from each other, and thus the probability of observing a state
vector u(t) = (u1, .., uN ) at a time-bin t is

Pt(u) =
N∏
k=1

P k
t (uk), where

P k
t (u) = Prob(uk(t) = u), with u = 0, 1, 2, or 3.

The independence is of course an incorrect assumption. However, the prediction based on this
assumption can be no better than that of a model taking correlations into account, and is less
susceptible to overfitting.

4. For each trial, we obtained a time prediction for each time bin as follows. The trial was selected
as a “test set,” with all the other trials serving the role of “training set.” The probabilistic model
Pt(u) was fit on the training set by computing the frequency of each state for each neuron in each
time bin, and using the above product formula to generate from this the probability of observing
a given state vector u. The model was then used on the selected “test set” trial with population
vectors u(t) to obtain a time prediction for each time bin via the maximum-likelihood estimate

t̂(t) = arg maxt′ Pt′(u(t)),

which selects the time t̂(t) at which the population pattern u(t) was most likely to occur. Notice
that the estimates at different times are computed independently of each other since they used only
instantaneous neuronal activity; therefore the inference method we used does not require any kind
of working memory or integration. The time-estimate errors were computed for each time bin as
the average error across trials.

We have chosen to use a model with a few discrete states, rather than analog firing rate values, in order
to reduce overfitting of the probabilistic model. Overfitting could also be avoided using other techniques
such as smoothing in continuous models. We have found that this simple model is sufficient to show
that elapsed time can in principle be inferred by brain structures downstream from the CA1 area of
hippocampus (on behaviorally relevant time scales), but a different model may have served this purpose
equally well.
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2 The threshold-adaptation model (TAM)

Model equations

We model network dynamics using a standard firing rate model, with threshold nonlinearity. At any
point in time, the vector x(t) = (x1(t), ..., xN (t)) represents a population vector of firing rates for each
of N neurons. Another ingredient is the activity-dependent adaptation of the thresholds for each cell,
represented by the dynamic variables h(t) = (h1(t), ..., hN (t)). The model equations are thus:

τm
dxi
dt

= −xi +

 N∑
j=1

Jijxj + Ii − hi


+

, i = 1, . . . , N (1)

τa
dhi
dt

= −hi + cxi, i = 1, . . . , N (2)

where τm and τa are membrane and threshold-adaptation time constants, respectively, J is the matrix of
synaptic weights for the recurrent network, and I = (I1, .., IN ) is a (time-dependent) vector of external
inputs to the considered recurrent network. Here the brackets denote the threshold-linear function

[y]+ =

{
y if y > 0,
0 if y ≤ 0.

The constant c controls the strength of the activity-dependent adaptation, whereas τa determines the
timescale with which the thresholds recover in the absence of the cell’s firing.

The synaptic matrix J : torus architecture with heterogeneity

The neurons in the recurrent network were organized on a two-dimensional sheet, with periodic boundary
conditions yielding a torus-like grid of neurons (N = 502 = 2500 in simulations). Each neuron was indexed
by a location (xi, yi) on this sheet, with the {xi} and {yi} values evenly partitioning the interval [0, 2π]
with periodic boundary condition (0 ≡ 2π.)

The matrix J = J0 +Jhet is the sum of a matrix J0, with perfect torus-like topography, and a matrix
Jhet, which represents heterogeneity of the synaptic weights. By the “perfect torus-like topography” we
mean that the strength of the (symmetric) connection between neurons i and j is purely a function of
their distance on the torus:

J0
ij =

4π2

N
ϕ

(√
(xi − xj)2 + (yi − yj)2

)
,

where ϕ(d) = j0 + j1 cos(d/
√

2) was chosen similar1 to the “ring model” [1], however a wide class of
Mexican-hat-type connectivity functions ϕ(d) may be chosen to yield bump attractor solutions (c.f. [2]).
The parameters j0 and j1 (j0 = −.6, j1 = 1 in simulations) were chosen to to yield recurrent excitation
for nearby neurons, and inhibition for far away neurons on the torus, so that the resulting dynamics of
equation (1) with spatially and temporally constant inputs and thresholds (Ii − hi = const) results in
“bump attractor” dynamics.

The matrix of heterogeneities is constant in time and is drawn from the normal distribution:

Jhet
ij =

ε√
N
nij ,

1One difference is the
√

2, which is added here to compensate for the fact that the longest distance on the torus is
√

2π,
rather than π as it is on the circle.
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where nij ∼ N(0, 1) are independent gaussian-distributed variables with mean 0 and variance 1. The

scaling of N− 1
2 is chosen so that the spectral radius (= ε) of this matrix does not change with finer

and finer discretizations of the torus sheet. Note that due to the scaling by N, the individual matrix
elements Jhet

ij are much larger than J0
ij in the limit of large N ; nevertheless, the correlated structure

of the matrix J0 determines the “bump attractor” dynamics of equation (1). The heterogeneity matrix
Jhet is important not just to avoid fine-tuning of the model, but also for the reliability. By breaking the
symmetry in the two-dimensional sheet of bump attractors, Jhet has the effect of “carving out” out an
irregular trajectory for the movement of the bump; this makes the sequences last longer without repeating
the same neurons.

Simulations with TAM

Here we describe in detail all of the particular choices made in simulations (parameters, noise, synaptic
weight matrix, etc.). In all, we generated 500 simulated data sets, each consisting of a single 20-second
‘trial’ with 2500 neurons. We used 4 different synaptic-weight matrices J0, J1, J2, and J3, where J0 had
perfect torus-like symmetry in the connections, and the others had heterogeneities introduced by the
addition of different ‘noise’ matrices Jhet

ij . For each matrix J l, l = 0, ..., 4, we ran 25 trials for each of 5
different trial-types: 4 trial types were ‘task’ trials with different adaptation initial conditions (tasks A,
B, C, and D), and the fifth trial-type represented ‘homecage’ trials (hc).

Parameters used in simulations

N = 502 = 2500 (number of neurons, in a 50 by 50 grid)

T = 20s (time length for simulations)

τm = 30ms (membrane time constant)

τa = 2s (timescale of the adaptation )

c = 0.5 (adaptation constant, controls ‘ergodicity’ of the trajectory)

J0
ij =

4π2

N

(
j0 + j1 cos

√
1

2
(xi − xj)2 +

1

2
(yi − yj)2

)
, and

J l
ij = J0

ij +
ε√
N
nij , where

ε = 0.5, j0 = −0.6, j1 = 1, and nij ∼ N(0, 1).

Ii(t) = I0 + Inoisei (t) (input noise varies over neurons, time bins, and trials)

I0 = 1 (constant across neurons, time bins, and trials)

Inoisei (t) ∼ N(0, 1)

What changed between trials and trial-types in the ‘task’ conditions

For each choice of matrix J l in the ‘task’ conditions, we simulated trials with initial conditions ‘A’,
‘B’, ‘C’, and ‘D’. The differences in initial conditions are for the adaptation variables only. The initial
conditions ‘A’, ‘B’, ‘C’, and ‘D’ have neurons with adapted thresholds to the left, bottom, right and top
of the initial activity bump, respectively.

Within a fixed matrix choice J l and fixed initial condition, the only aspect of the simulation that
changed from trial to trial was the white noise Inoisei (t). Each neuron was driven by a random input,
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normally distributed with mean 1 and variance 1. The drive was independent across neurons and from
one 1ms-time bin to the next. Each noise instance was re-sampled from the distribution for each trial.

Simulations for the second layer.

In order to investigate if the reliable sequences can be “inherited” by a second layer via random projec-
tions, we have considered a second layer of N2 = 1000 cells that were receiving downstream projections
from the layer with torus-like mexican-hat connectivity having N = 2500 cells (as described above). Each
cell in the second layer was receiving an input from the first layer as well as a noisy unstructured input.
The second layer also had non-specific recurrent inhibition. The dynamics of the second layer are thus
described by the following equations:

τm
dyk
dt

= −yk +

[
N∑
i=1

Mkixi −
N2∑
l=1

yl + Ĩk − gk

]
+

, k = 1, . . . , N2 (3)

τa
dgk
dt

= −gk + cyk, k = 1, . . . , N2. (4)

Here yk(t) are the firing rates of the cells in the second layer, xi(t) are the firing rates in the first layer,
τm and τa are the membrane time-constant and the timescale of the synaptic adaptation respectively
(the same as in the first layer). The synaptic weights Mkl of the projection from the first to the second
layer were chosen to be nonzero with probability p = 0.1, and the nonzero elements were drawn from a
uniform distribution on the unit interval (i.e. 0 ≤Mkl ≤ 1). The input noise Ĩk = Ĩk(t) in the feedforward
synapses was drawn from a Gaussian distribution with zero mean and the same variance as the input
noise Inoisei (t) in the first layer. The second layer was assumed to have the same dynamics of threshold
adaptation (the variables gk(t)) as in the first layer.

The ‘homecage’ condition

There are two differences between our ‘homecage’ condition simulations and the above simulations for
the ‘task’ conditions: (1) On each trial, we randomly selected one of the initial conditions ‘A’, ‘B’, ‘C’, or
‘D’, to reflect the fact that – unlike in the task conditions – the specific initial condition on adaptation
variables in the homecage will vary unpredictably from trial to trial; (2) Instead of having noise inputs
I(t) that are independently sampled on each 1ms time step of the simulation, the noise input to each
neuron is constant over a duration of 125ms (approx. one theta-cycle). This reflects the fact that in
inattentive states, cortical activity often shows higher temporal correlations than in attentive states [3].
These two changes destroyed the sequences produced by the model.
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