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neurons exhibit subthreshold membrane-potential resonances, such
that the largest voltage responses occur at preferred stimulation
frequencies. Because subthreshold resonances are known to influence
the rhythmic activity at the network level, it is vital to understand how
they affect spike generation on the single-cell level. We therefore
investigated both resonant and nonresonant neurons of rat entorhinal
cortex. A minimal resonate-and-fire type model based on measured
physiological parameters captures fundamental properties of neuronal
firing statistics surprisingly well and helps to shed light on the
mechanisms that shape spike patterns: /) subthreshold resonance
together with a spike-induced reset of subthreshold oscillations leads
to spike clustering and 2) spike-induced dynamics influence the fine
structure of interspike interval (ISI) distributions and are responsible
for ISI correlations appearing at higher firing rates (=3 Hz). Both
mechanisms are likely to account for the specific discharge charac-
teristics of various cell types.

INTRODUCTION

An ongoing challenge in neuroscience is to relate large-scale
network phenomena to the properties of single neurons, includ-
ing their subthreshold dynamics. It has been shown that sub-
threshold membrane-potential resonances influence a given
brain area’s ability to sustain rhythmic activity (Buzsdki and
Draguhn 2004; Geisler et al. 2005), which, in turn, underlies
various aspects of perception, memory, and behavior (Buzsaki
2005; Lisman 2005). Recent findings for grid cells in layer II
of the entorhinal cortex (EC) even suggest that there may be a
direct link between the subthreshold dynamics of single neu-
rons and their representation of the sensory environment (Gio-
como et al. 2007). Despite the increasing evidence for the
interplay of single-cell and network dynamics, it is not fully
understood how subthreshold frequency selectivity, as re-
flected in membrane-potential oscillations and subthreshold
resonance, shape spike-discharge patterns in individual neu-
rons. These discharges, however, form the link between single-
cell and network activity and are therefore subject to investi-
gation in our study.

Subthreshold resonances are usually examined by injecting
an oscillatory current into a neuron, while blocking its synaptic
receptors. Intracellular recordings have shown that the voltage
response of most neurons, such as EC pyramidal cells, de-
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creases with increasing frequency of the injected current. The
cell membrane of these neurons, often referred to as nonreso-
nant, therefore acts as a low-pass filter. In contrast, resonant
neurons, such as EC stellate cells (Erchova et al. 2004; Haas
and White 2002), have maximum response amplitudes for
stimuli delivered at higher frequencies. In the last two decades
many examples of resonant neurons have been found, for
example, in the inferior olive (Llinds and Yarom 1986), thal-
amus (Hutcheon et al. 1994), hippocampus (Leung and Yu
1998), and cortex (Gutfreund et al. 1995). These resonant
neurons often show subthreshold membrane potential oscilla-
tions whose frequencies are close to the resonance frequency.

Subthreshold resonance arises from the activation of delayed
membrane currents (as reviewed in Hutcheon and Yarom
2000) and has been shown to influence spiking neural activity
by affecting firing rate, precision of spike timing (Desmaisons
et al. 1999; Haas and White 2002; Schaefer et al. 2006), and
spike clustering (Chen and Shepherd 1997; Desmaisons et al.
1999; Izhikevich et al. 2003; Pedroarena et al. 1999; Wu et al.
2001). Despite these successes, the exact relationship between
subthreshold resonance and spike patterns has not yet been
established. The current study aims to fill this gap.

Our data underscore the close relation between subthreshold
and spiking dynamics, demonstrating that fundamental charac-
teristics of the spike-train statistics in individual neurons can be
deduced from their subthreshold resonance properties. Using a
resonate-and-fire model with parameters directly constrained
by experiments, we quantitatively reproduce the experimen-
tally measured distribution of interspike intervals (ISIs) and
their correlations. Importantly, the model provides a straight-
forward mechanistic explanation for the transition from sub-
threshold dynamics to spike patterns in both resonant and
nonresonant neurons and shows that a spike-induced reset of
the phase of subthreshold oscillations accounts for the ob-
served spike clustering in resonant neurons.

METHODS
Physiological data

Experiments, data acquisition, and data analysis were carried out as
described in Erchova et al. (2004) and Schreiber et al. (2004a). For the
present study, we recorded from 19 neurons (7 stellate, 12 pyramidal)
in rat superficial entorhinal cortex. Each neuron was injected with
hyper- and depolarizing current pulses lasting for 500 ms, 10 s, 20 s,
and 30 s to characterize the cell type and to obtain ISI distributions.
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To study resonance properties, cells were injected with an oscillatory
“ZAP” current of 30-s duration

I(t) = I, + I, sin [2mf(0)1] (1)

whose oscillation frequency increased in time, f(r) = f,,#/2T (Gimbar-
zevsky et al. 1984; Puil et al. 1986). Here, I, denotes the stimulus
amplitude, I, is the injected constant current, 7 is the stimulus
duration, and f,, = 20 Hz is the maximum stimulus frequency.

The true membrane potential of all recorded cells was verified at the
end of each recording session. The cell-voltage offset was measured
after the electrode was gently pulled out of the cell and cleaned from
the attached membrane. All recordings were then corrected by the
value of this offset.

Resonate-and-fire model

SUBTHRESHOLD REGIME. To describe subthreshold dynamics we
use an extension of an electrical circuit model that has previously been
successfully used to capture the frequency-dependent subthreshold
dynamics in stellate and pyramidal cells of the EC (Erchova et al.
2004; Schreiber et al. 2004a). In the circuit interpretation, the original
model consists of two parallel branches (Fig. 1A). The first branch is
characterized by a conductance g in parallel with a capacitance C and
mimics the integrative properties of a leaky integrator. The second
branch consists of a resistance R, in series with an inductance L and
captures the response properties of delayed rectifying currents.

In the present study, we model the dynamics driven by cell-intrinsic
noise. Because synaptic transmission was blocked, the dominant
intrinsic noise source was channel noise (Manwani and Koch 1999;
White et al. 2000). Accordingly, the conductance becomes a time-
dependent quantity g(¢) whose dynamics we describe by an additional
stochastic differential equation (Fig. 14). This equation captures the
dynamics of a population of ion channels that open and close inde-
pendently and with constant rates. Although the stochastic conduc-
tance g(f) creates multiplicative noise, the full three-dimensional
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model can be reduced to a two-dimensional dynamical system with an
additive noise term §&(r). This simplification (derived in Ve-
rechtchaguina et al. 2007) is possible because the correlation time of
conductance fluctuations (<<1 ms; see White et al. 1998) is much
smaller than the dominant timescale of the subthreshold voltage
dynamics (10—-100 ms). The membrane potential V(7) thus evolves
according to

&V dvi dI
dtz(t) + yTit) + 8V(t) = §[RI(1) + V] + % + \/ﬁé(t)

(2)

Here, I(7) represents the time-dependent input current and &(7) is white
Gaussian noise (&), = 0, (&t + t)&(t")), = 8(r)) where 8(7) is
Dirac’s function.

In the model, each cell is characterized by its membrane capacity C,
resting membrane potential V,, membrane input resistance R, and
intrinsic noise intensity D. Resonance properties are described by two
additional parameters, vy and 6. In terms of damped harmonic oscil-
lators, y/C represents the effective damping coefficient and
(1727)V 8/C is the effective eigenfrequency. The relationship between
the parameters of the circuit model and the parameters V,, R, y, and
6 used here is summarized in Fig. 1A.

In the noise-free model (D = 0), stimulation with a short current
pulse results in a damped subthreshold oscillation when y < 2V/8C
(underdamped regime). The frequency of the resulting oscillation is
fowe = Q2w = (112m)VSC — ¥*/4/C and the amplitude decays
exponentially with a time constant #,,, = 2C/y. For y > 2V/8C
(overdamped regime), the voltage V relaxes monotonically to the
resting potential. Driven by intrinsic noise (D > 0), the model
generates sustained subthreshold oscillations with fluctuating ampli-
tude and phase in the underdamped regime (y < 2V 8C), whereas in
the overdamped regime (y > 2V/8C) the subthreshold voltage fluc-
tuations do not exhibit rhythmic components.

FIG. 1. Schematic representation of the

fres =11 Hz

Probability distribution P(7")

Jose =10 Hz

subthreshold model part and interspike inter-
val (ISI) distributions obtained with the re-
newal model. A: the subthreshold part of the
model extends the electrical circuit analogy
of Erchova et al. (2004) and Schreiber et al.
(2004a). Specifically, the previously constant
conductance of the middle parallel branch is
now replaced by a time-dependent stochastic
conductance to capture cell-intrinsic noise.
As stated, the parameters v, 8, R, and V, can
be expressed in terms of the circuit parame-
ters. The parameter Q denotes the noise
strength of conductance fluctuations: Q ~
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For details, see Verechtchaguina et al.
(2007). B: two cumulative ISI distributions
obtained with the renewal model (in the
Stratonovich approximation). The analytical
curves are obtained for two parameter sets
that differ in the subthreshold resonance fre-
quency f,., and, consequently, also in the
frequency of subthreshold membrane poten-
tial oscillations f.. (top: f,,. = 10 Hz; bot-
tom: f,.. = 5 Hz); see Eq. 4. The distance
between the st and 2nd peaks of the ISI
densities (insets) is equal to the period of
subthreshold oscillations and thus also ap-
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To relate the resonance properties of the model to experimental
data, the theoretical frequency-dependent impedance function |Z|(f)
was calculated for the noise-free case (i.e., Eq. 2 with D = 0). This
simplification mimics the experimental situation where impedances
were calculated from voltage responses averaged over at least five
trials, and results in

. l_/ 47 f* + R3S
theory (f) - V[S _ 47Tch2]2 + 4772,y2f2 (3)

In the underdamped regime the impedance function has a maximum at
the frequency f,.

1

)
fo=5 \/E O+ Cor)? — v'R; — CoR? 4)

For small v, the resonance frequency f,., is similar to the effective
eigenfrequency and the frequency f, . of the deterministic subthresh-
old oscillation, with f,. slightly exceeding f_... Recordings from
stellate cells of the entorhinal cortex (Erchova et al. 2004) confirm this
prediction of our overall model framework. In the overdamped regime
the impedance function |Zthcory‘(f) decays monotonically with increas-
ing frequency (i.e., the cell is nonresonant). Nevertheless, it may have
a nonzero eigenfrequency (Erchova et al. 2004).

In the model, injecting a prolonged constant current /(f) = I, shifts
the stationary voltage to a new value V, + I R,. Since we were
interested only in the stationary responses we introduced an auxiliary
variable x(¢) = V(¢) — V. — I,R,,, which describes fluctuations around
a zero-mean voltage

d’x(r) dx(z)
d? i dr

+ 8x(r) = \2DE(1) &)

Already in its noise-free form, this simple phenomenological model
reproduces both resonant and nonresonant subthreshold dynamics
(Erchova et al. 2004; Izhikevich 2001; Mauro et al. 1970; Richardson
et al. 2003; Verechtchaguina et al. 2006b) and can be related to
Hodgkin—Huxley-type conductance-based models via linearization
(Mauro et al. 1970; Villacorta and Panetsos 2005). Because the model
parameters depend in general on the level of membrane depolariza-
tion, experimental data for each value of the input current /, were
treated separately, similar to the approach taken by Erchova et al.
(2004). The range of parameters was then estimated for each /, value
(as described in the following text).

SPIKING REGIME. Renewal model. For a minimal description of
spike generation, the model needs to be equipped with a firing
threshold and a voltage reset. Slightly extending this approach to
incorporate refractoriness, we introduced three parameters describ-
ing spike generation: voltage threshold x,, voltage reset x,, and
reset time 7,. Whenever x(¢) reaches x, from below, a spike is
generated, and x(7) is reset to x,, dx(#)/dt to zero. After the reset
period ,, the time evolution of x again follows Eg. 5. For D > 0,
this dynamics generates a sequence of independent spikes and is
referred to as the renewal resonate-and-fire model. Two examples
of ISI distributions generated with this model are shown in Fig. 1B.
Analyzed in detail in RESULTS, one of the model predictions is that
the distance between the first and the second peaks in the ISI
density is equal to the period of subthreshold oscillations. The
inverse of this peak-to-peak distance is therefore approximately
equal, but slightly smaller than the subthreshold resonance fre-
quency (see explanation following Eq. 4). The change in peak-to-
peak distance with the subthreshold resonance and oscillation
frequencies is illustrated in Fig. 1B.

Model extension: nonrenewal process. To cover ISI correlations,
deterministic spike generation was replaced by a stochastic rule. This
means that a spike is not necessarily generated when the membrane
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potential crosses the voltage threshold. Rather, spike generation fails
with a probability p (7)

1
pi(r) = min | 1, >, po {1 = tanh [B( = 1, = 7.)]} ©6)

Here, #, represents the spike times and the summation is taken over all
spikes that have been generated before time 7. If the expression under
the sum exceeds 1, then p(f) = 1 and no spike can be generated.

The probability p (?) is the key new dynamic variable. Initially, p (7)
is set to zero. When triggered by a single spike, p(7) instantaneously
increases by an amount p,,, remains roughly at this level during the
correlation time 7., and then decays back to zero on a timescale 2/f.
The probability p(7) is evaluated each time the voltage variable x(7)
crosses the threshold x, from below; with probability 1 — p(¥) a spike
is generated. If no spike is elicited, x(f) evolves without reset accord-
ing to Eq. 5 until it again hits the threshold from below. If several
spikes are generated within a time window smaller than the correla-
tion time, the probability p(f) exhibits complex dynamics as illus-
trated in Fig. 6. As the example suggests, the stochastic threshold
mechanism limits the number of spikes within a cluster and causes
“silent overshoots” (allowing the membrane potential to briefly ex-
ceed the threshold value without producing a spike). The resulting
nonrenewal resonate-and-fire model generates spike trains whose ISIs
are negatively correlated over short timescales. The prediction that the
inverse distance between the first and second peaks in the ISI density
is approximately equal to the subthreshold resonance frequency also
holds for the nonrenewal model.

PARAMETER ESTIMATION. Subthreshold dynamics. The model pa-
rameters in Eq. 5 were estimated from impedance measurements
and autocorrelation analysis. The frequency-resolved impedance
was determined from the voltage response V(¢) to the injected ZAP
current I(7) (Eq. 1) as Z(f) = FFT[V(¢)]/FFT[I(¢)], where FFT is the
fast Fourier transform algorithm. Using the analytical expression
for |Z[hem.y|(f) (Eq. 3), the values of the parameters C, 8, vy, and R,
were obtained from least-square fits of |Zmem.y|(f) to the experi-
mental curve Z(f). For two examples, see Fig. 2, A and B. For larger
ZAP amplitudes and at more depolarized levels of membrane
potential occasional spikes were observed in the ZAP response.
For impedance estimation, spikes were removed by cutting volt-
ages at —55 mV, which did not change the impedance estimates.
The estimates of resonance frequency presented in Fig. 8 are
obtained as averages of resonance frequencies across different
levels of membrane depolarization (based on model fits to the
data). Given that resonance frequencies in stellate cells are rela-
tively constant with depolarization (Erchova et al. 2004), this
procedure is justified.

The intrinsic noise intensity D was estimated by comparing the
experimental and theoretical autocorrelation function r (f) = (x(t +
t")x(t")),. The experimental autocorrelation function was calculated
from voltage responses to hyper- and depolarizing current steps, for
time intervals that did not contain spikes. A Butterworth low-pass
filter (cutoff frequency 40 Hz) was applied to the data before the
parameter estimation. The autocorrelation function of the model can
be obtained analytically. In the underdamped regime (y < 2V &8C) it
reads

r() = 2 em36| YGin Q) + cos () )
! v8 20C

where 0 = V8C — v*/4/C. Accordingly, r(f) oscillates with the
period 7,, = 2m/{) and its amplitude decays with the relaxation time
t,.; = 2Clvy (see Fig. 20).

Using Egq. 7, the values of r () at t = 0 and at the first minimum
t,, as well as the value of C (from the impedance estimate), we
calculated parameter values for stellate cells via the following
relations
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In the overdamped regime (when y > 2V/8C), the autocorrelation
function r(f) is given by a variant of Eq. 7, where the trigonometric
functions are replaced by their hyperbolic counterparts. Consequently,
r(t) decays monotonically (Fig. 2D).

All parameters were estimated separately for each steady-state
depolarization. Note that parameters do not vary independently, but
obey an additional constraint, o2 = D/(y8), imposed by the model.
For resonant cells y and & were estimated in two ways, using either
impedance or autocorrelation functions. The values obtained by both
methods were almost identical.

0.5
Interspike interval T (s)

Spike dynamics. The parameters of the renewal model describing
spike generations—i.e., voltage threshold V,, reset value V,,, and reset
time 7,—were directly estimated from the experimental data. To
determine the value of the spike threshold V,, we first estimated the
SD oy, of the voltage derivative in the absence of spikes. Second,
we defined a derivative threshold for spike initiation as 30v,. Third,
we defined the local voltage threshold V,, as that point where the
voltage derivative crosses the derivative threshold. The procedure was
performed for each individual spike. The local reset value V,, was set
to the minimal voltage within 25 ms after the spike, whereas the local
reset duration 7, was defined as the time between threshold crossing
and reaching of the reset value. All parameters were first evaluated for
each spike and then averaged over all spikes generated at a given
value of membrane depolarization (not less than 40 spikes). The
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steady-state voltage was estimated by the mean membrane potential in
time intervals without spikes. The model threshold x, and voltage
reset value x,, were obtained by subtraction of the steady-state voltage
from V,, and V,,, respectively.

Spike-train statistics

ISI DISTRIBUTIONS. We denoted successive spike times by 1,
Ly oo w5ty ...y tyey, Where i is the position of a spike in the measured
spike train. The ith IST was defined as X, = t,,., — .

A rough estimate for the ISI probablhty density F(T) can be
obtained from binned experimental data. The inverse distance be-
tween the first and second peaks in the ISI densities in Fig. 8 is based
on distances averaged across ISI densities obtained for two to three
different values of injected constant current. To adequately localize
the second peak, only ISI distributions based on firing rates of =4 Hz
were considered. This criterion was satisfied by six of seven stellate
cells. The ISI densities were sampled with a bin width of 15 ms and
peaks were identified at bins with the largest amplitude.

Clustering in stellate cells was reflected in multimodal ISI distri-
butions, as shown in Fig. 2G. For this study, we therefore defined
clustered spike patterns as those patterns where the corresponding ISI
distribution showed a significant minimum between its first two peaks.
Specifically, we required a confidence level of =95%, based on a
likelihood-ratio test. Spikes separated by a distance smaller than the
distance at this minimum were considered as belonging to a cluster;
typical distances between spike clusters corresponded to the location
of the second and potentially third peaks of the ISI density. Note that
our criterion of multimodal ISI distributions is stronger than what is
theoretically needed to discriminate between clustered and unclus-
tered spike trains; however, all stellate cells with sufficient statistics
satisfied this criterion. No pyramidal cells showed spike clustering, as
additionally confirmed by visual inspection.

Due to the limited sample size (150—600 spikes per spike train) the
exact shape of estimated ISI densities depends strongly on the bin
size. For model fitting, we therefore used the cumulative ISI distri-
bution P(T) = [7 F(t)dt. Unlike F(T), P(T) can be reliably estimated
from limited data as

1 N
PAT) = 2 O(T = X) )
where O(T) is the Heaviside step function [@(7T) = 0 if 7 < 0 and
O =1if T>0].

ISI CORRELATIONS. Because the same ISI distribution could poten-
tially be generated by a renewal or a nonrenewal process, we used the
following measures to test whether ISIs were independent:

1) The joint probability density F(T,, T,) of two successive ISIs
(i.e., the density of the ISI return map). F(T,, T,)dT,dT, gives the
probability that successive ISIs satisty X; € (T, T, + dT,) and X, ,
€ (T,, T, + dT,). The joint densities F(T,, T,) were estimated by
histograms and normalized to unity.

2) Correlation maps C(T,, T5), characterizing the deviation of the
experimental ISI sequence from the renewal ISI sequence (with
independent ISIs). Correlation maps C(T,, T,) were obtained from
measured joint ISI densities by subtracting the joint ISI density
expected for the corresponding renewal spike train

C(T\, T,) = F(Ty, To) — F(T)) F(T>)
Positive values of C(T,, T,) indicate that this ISI pair occurs more
frequently than under the renewal assumption; negative values indi-
cate pairs that are less frequent.

3) Serial correlation coefficients (SCCs) p, describe correlations
between arbitrarily distant ISIs

(10)
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(XX — (X)) (Xiww)
= 11
P (XD — (X, 7

Here, averages are taken over all ISIs in a spike train and the index k
is called a lag. For a renewal spike train p, = 0 for all kK > 0. To
estimate the typical correlation time, we plot the SCCs as a function
of time, by linearly scaling the lag axis with the mean ISL.

MODEL OPTIMIZATION. To find a set of model parameters reproduc-
ing the experimental ISI distribution, we estimated the permitted
parameter range from the experimental data (as described earlier). The
required parameters were found through a simulated annealing (SA)
technique (Press et al. 1999) described in the supplemental material.'

The membrane capacity C was held constant (C = 2.5 X 10™* uF
for the stellate cell and C = 1.7 X 10~* uF for the pyramidal cell)
because it typically did not depend on the membrane potential; vy, 8,
and D were optimized within the permitted parameter range (see
Fig. 3 and Table 1). Likewise, the threshold x, and reset x, varied
within the measurement range. Since V, depended sensitively on the
threshold definition, we tested an extended range of thresholds to
compensate for possible biases. To capture spike-induced effects
potentially lasting beyond the time of maximum hyperpolarization,
the reset time 7, was allowed to vary up to the size of the minimal IST
observed in each specific spike train. The parameters for the nonre-
newal threshold mechanism—r,, 3, and p,—were allowed to vary freely
within the range indicated in Table 1. Note that optimal parameter values
for the nonrenewal model differed from the renewal model (Table 1). The
nonrenewal model admits “silent” threshold crossings without spike
generation. To obtain similar firing rates, the total number of threshold
crossings was therefore larger for the nonrenewal model.

To quantify the discrepancy between the measured ISI distribution
P,(T) and the theoretical distribution Py(7), we used the Kolmogo-
rov—Smirnov (KS) test (Ledermann 1984). The test hypothesis was
that the theoretical distribution P(7) is the distribution underlying the
measured ISTs. The test statistics 9 in the KS test represents the
largest difference between two distributions

D = sup |Py(T) — Py(T)!

0<T<®

(12)

For a significance level &« = 5% and a given sample size N, the
critical value @ is calculated as @, = 1.36/V/N. If @ exceeds the
critical value 9, the hypothesis has to be rejected. To graphically
illustrate the KS test, a tube with radius %, was drawn around the
curve corresponding to the experimental ISI distribution P,(7). If the
theoretical ISI distribution P,(7) laid completely inside this tube, it
was regarded as a potential distribution underlying the measured ISIs.

For the renewal model, the ISI distribution P,(7) was obtained
analytically using the Stratonovich approximation (Verechtchaguina
et al. 2006a,b) described in the supplemental material. Because the
model parameters for both resonant and nonresonant cells belong to a
regime of moderate damping and moderate noise intensity, the Stra-
tonovich approximation was applicable and accurate. For the nonre-
newal model, P,(T) was estimated on the basis of stochastic simula-
tions consisting of =3,000 spikes.

The SA procedure is described in detail in the supplemental
material. For the renewal model the procedure minimizes the KS
statistics 9. For the nonrenewal model the procedure simultaneously
minimizes the KS statistics 9 and the discrepancy between experi-
mentally measured and theoretically predicted values of the first serial
correlation coefficient p,.

Note that SA belongs to a class of heuristic algorithms that do not
necessary converge to the global optimal solution. Thus the method
allows us to find a model generating a spike pattern similar to that
observed experimentally, but does not guarantee that this model is
unique.

! The online version of this article contains supplemental data.
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FIG. 3. Resonate-and-fire model. Voltage dependence of subthreshold

model parameters, as obtained from physiological data. The 4 rows represent
the four parameters (C, V 6/C/2m, y/C, D), shown for 4 stellate and 4
pyramidal cells (left and right columns, respectively). Different colors corre-
spond to different neurons; the 2 cells presented in Fig. 1 are marked in black.
A and B: capacity C, derived from fitting the experimental impedance function
with the theoretical curve obtained from the resonate-and-fire model. C and
D: eigenfrequency V &/C/2, obtained from fitting the experimental imped-
ance and autocorrelation functions with the model. E and F: damping coeffi-
cient y/C, calculated from the experimental impedance and autocorrelation
functions. G and H: noise intensity D, obtained from the experimental auto-
correlation function. As shown by these data, the noise intensity D strongly
depends on the level of membrane depolarization in both cell classes. In
addition, in stellate cells the damping coefficient y/C decreases rapidly with
increasing membrane depolarization.

RESULTS

This study aims to elucidate the relation between subthresh-
old and spiking dynamics of single neurons. To this end, we
performed intracellular recordings of stellate and pyramidal
cells, two major cell classes in the entorhinal cortex. Constant
and time-varying ZAP-current injections (see METHODS) were
used to investigate spontaneous subthreshold membrane-po-
tential oscillations and resonances, respectively. Furthermore,
constant depolarizing currents were applied to move the mean
membrane potential near threshold and thus elicit spike trains
driven by cell-intrinsic noise. The data were interpreted within
the framework of resonate-and-fire model neurons.

Subthreshold dynamics

Stellate cells exhibited a pronounced membrane-potential
resonance in the theta range (5-15 Hz), whereas pyramidal
cells showed mostly none, or at most a very small resonance at
lower frequencies, between 2 and 4 Hz (Fig. 2, A and B). In all
resonant cells, small constant depolarizing currents caused
voltage oscillations with a rhythmic component close to the
resonance frequency (Fig. 2C). In contrast, the voltage fluctu-
ations of nonresonant cells did not exhibit any rhythmicity
(Fig. 2D).

Firing patterns

For larger depolarizing currents all investigated neurons
produced action potentials. The discharge patterns, however,
differed significantly between both cell types. In particular,
clustered spikes were observed only for stellate cells (Fig. 2, E
and F). With increasing firing rate, an increasing number of
spikes belonged to a cluster (increased plateau level in the ISI
distribution in Fig. 2G) and average intervals between clusters
decreased (shortened tail of the ISI density). Remarkably, the
dominant intracluster ISI of stellate cells did not vary with
firing rate. In contrast to stellate cells, the ISI density in
pyramidal cells was monomodal and the cumulative ISI distri-
bution lacked any plateaus. Higher firing rates simply caused a
shift of the distribution to smaller ISI values (Fig. 2H).

To summarize, spike patterns in stellate cells exhibited two
different timescales reflecting inter- and intracluster ISIs. In-
creasing the firing rate decreased the intercluster ISIs but did
not affect intracluster ISIs. Pyramidal cells, on the other hand,
had only a single timescale that directly corresponded to their
firing rate.

Resonate-and-fire model

As the first step of our computational analysis, we repro-
duced the experimental ISI distributions with a minimal reso-
nate-and-fire model (see METHODS). Its subthreshold dynamics
are given by a linear differential equation that covers both
resonant and nonresonant membrane impedances. As shown by
previous studies this approach captures the different subthresh-
old responses of stellate and pyramidal cells surprisingly well,
despite its minimal complexity. In addition, the model makes
quantitative predictions that have been tested experimentally
(Erchova et al. 2004; Schreiber et al. 2004a).

Here, we extend this successful approach to the spiking
regime and investigate whether the model also provides a
mechanistic understanding of the spike-train statistics of dif-
ferent types of entorhinal cortex cells. To this end, it is
important to recapitulate that the parameters of this phenome-
nological description are allowed to change with the membrane
potential so as to account for voltage-dependent cell properties.
For each level of membrane depolarization, one set of param-
eters was therefore estimated (Fig. 3). In both stellate and
pyramidal cells, the effective capacity C and eigenfrequency
\/ 8/C/27r depended only weakly on the membrane potential
(Fig. 3, A-D). For the purpose of this study, C was thus
considered constant. In resonant cells the damping constant
v/C decreased with depolarization (Fig. 3E), whereas it was
approximately constant in nonresonant cells (Fig. 3F). This
result agrees with the observation that the amplitude of sub-
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TABLE 1.
neuron shown in Figs. 1, 4, and 7

Parameters of resonate-and-fire models that reproduce the experimental ISI distributions of the stellate cell and pyramidal

\/8/C/27, Hz v/C, 10> Hz D, nA? Hz T, ms Xg» MV Xp> MV 7., Ms B, Hz Po
A. Sample stellate cell
Range 5-7.5 0.02-0.6 0.005-0.05 0-51 —12to =7 1-7 100-500 1-1,000 0-1
Renewal (i) 6.2 0.09 0.027 35 74 5.8 — — —
Renewal (ii) 7.1 0.45 0.015 30 -84 1.9 — — —
Nonrenewal 6.8 0.28 0.009 44 —8.2 1.0 322 736 0.22
B. Sample pyramidal cell

Range 7-14 1.8-3.5 0.05-0.5 0-97 —12to =7 0.02-6.0 100-500 1-1,000 0-1
Renewal 11.1 3.24 0.219 74 —10.9 0.3 — — —
Nonrenewal 13.9 2.09 0.124 87 —114 0.5 341 156 0.41

Spiking parameters were estimated at firing rates between 1 and 10 Hz.

threshold resonances increases with depolarization (Erchova et
al. 2004). Finally, in both cell classes the intrinsic noise
intensity D increased strongly with membrane depolarization
(note the logarithmic scale in Fig. 3, G and H), in agreement
with findings of Diba et al. (2004) in cultured hippocampal
neurons.

To include spike generation in the model without increasing
its complexity more than absolutely necessary, the subthresh-
old dynamics were combined with a constant voltage threshold
X,. When the membrane potential reaches x;, an action poten-
tial is elicited, the membrane potential is reset to a fixed value
X, and its derivative dx()/dt is reset to zero. To account for
refractoriness, the subthreshold dynamics begins again after a
fixed reset time 7,. These three additional parameters were also
estimated from the experimental traces (see Table 1).

ISI distributions are captured by the resonate-and-fire model

The subthreshold (“resonate”) and spiking (“fire”’) parame-
ters of the resonate-and-fire model are obtained at different
levels of depolarization. Since the subthreshold parameter
values depend on the membrane potential, they cannot be
directly inserted into the model. We rather used the ranges of
parameters measured across different membrane potentials to
constrain the parameter space and searched within this space
for the optimal parameter set by simulated annealing (see
supplemental material). The criterion of optimality was defined
as the lowest KS distance (see METHODS) between experimental
and model ISI distributions. The latter were obtained analyti-
cally as the distributions of first passage times using the
Stratonovich approximation (as described in the supplemental
material). Optimized model ISI distributions are consistent
with the experimental data for both cell types (Fig. 4).

Structurally different ISI distributions were obtained with
different parameter sets, as shown in Fig. 4A. Here, all model
parameters were either varied independently (solid line) or
constrained by a fixed upper bound for the variance of the
subthreshold voltage fluctuations o2 (dashed line). Although
both optimizations captured the main ISI peak, the first param-
eter set reproduced the multimodal probability density better
than the second. However, the better fit came at the cost of
subthreshold voltage fluctuations much larger than observed in
experiments (first model set: o, = 5.6 mV; second model set:
o, = 1.6 mV; experiments o, =~ 2.5 mV).

These results can be understood from considering the model
features that shape the ISI density. In both experiment and

model, spikes are more likely to occur at the maxima of
subthreshold oscillations, where the distance to threshold is
smallest (see also Alonso and Klink 1993; Klink and Alonso
1993). Within the resonate-and-fire model, the phase of sub-
threshold oscillations is reset to a fixed value after each spike.
Consequently, the initial subthreshold oscillation following a
spike is similar for all spikes (despite the presence of noise)
and the membrane potential reaches its first maximum roughly
at the same time lag 7, for small to moderate noise levels. T
corresponds to the intracluster ISI and is equal to the sum of the
reset period 7, and the time between the end of the reset period
and the first maximum of the following subthreshold oscilla-
tion (occurring at approximately half an oscillation period).
The second peak in the ISI density is caused by spikes
occurring at the second maximum of the subthreshold oscilla-
tion. Therefore the distance between the first and the second
peaks in the ISI density F(7) reflects the period of subthreshold
oscillations. However, if no spike is generated within the
relaxation time window ¢, = 2C/vy (i.e., not within the first
few periods of subthreshold oscillations), their fixed phase
relation to the last spike is lost due to the noise contribution.
For this reason, the large intervals between spike clusters are
random and lead to the observed exponential tail of % (7). The
number of visible peaks in F(T) therefore depends on the ratio
between the relaxation 7, of subthreshold oscillations and their
period. %(T) exhibits more peaks for large 7, (i.e., when the
effective damping coefficient y/C is small).

With this insight, the different fit quality in Fig. 4A is easily
explained: for small damping the first maximum of a sub-
threshold oscillation is rather large. To limit the number of
action potentials triggered at this maximum, the spike thresh-
old also needs to be high. This, however, implies that large
intrinsic noise intensities are required to reach the experimen-
tally measured firing-rate levels. Later on we show how this
structural shortcoming of the current model can be overcome
by a stochastic spike-generation mechanism.

For nonresonant cells, experimental ISI distributions were
reproduced with ease (Fig. 4B and Table 1). The explanation is
straightforward: for these neurons, the effective damping co-
efficient was relatively large, leading to a short relaxation time,
which canceled the effects of any initial phase-locking; thus
after each spike, the membrane voltage quickly returned to its
steady-state value. Consequently, the position of the main peak
in the ISI distribution was mainly determined by the noise
intensity.

J Neurophysiol « VOL 100 « SEPTEMBER 2008 « WWW.jn.org

L L0g ‘8} Arenige uo 6io ABojoisAyd-ul wouy papeojumoq



http://jn.physiology.org/

SUBTHRESHOLD RESONANCES SHAPE SPIKE-TRAIN PATTERNS

1583

Resonant Nonresonant
1 1
R B
& &
A ] A
c — C
i) &~ Ke) 8
3 > 2 =
k7] 2 3 >
o 3 i 2
=) z Z g
3 5 3 Z
3 8 3 =
e & n o 3
o %0 0.2 0.4 os| & a0 0.2 04 06
0 InFerspike intervaIT(s) 0 !nterspike interva‘IT(s)
0 0.2 0.4 0.6 0 0.2 0.4 0.6

Interspike interval T" (s)

FIG. 4.

Interspike interval 7" (s)

ISI distributions. Predictions from the resonate-and-fire model are depicted as black lines, experimental results as thick gray lines, and thin gray lines

mark the boundaries of a Kolmogorov—Smirnov test with significance level 5%. Insets depict the corresponding ISI densities. A: stellate cell, same as in Fig. 1.
Two model variants with a different SD of the voltage fluctuations are shown: o, = 5.6 mV as solid line and o, = 1.6 mV as dashed line. The first variant provides
the better fit to the measured data but its voltage fluctuations are much larger than experimental values (o, =~ 2.5 mV). The second variant shows the best fit
obtained with an upper variance bound of 4.0 mV. B: pyramidal cell, same as in Fig. 1. The best approximation, shown in black, closely matches the experimental
ISI distribution. The parameters of the underlying resonate-and-fire models are specified in Table 1.

Firing-rate—dependent changes in spike patterns and ISI
distributions can also be reproduced within the resonate-
and-fire framework. In stellate cells (Fig. 2G), the position
of the first peak of F(7) did not vary with firing-rate
increases and the tail of the density shortened. Because the
subthreshold resonance frequency is fairly independent of
the depolarization in stellate cells (Erchova et al. 2004; see
also Fig. 3C), the model therefore suggests that the reset
period 7, also does not strongly change with depolarization.
As the noise intensity grows with depolarization (Fig. 3G),
the overall probability of spike generation increases. Con-
sequently, the exponential tail of F(7T) becomes shorter. In
pyramidal cells, an increased firing rate simply shifts the
position of the maximum in the ISI density toward shorter
ISIs (Fig. 2H): the higher noise level increases the proba-
bility of spike generation and thus reduces the length of
ISIs.

Higher-order ISI statistics

For resonant cells, a good agreement between model and
experimental IST distributions has, so far, been possible only at
the cost of large voltage fluctuations. Because of the reset of all
variables after each model spike, ISIs are independent of each
other. The present model thus implements a renewal process.
If, however, the assumption of independence of ISIs was
incorrect, a modification of the model introducing ISI correla-
tions through a nonrenewal mechanism would be required.
This extension to the model may also further improve its
overall performance. For this reason, we analyzed the experi-
mental ISIs in more detail.

The probability density of the ISI return map F(7,, T,)
quantifies the joint probability of obtaining two particular
successive ISIs (Fig. 5, A and B). For stellate cells, the strong
peak at about (100; 100) ms and the two orthogonal arms up to
ISIs of about 500 ms reflect spike clusters. For pyramidal cells,
the single broad maximum at about (250; 250) ms mirrors the

unimodal ISI distribution (Fig. 5B). Both results agree with our
previous findings. Next, we analyzed correlation maps that
quantify the deviation of a measured ISI sequence from the ISI
sequence of a renewal spike train with the same ISI distribution
(Fig. 5, C and D). As revealed by this analysis, experimental
ISIs are clearly not independent. To quantify the correlations
between more distant spikes, serial correlation coefficients
(SCCs) were used (Fig. 5, E and F). Here, the lag k denotes the
distance between ISIs. Interestingly, negative SCC values for
k = 1 (neighboring ISIs) were observed at higher firing rates
(3—10 Hz) in both cell types. The correlation time 7. ranged
from 200 to 400 ms. For lower firing rates (<2 Hz), however,
SCC values for all k >0 did not significantly differ from zero.
Finally, the number of correlated ISIs grew with increasing
firing rate for both cell types (data not shown).

ISI correlations are captured by an extended
resonate-and-fire model

The experimental correlations (Fig. 5, C—F) cannot be cap-
tured by a renewal model. We therefore included a spike-
history—dependent stochastic firing threshold: after threshold
crossing, spikes are triggered with only a certain probability;
the occurrence of several spikes within a time window shorter
than the correlation time 7. lowers the probability to generate
another spike and, consequently, not every threshold crossing
elicits a spike (Fig. 6). The resulting nonrenewal model allows
one to capture the observed ISI correlations as well as to match
ISI distributions without excessive voltage fluctuations. As for
the renewal model, parameters were optimized within the
experimental bounds. Differences between experimental and
model ISI distributions and absolute values of SCC (for k = 1)
were now minimized simultaneously.

Although the experimental voltage fluctuations are no longer
exceeded, the ISI distributions of the nonrenewal model agree
better with the experimental data than the renewal-based fits
(Fig. 7, A and B). This is because the nonrenewal threshold
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mechanism limits the number of spikes generated in close
succession. It is therefore possible to produce the required
number of short intervals and simultaneously ensure a small
damping coefficient y/C and low threshold x,. In addition, the
serial correlation coefficients suggested by the model matched
the experimentally obtained results for both cell classes (Fig. 7,
C and E). We also established that the model is consistent with
the observation that ISI correlations vanish at lower firing rates
(Fig. 7, D and F). To that end, SCCs in the optimal nonrenewal
model with decreased noise (both cell types) and increased
damping coefficient (only stellate cells) were analyzed. Al-
though the nonrenewal threshold mechanisms remained un-

ENGEL, SCHIMANSKY-GEIER, HERZ, SCHREIBER, AND ERCHOVA

changed, no ISI correlations were observable at lower firing
rates.

It is a property of both the renewal and nonrenewal models
that the distance between the first and the second peaks of the
ISI density corresponds to the period of subthreshold oscilla-
tions. As previously observed in the entorhinal cortex (Erchova
et al. 2004) in accordance with the subthreshold part of the
model, this oscillation period is also approximately equal to the
inverse of the subthreshold resonance frequency. According to
the model, the distance between the first and second peaks in
the ISI density should therefore be approximately equal to the
inverse of the subthreshold resonance frequency. Indeed, our
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and pyramidal cells (right). Both neurons are the same
neurons as in Fig. 1. A and B: probability density of the
ISI return map. For stellate cells, spike clusters are
reflected in the 2-arm structure with a pronounced peak.
In contrast, the ISI return map of the pyramidal cell has
a cloudlike structure, as expected for unclustered spike
patterns. C and D: density of the ISI correlation maps.
Both cell types exhibit negative correlations between
adjacent ISIs. E and F: serial correlation coefficients
(SCCs) p, with lags k = 1,..., 20 for 2 different
average firing rates (stellate cell: 1.5 and 5.1 Hz; pyra-
midal cell: 1.3 and 3.9 Hz). The insets depict SCCs
scaled by the respective mean ISI to represent the
duration of correlations in seconds. SCCs of both stel-
late and pyramidal cells show similar negative correla-
tions at short lags for sufficiently high firing rates.
Independent of the cell type, the correlation time is
about 300 ms.
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experimental data confirm this prediction (Fig. 8). Across the
electrophysiologically recorded set of resonant stellate cells
(natural range of resonance frequency: 5—12 Hz; see Erchova et
al. 2004), the inverse distance between the first two peaks in
the ISI densities was found to be approximately equal to the
measured subthreshold resonance frequency.

It is important to notice that the subthreshold resonance
frequency in stellate cells is approximately constant with de-
polarization (Erchova et al. 2004). This observation implies
that estimates of the resonance frequency at less depolarized
levels of the membrane potential—and not only those mea-
sured close to threshold—correlate with the described firing
statistics. In other cells or under different experimental condi-
tions the subthreshold resonance frequency, however, can
change with depolarization. In these cases, quantitative aspects
of spike clustering may also depend on depolarization. For
example, Nolan et al. (2007) reported that in stellate cells of
HCNI1 knockout mice, the probability of spikes occurring in
clusters and the intracluster spike frequency were changed and
resonance at the resting membrane potential was abolished. On
the other hand, the observed intrinsic membrane-potential
oscillations closely mimicked those in wild-type animals near
the firing threshold. This indicates that an HCN1-independent
slow potassium current is involved in spike clustering in these
cells, in full agreement with our general model framework.

DISCUSSION

The parallel analysis of experimental and modeling data
shows that ISI distributions of both stellate and pyramidal cells
are strongly influenced by subthreshold processes. Membrane-
potential resonance—an important signature of subthreshold
dynamics—causes spike clustering. A low-dimensional re-
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newal model constrained by measured experimental parame-
ters reproduces the observed ISI distributions and allows us to
quantitatively understand the mechanisms that lead to spike
clustering. In particular, we observed that a spike-induced reset
of subthreshold oscillations underlies the clustered spike pat-
terns in resonant neurons. In addition, spike-induced processes
cause ISI correlations independently of the existence of sub-
threshold resonance. A spike-history—dependent modification
of the threshold mechanism in the model captures these higher-
order IST statistics.

Subthreshold dynamics shape spike-train statistics

This study was performed at membrane depolarizations in
the vicinity of the spiking threshold with average firing rates
=10 Hz. With the majority of in vivo firing rates ranging from
0 to 10 Hz (Sargolini et al. 2006), the range of firing rates
explored within our study thus covers the behaviorally relevant
regime. Nevertheless, the cells are able to produce fast-spike
sequences, in that the maximum instantaneous rates in both cell
types were up to 20 Hz (ISIs of ~50 ms).

A relation between subthreshold resonance and clustered
spike patterns has been conjectured previously for neurons in
the olfactory bulb (Chen and Shepherd 1997; Desmaisons et al.
1999) and brain stem (Pedroarena et al. 1999; Wu et al. 2001).
Our experimental and theoretical findings systematically show
that in stellate cells subthreshold resonance is sufficient to
explain spike clustering. No spike-induced activation of addi-
tional currents is necessary. In particular, the renewal model
predicts that without subthreshold resonance no multimodal ISI
distributions can be obtained.

Note that the proposed clustering mechanism in stellate cells
is different from that of intrinsically bursting neurons. Al-
though the latter also exhibit spike clusters at higher firing
rates, the cells reported here fire regularly if sufficiently depo-
larized (Richardson et al. 2003; Schreiber et al. 2004b). Within
the low-firing range, however, stellate cells in entorhinal cortex
can potentially profit from the same computational advantages
discussed for intrinsically bursting neurons. These include
coding with intra- and intercluster time intervals (Kepecs and
Lisman 2003), increase of reliability of synaptic transmission
(Lisman 1997), and frequency-specific routing of information
if ISIs within a cluster of presynaptic neurons match the
membrane resonance of the postsynaptic cell (Izhikevich et al.
2003).

Implication of negative interspike-interval correlations

Negative ISI correlations have been reported for many
different cell types, starting as early as Kuffler et al. (1957).
Negative ISI correlations are observed even under constant
stimulation (Ratnam and Nelson 2000) and it has recently been
suggested that they enhance neuronal coding capabilities (Cha-
cron et al. 2001). The correlations between ISIs observed here
on a timescale of 200—400 ms are likely to be caused by
slowly deactivating currents that are activated by the preceding
spike. Such patterns, e.g., slow potassium currents, are known
to mediate firing rate adaptation (Brown and Adams 1980;
Madison and Nicoll 1984). Interestingly, these currents can
also contribute to subthreshold resonance (Hutcheon and
Yarom 2000). Our study, however, clearly shows that both
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FIG. 7. Nonrenewal resonate-and-fire model explains ISI distributions and ISI correlations. Left panels: stellate cell; right panels: pyramidal cell (same cells
as in Fig. 1). Experimental ISI statistics are shown in gray, modeling data in black. A and B: ISI distributions (main panels) and corresponding ISI densities
(insets). C—F: serial correlation coefficients p,. r,, specifies the mean firing rate in the model. C and E correspond to A and B, respectively. The values of the
fit parameters are given in Table 1. D and F illustrate that the strong reduction of ISI correlations at lower firing rates (compare with C and E) can be reproduced
in the model [r,, = 1.6 Hz for the stellate cell (D) with weaker noise D = 0.003 nA? Hz, larger friction /C = 0.63 X 10> Hz and other parameters as in A;
and r,, = 1.3 Hz for the pyramidal cell (F) with weaker noise D = 0.003 nA? Hz and other parameters as in B]. As shown by these results, even simple nonrenewal

resonate-and-fire models can explain rather complex spike-train data.

phenomena can exist independently of each other: pyramidal
cells exhibited negative correlations but did not show any
subthreshold resonance.

The mechanistic insight gained from the nonrenewal model
explains why the ISI correlations are visible only at higher
firing rates in both cell types: spike-induced currents respon-
sible for the temporal relations between spikes are likely to be
active across a wide range of depolarizations. Nevertheless,
these currents cannot influence spike patterns if the mean ISI is
larger than the deactivation timescale. This is true at low firing
rates. In contrast, for higher firing rates the mean ISI is
sufficiently small for spike-induced currents to interact with
spike generation. Along these lines, (/) mimicking a decreased
firing rate in the optimal nonrenewal model made the negative
correlations disappear (Fig. 7) and (i) fits of experimental data
with low firing rates were equally good with the renewal and
nonrenewal models (data not shown).

Interestingly, for higher firing rates the nonrenewal spike
mechanism also improved the representation of ISI distribu-
tions within the resonate-and-fire framework. This indicates
that correlations between spikes are involved in shaping the
fine structure of ISI distributions, whereas the fundamental
features, such as spike clustering, are determined by the sub-
threshold frequency preference.

Model scope, limitations, and outlook

Why do we use a simple and transparent mathematical
model for describing activity in cells of the entorhinal cortex?

First, on a practical level, the model is analytically tractable
and, at the same time, permits an accurate phenomenological
description of both resonant and nonresonant neurons. Due to
its generality it can be applied to different cell types, indepen-
dently of a particular ionic realization of subthreshold reso-
nance properties. Noticeably, the model parameters used to
describe a given neuron are tightly constrained by experi-
mental data and obtained from the very same cell. This is
not possible for biophysically realistic models whose many
parameters cannot be estimated with measurements from a
single neuron.

Second, on a conceptual level, the current model provides a
quantitative framework to investigate the relation between
subthreshold and spiking activity. Here, neglecting micro-
scopic details allows one to reveal general neural mechanisms
that go far beyond any specific biophysical processes. This is
important because the combinations of conductances may be
vastly different between cells, but still lead to the same input—
output transformation (Marder and Prinz 2002). In particular,
the model clearly demonstrates that the well-known phenom-
enon of subthreshold resonance can be sufficient to fully
explain clustered spike patterns and multimodal ISI distribu-
tions. Furthermore, it enables us to disentangle the contribu-
tions of subthreshold and spike-induced dynamics to the ob-
served spike patterns. Although it is possible that specific ionic
currents contribute to both spike-induced and resonance-re-
lated dynamics, our model shows that separating these dynam-
ics on a phenomenological level still captures firing statistics.
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FIG. 8. Relation between the frequency of subthreshold resonance and the
inverse distance between the first and second peaks in the ISI density. Each
data point corresponds to a different stellate cell, which are known to have
resonances in the frequency range of 5-15 Hz. The horizontal and vertical bars
mark the minimal and maximal observed values, as described in detail in
METHODS. The arrow points to the cell presented in Figs. 2-7. Our model
framework predicts that for every cell the inverse differences between the two
IST peaks are very similar to the natural oscillation frequency near the firing
threshold. This frequency, in turn, has been shown to be close to but smaller
than the subthreshold resonance frequency (compare f, . and f,.., Eq. 4), as
discussed in METHODS and Erchova et al. (2004). It follows that the resonance
frequency should slightly exceed the inverse ISI-peak difference so that the
data points should be above but close to the dashed identity line, as confirmed
by the population data.

In particular, describing spike-induced effects by a reset time
and a spike-history—dependent spike probability results in a
surprisingly good approximation of experimental data.

Interestingly, the mathematical model also suggests that the
clustered spike patterns of EC stellate cells are obtained be-
cause each spike induces a phase reset of the intrinsic sub-
threshold oscillation so that the subsequent spike is likely to be
generated after a fixed time lag, roughly equal to the reset
period plus half an oscillation period. This picture differs from
an alternative situation where spikes, such as those in the CA1
region, are preferentially generated without phase reset at the
maxima of an ongoing subthreshold oscillation superimposed
with a slowly varying excitatory input (see, e.g., Buzsdki 2002;
Leibold et al. 2008). If that description also applied for spikes
caused by the combination of intrinsic subthreshold oscilla-
tions and constant current injections, as investigated in the
present study, the main peak of the intracluster ISI distribution
should coincide with the subthreshold oscillation period. Our
data show, however, that the dominant intracluster ISI is
shorter than the oscillation period (Fig. 2). In contrast, the time
between the first and second peaks is similar to the oscillation
period, in agreement with the model.

We also point out that, according to the proposed model, the
existence of persistent subthreshold oscillations relies on the
presence of damped oscillations of the corresponding noiseless
system (D = 0). For the observed oscillations to be visible,
however, deviations from the rest state are required, which for
synaptically blocked cells are triggered when (i) the cell is
depolarized and (i) intrinsic noise allows large deviations from
the steady state that effectively translate into persistent oscil-
lations. The difference to models like that of Fransén et al.
(2004) and Rotstein et al. (2006) lies in the fact that

1587

persistent subthreshold oscillations in such a model can exist
independently of noise. In agreement with our view that noise is
needed to trigger the damped oscillations, Dorval and White
(2005) have shown that channel noise from persistent sodium
channels is essential for subthreshold membrane potential oscil-
lations.

Within the current model framework, spike-induced
changes in the voltage trajectory are described by a constant
reset period and a fixed reset voltage. Spike-induced cur-
rents, such as those underlying afterhyperpolarization, may,
however, be active longer than the model reset period and
thus also contribute to the generation of later spikes. Other
nonrenewal models either explicitly include slow spike-
induced ionic currents (Benda and Herz 2003; Izhikevich
2004) or modify the threshold values dynamically (Chacron
et al. 2004). These models, however, are not consistent with
two observations in our experiments: First, the firing thresh-
old was not higher for shorter than that for longer ISIs, as
would be expected with a dynamic threshold. Second, the
voltage sometimes crossed the threshold without producing
spikes, resulting in “silent overshoots,” as shown in Fig. 6.
The stochastic threshold used in this study accounts for both
observations and directly reflects channel noise at the spike-
initiation zone. This noise is particularly high near the firing
threshold and known to severely influence spike generation
(Schneidman et al. 1998).

As demonstrated by our results, spike patterns of single EC
stellate and pyramidal cells are shaped by a combination of
subthreshold resonances and spike-induced ionic currents. The
generality of the model suggests that similar mechanisms may
also be relevant for other neural systems. It remains an open
challenge—to be tackled in future studies—whether the signa-
tures of resonance and nonresonance, respectively, are behav-
iorally relevant. Were this indeed the case, and recent results
on grid cells point in that direction (Giocomo et al. 2007),
information processing in the entorhinal cortex might be un-
derstandable on the basis of a simple mathematical frame-
work. If, on the other hand, behaviorally relevant time-
varying inputs generate responses that cannot be understood
in terms of a resonate-and-fire mechanism, the interesting
question would remain why stellate and pyramidal cells
exhibit such strikingly different dynamics, both below and
above firing threshold.

Findings from the present study support the first of these two
alternatives: all our data suggest that both stellate and pyrami-
dal cells respond only rather weakly to high-frequency inputs.
In particular, we did not observe any resonance or strong
intrinsic oscillation of the membrane potential above 20 Hz.
Rapid synaptic input fluctuations, which might occur under in
vivo conditions, would thus only marginally influence the
cells’s firing activity. On the other hand, slower changes of the
mean membrane depolarization are likely to be encoded in the
cell-type—specific output patterns of stellate and pyramidal
neurons. In such a scenario, the current model framework
offers a powerful tool for studying neural dynamics and signal
processing under artificial as well as behaviorally relevant
conditions. The simplicity of the model will also make it
possible to readily extend those studies from the single neurons
to the network level.
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Same or Different? A Neural Circuit Mechanism of
Similarity-Based Pattern Match Decision Making

Tatiana A. Engel and Xiao-Jing Wang

Department of Neurobiology and Kavli Institute for Neuroscience, Yale University School of Medicine, New Haven, Connecticut 06510

The ability to judge whether sensory stimuli match an internally represented pattern is central to many brain functions. To elucidate the
underlying mechanism, we developed a neural circuit model for match/nonmatch decision making. At the core of this model is a
“comparison circuit” consisting of two distinct neural populations: match enhancement cells show higher firing response for a match
than a nonmatch to the target pattern, and match suppression cells exhibit the opposite trend. We propose that these two neural pools
emerge from inhibition-dominated recurrent dynamics and heterogeneous top— down excitation from a working memory circuit. A
downstream system learns, through plastic synapses, to extract the necessary information to make match/nonmatch decisions. The
model accounts for key physiological observations from behaving monkeys in delayed match-to-sample experiments, including tasks
that require more than simple feature match (e.g., when BB in ABBA sequence must be ignored). A testable prediction is that magnitudes
of match enhancement and suppression neural signals are parametrically tuned to the similarity between compared patterns. Further-
more, the same neural signals from the comparison circuit can be used differently in the decision process for different stimulus statistics
or tasks; reward-dependent synaptic plasticity enables decision neurons to flexibly adjust the readout scheme to task demands, whereby

the most informative neural signals have the highest impact on the decision.

Introduction
Perception and cognition often require us to evaluate similarity
of two sensory events and to judge whether they are the same or
different. “Same versus different” comparison is a generic neural
computation involved in a wide range of brain functions. For
example, searching for an object in a crowded scene requires us to
judge whether a currently viewed object matches an internal rep-
resentation of the target object. Furthermore, mismatch between
expected and experienced stimuli is believed to give rise to “pre-
diction error” signals [e.g., in the forward model for motor learn-
ing (Wolpert and Miall, 1996)]. Match/nonmatch comparison
between the environment and expectation has also been pro-
posed to gate the entry of information into the long-term mem-
ory (Lisman and Grace, 2005; Kumaran and Maguire, 2007).
Match/nonmatch computation is often thought of as a decision
on whether the difference between two signals is zero (match). How-
ever, recent experimental findings in delayed match-to-sample
(DMS) tasks suggest a different view. In a DMS task, subjects are
presented with a sequence of stimuli separated by delays, and a
behavioral response is required if the current test stimulus is the
same (match) as a previously shown sample stimulus. Intrigu-
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ingly, converging evidence from physiological studies with be-
having monkeys and human brain imaging (Turk-Browne et al.,
2007; Duncan etal., 2009) pointed to two candidate neural mech-
anisms involved in match versus nonmatch computation. One is
referred to as repetition suppression, a passive reduction of neu-
ral response to any stimulus repetition regardless of behavioral
relevance (see Fig. 1C). Repetition suppression is the predomi-
nant neural signal observed in standard DMS tasks (see Fig. 1 B)
when the matching test is the only stimulus repetition within a
trial (Miller et al., 1991, 1993; Miller and Desimone, 1994; Stein-
metz and Constantinidis, 1995; Constantinidis and Steinmetz,
2001; Zaksas and Pasternak, 2006). The other is referred to as
match enhancement, an active mechanism that is engaged when-
ever feature matching is not sufficient to perform a task, as for
example when nonmatch can also be repetitive (e.g., ABBA) (see
Fig. 1B), and irrelevant repetitions of nonmatch stimuli (BB)
should be ignored. Neurophysiological recordings in the pre-
frontal (Miller et al., 1996; Freedman et al., 2003), temporal
(Miller and Desimone, 1994), and parietal (Rawley and Constan-
tinidis, 2010) cortices revealed two populations of neurons whose
selectivity for visual stimuli is modulated by match/nonmatch
context in complementary ways: match enhancement (ME) cells
show higher firing response for a match than nonmatch to the
sample, whereas match suppression (MS) cells exhibit the oppo-
site trend (see Fig. 1 D).

These observations raised a number of questions: (1) what are
the network mechanisms for generating match enhancement and
suppression neural signals, (2) how does the brain switch be-
tween the active and passive modes of computation, and (3) are
enhancement and suppression neural signals sufficient to make
same versus different decisions, and if so, how? Here, we examine
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possible answers to these questions by proposing a biophysically
based circuit model that can learn and perform a DMS task in its
entirety.

Materials and Methods

For the sake of concreteness, model simulations were performed with a
DMS task in which the stimulus feature is the direction of motion in a
field of moving dots (see Fig. 1 A). Using the motion direction stimuli has
three main advantages. First, the angle separation between any two mo-
tion directions is an analog quantity that objectively measures their sim-
ilarity. Parametrical variation of the angle between the sample and test
directions allows us to make quantitative predictions about neural en-
coding of similarity. Second, in the primates, processing of motion di-
rections depends on neural activity in the cortical area MT, where most
cells have bell-shaped tuning functions for the direction of motion (Dub-
ner and Zeki, 1971; Britten et al., 1992; Born and Bradley, 2005). The
encoding of motion directions by MT neurons is understood fairly well
and can be captured with recurrent neural network models. Finally, the
behavioral consequences of task difficulty for learning and performance
can be studied by varying the fraction of test stimuli that are similar (less
discriminable) to the sample. Although in this paper we focus on motion
directions, all presented computational principles are generic and can be
applied to other types of stimulus patterns.

Description of the model. The model consists of three interconnected
subsystems: the working memory (WM), comparison, and decision net-
works. All three are strongly recurrent networks with dynamics governed
by local excitation and feedback inhibition (Compte et al., 2000; Wang,
2002; Wong and Wang, 2006). In simulations, we used a reduced firing-
rate model that has been shown to reproduce neural activity of a full
spiking neuron network (Wong and Wang, 2006). In this framework, the
dynamics of each excitatory neural pool is described by a single variable s
representing the fraction of activated NMDA conductance, and the neu-
ral firing rate is described as a function of the total synaptic current. The
variable s is described by the following:

ds
i —s/t, + (1 — s)yAD), (1)

with y = 0.641 and 7, = 60 ms. The firing rate r is a function of the total
synaptic current I (Abbott and Chance, 2005; Wong and Wang, 2006) as
follows:

_ B al — b
r=f) = 1 — exp[—d(al — b)) )

with a = 270 Hz/nA, b = 108 Hz, d = 0.154 s. The total synaptic current
I consists of three main contributions: recurrent, sensory, and noisy, I =
I.+ I+ I,. Recurrent input to a neuron i in the population A originating
from the population B reads as follows:

= jEEBEJTASJB’ 3)
where g; ~*isasynaptic coupling between the neuron j in the population
B and the neuron i in the population A.

Neurons in the WM and comparison networks are spatially organized
and labeled by their preferred direction of motion 6; (from 0° to 360°).
Each population (WM, ME, and MS) was simulated by 256 discrete units
s; (i=1...256) with equally spaced preferred directions (0;,,, — 0, =
360°/256). Within each network, the synaptic couplings g;; between neu-
rons with preferred directions 6;and 6; have a Gaussian profile as follows:

gij(gi - 9]') =]+ Jiexp(—(0;, — Oj)z/zaz)’ (4)

with o = 43.2°. Parameters J_ and ], determine the amount of the
recurrent inhibition and excitation in the circuit. The WM network can
sustain persistent firing by reverberating activity because of strong recur-
rent excitation ( ]‘fM =22nA, J"™ = —0.5nA). In Figure 6, the peak
location of persistent activity pattern was characterized by a population
vector (Compte et al., 2000).
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The comparison network has match enhancement and suppres-
sion (ME and MS) neurons defined by heterogeneous top—down in-
puts. One subpopulation (ME neurons) receives excitation from the
WM circuit with the Gaussian profile as in Equation 4 and o = 43.2°,

WMEME — 0 A, JYMPME = 115 nA. The rest of the comparison
network are MS neurons that do not receive any top—down input
JWM=MS — XVM%MS = 0 nA. We assume that excitatory conductances of
the ME cells are weakened by a factor & = 0.975 because of a homeo-
static mechanism acting to compensate for the top—down excitation in
these cells. This homeostatic mechanism is operating on a very slow time-
scale, so that the value of « is held constant in all simulations. The compar-
ison network is strongly dominated by inhibition with ] = —8.5 nA,

JI:/IS%MS — ]JI:/[E~>M5 _ 0.4nAandIJI:4E4>ME — JI:/ISA)ME = JI:/[S~>M5.

When a motion direction stimulus 6, is presented, neurons in the WM
and comparison networks receive sensory currents that depend on the
preferred direction 6 of the neuron as follows:

I, = g. exp(—(6, — 0)*/207), (5)

where o, = 43.2°, ¢"™ = 0.02 nA, & = 0.13 nA, and & = g™ We
assume that sensory signals reach the WM circuit only when attention is
directed to store the sample in the WM. Signals form the test stimuli, as
well as from the sample in the passive condition (simulating the repeti-
tion suppression) do not reach the WM circuit. In all simulations, sen-
sory stimuli were presented for 0.6 s and separated by 1 s delay (except for
the results in Fig. 6).

Noisy current replicates background synaptic inputs and obeys:
T dl,/dt = —(I, — I,) + \/aa'"n(t), where 1(#) is a white Gaussian
noise, IOMS = 3.1 nA, IOME = odg/ls, IXVM = 0.3297, 1, = 2 ms, and
o, = 0.009 nA. For the results in Figure 6, the noise variance in the WM
circuit was increased to o ™ = 0.16 nA.

The ME and MS neurons have an additional current I, mimicking the
spike rate adaptation as follows: [™MPMSt = [ + [+ + I, whereby I, =
g.5,and g, = 0.003 nA. The dynamics of s, follows ds,/dt = —s/7, + r, with
7, = 10 s. We used a phenomenological model for the adaptation current,
since our aim was to explore interactions between the passive and active
memory mechanisms rather than to capture the precise biophysical mecha-
nism of adaptation.

The strength of the top—down connections i~ and the homeo-
static scaling parameter a were chosen so as to (1) achieve approximately
equal responses in the ME cells to the preferred match and in the MS cells
to the preferred nonmatch stimulus, and (2) replicate the experimentally
observed difference in response to the match and nonmatch stimuli in
the MS cells (see Fig. 1 D). The magnitude of the adaptation current g,
was adjusted to mimic the experimental pattern of the passive repetition
suppression in the MS cells (see Fig. 1C). Other observed firing rate
patterns in the comparison network (as discussed in Results) were not
purposely tuned.

The activities of the ME and MS neurons are pooled by the decision
circuit with two competing neural populations selective for choice
“match” and “nonmatch” (see Fig. 1 E). When stimulated, activities of
the two populations diverge according to winner-take-all dynamics, and
the decision of the model is determined by the population with a higher
activity. Across trials, the stochastic choice behavior of the decision cir-
cuit is characterized by a sigmoidal dependence of the probability PM to
choose match on the difference Al in synaptic input currents to the
match and nonmatch pools (Soltani and Wang, 2006):

PM = (1 + exp(—BAD)"". (6)

We used B =200 nA '

Plasticity rule. The synapses connecting comparison neurons with
the decision neurons are plastic. Each pair of presynaptic and post-
synaptic cells is connected by a set of binary synapses that are in either
a potentiated or a depressed state. The fraction ¢}, of synapses in the
potentiated state quantifies the strength of synaptic connection. Input
currents to the match and nonmatch populations are expressed
through the synaptic strengths as IMNM = ¢ (MMM Cyohere the
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sum goes through all neurons in the comparison network, r; are their
firing rates, and ¢ = 1 nA/Hz.

At the end of each trial, all synapses onto the chosen population
(match or nonmatch) are updated according to a reward-dependent
Hebbian plasticity rule. If the choice of the model is rewarded, the syn-
apses are potentiated [i.e., the synapses in the depressed state make a
transition to the potentiated state with the rate g, - q(r) referred to as the
learning rate (Fusi, 2002)] as follows:

c—c+qoq(r)(1 — o). (7)

If the choice of the model is not rewarded, the synapses are depressed as
follows:

c—>c—qoq(r)c. (8)

The maximal learning rate g, determines the speed of learning. The
learning rate gradually depends on the presynaptic firing rate: g(r) =
(1 + exp(—(r — ro)lo,)) ~'. Weused r, = 15 Hzand o, = 4 Hz. For the
results in Figure 9, we used g, = 10 ~°.

Simulations of the learning dynamics. For modeling the learning pro-
cess, it is computationally impractical to simulate the actual neural cir-
cuit (operating on the timescale of milliseconds) over thousands of trials.
We devised the following approach to bypass this difficulty while faith-
fully capturing the behavior of the system. First, for the decision network,
only the choice behavior but not the detailed temporal dynamics is im-
portant for learning. Therefore, on each trial, we evaluated the difference
in the input currents AI, computed P™ using Equation 6, and then
flipped a biased coin to determine the network choice on a single trial.

Second, we note that responses of the comparison neurons are not
affected by learning, which only adjusts the readout scheme from these
neurons. Therefore, to efficiently simulate the learning dynamics, we
created a database of neural responses to different combinations of sam-
ple and test stimuli and used the database to investigate the learning
process. Specifically, for each stimulus configuration, 100 trials of the
model dynamics were simulated and stored in the database (except for
500 trials were simulated for the results in Fig. 6). Each trial in the sim-
ulations of the learning dynamics consisted of four sequential steps: (1)
generate the sample and test motion directions according to the stimulus
statistics; (2) choose one trial from the database that corresponds to the
current sample and test directions; (3) evaluate the input currents to the
decision circuit AT = g%(M — ™)r,, and determine the network
choice; (4) update synapses according to the learning rule. This approach
is very efficient, since the database needs to be created only once, and
then learning dynamics can be simulated for different stimulus statistics
and different parameters of the plasticity rule using the same database.

The synaptic strengths were initialized with random values drawn
from the uniform distribution on [0, 1]. After the learning dynamics
reached a steady performance level, the psychometric function was ob-
tained by averaging the model performance over 10° trials (with ongoing
learning).

Steady-state calculations of the model performance. The synaptic
strengths and model performance in the steady state can be calculated
analytically. Let 6, be the sample direction, which is uniformly distrib-
uted on [0°, 360°]. Possible directional differences, match 6, = 0° and
nonmatch {6, # 0°} (i=1...N), have the priors p,and {p;}, respectively.
The firing rates of neurons in the comparison network r;(6,6,) depend on
the preferred direction 6, sample direction 6, and the directional differ-
ence 6, of the neuron. Hence the learning rate of each neuron on every
trial q[r,(6,6,)] also depends on 0, 0,, and 0;,. Averaging the update rule
Equations 7 and 8 over the sample direction results in the effective learn-
ing rate as follows:

9:(0) = (360°)"1f qlr(6,6,)]d6..

The effective learning rate is different for ME and MS neurons because of
difference in their firing rates, but it is the same for neurons with all
preferred directions 6 because of rotational symmetry of the ring archi-
tecture. Consequently, two sets of effective learning rates {g}"*} and {g}**}
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determine the steady state of learning (index i refers to the directional
difference 0;).

Since the effective learning rate does not depend on 0, the steady-state
values of synaptic strengths are also the same for neurons with all pre-
ferred directions. Hence, four synaptic strengths fully characterize the
steady state as follows: g, Chirs Cuis» Crie- The synaptic strengths of ME
and MS neurons obey the same equations, but they differ because of
different effective learning rates. The analytical expressions for the syn-
aptic strengths are readily obtained as follows:

Popgd%

M= (9)
PoPy'qo + ;Pipyqf‘
N
ZPi(l - Pg
CNM — i=1 (10)

= - .
po(1 = PY)go + ; pi(1 = PM)g

Here P} denotes the probability to choose match when the ith directional
difference is presented. The difference in synaptic strengths to the match and
nonmatch populations Ac = ¢™ — ¢™™ determines the difference in the
synaptic input currents A, = g[AcypSer™(0) + AcysSeri™(0)],
which in turn determines PM. Hence Equations 9 and 10 have to be
solved self-consistently, and we solve them numerically using the
Levenberg—Marquardt algorithm.

Once the steady-state solution is obtained, P provides us the psychomet-
ric function. The overall performance (i.e., the overall fraction of correct
responses) is then computed as follows: pOPI(;/I + 3N, p(1— PlM ). The psy-
chometric functions have sigmoidal shape and can be fitted with the func-
tion f{6) = ¢/(1 + exp(b(0 — a))) of three parameters a, b, and c. The fitted
value of cb/4 (measured in degrees ~ ') is called the slope of the psychometric
function and characterizes its steepness. The parameter c is the value of
the psychometric function at 0° directional difference (i.e., represents the
probability to correctly identify match). The psychometric threshold is
defined as the sample-test directional difference at which the perfor-
mance is 75% correct responses and is expressed through the fit param-
eters as a — blog(4c — 1).

In our model, the steady-state values of the synaptic strengths (Egs. 9,
10) depend on the prior probabilities for match p, and nonmatch stimuli
{p;}. In this way, the model adjusts the behavioral output to various
stimulus statistics, for example, when the match prior p, changes. Nota-
bly, the network model is not explicitly provided with the priors but
learns them through experience.

Ideal Bayesian observer. As a benchmark against which to evaluate the
network performance, we consider an ideal observer that performs the
task optimally using Bayesian inference. On each trial, the ideal observer
makes a match versus nonmatch decision based on observed data x (e.g.,
the firing rate) and the knowledge of priors p,, {p;}. Let p(x|6;) denote the
likelihood function of x when the directional difference 6 is presented.
The posterior distributions for match and nonmatch are computed using
Bayes’ rule:

P(X‘ OO)PO
. .
p(x[6)po + ;p<x\ei>pi

p(match|x) = (11)

where the denominator is p(x), and p(nonmatch|x) = 1 — p(match|x).
These posterior distributions can be used to make a decision using one of
several possible decision rules. For the strict Bayesian strategy, the alter-
native with the larger posterior is always selected; hence the probability to
choose match equals the following:

1, if p(match|x) > 0.5,

0, otherwise. (12)

P(match choice|x) = {

For a probabilistic Bayesian strategy, the alternatives are chosen with
probabilities equal to their posteriors; hence P(match choicelx) =
p(matchlx) in this case. The psychometric function P} for the ideal ob-
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Figure 1.  Delayed match-to-sample task, neural encoding of match/nonmatch, and schematic of the circuit model. 4, Left,

Random dot stimulus. Right, The DMS task. The sample stimulus is followed by a sequence of test stimuli separated by delays. A
behavioral response is required if the test matches the sample. B, Example trials in two versions of the DMS task. In the standard
task, all intervening nonmatches are different, and the match is the only perceptual stimulus repetition within a trial. In the ABBA
task, irrelevant repetitions of nonmatches should be ignored. €, Repetition suppression in inferior temporal cortex neurons in the
standard DMS task [data from Miller etal. (1993)]. Average responses across cells to the same set of stimuli appearing as a sample,
match, and nonmatch. D, Match enhancement and match suppression in two complementary populations of prefrontal cortex
neurons in the ABBA task [data from Miller et al. (1996)]. Average responses across cells to the same set of stimuli appearing as a
sample, match, nonmatch, and repeated nonmatch. E, Schematic of the circuit model. Neurons in the WM and comparison
networks (ME and MS subpopulations) are tuned to directions of motion (indicated by arrows) and receive directional bottom—up
input. Top—down projections from the WM to the comparison network are heterogeneous. ME neurons (red circles) receive
stronger top—down excitation than MS neurons (blue circles). The decision network (match and nonmatch subpopulations)
generates categorical match versus nonmatch choices by pooling activities of the ME and MS neurons through synapses that

undergo reward-dependent Hebbian plasticity.

server is then computed for each directional difference 6; by averaging
P(match choice|x) over the probability to observe the data x:

PM= jP(match choicelx) p(x|6;)dx. (13)

We assumed that, on each trial, the observed data value is x = 7(6,) + n,
where 7(0;) is the mean response when the directional difference 6; is
presented, and m is a Gaussian noise with zero mean and SD o-. Hence the
likelihood p(x]6) = ( \%)ﬂexp(—(x — 1(0))*(20%)). We considered
two different choices for r(6,): (1) average firing rate of the ME popula-
tion [ryg(0;)] (see Fig. 3C, red line); (2) difference in the average firing
rates of the ME and MS populations [ry,(0;) — rys(6;)] (see Fig. 3C, red
and blue lines). We also considered the case when x is a two-component
vector with the mean {ryg(0;), rys(0;)} and with two independent
Gaussian noises. Performance of the ideal observer was very similar in all
these cases and for both, strict Bayesian and probabilistic Bayesian, deci-
sion strategies.

For the comparison with the network model in Figure 7, we computed
performance of the ideal observer using x as the difference in the average
firing rates of the ME and MS populations and the strict Bayesian strat-
egy. The noise SD o was adjusted to approximately match the psycho-
metric threshold and the overall performance for the network model and
the ideal observer for p, = 0.5.

Alternative model. In the core of our model (see Fig. 10 A, two-pool
comparison model) are two neural populations, ME and MS neurons,
that perform the comparison computation and exhibit complementary
tuning to the sample test similarity (see Fig. 3C). We have also considered
an alternative model based on simple addition of two signals: sensory
input from the test stimulus and WM input representing a stored sample.
The addition computation can be performed by a single neural popula-
tion with converging sensory and WM inputs (see Fig. 10A, one-pool

In the one-pool model, larger overlap be-
tween the top—down and bottom—up inputs
leads to higher overall activity in the addition
population. As a result, the average firing rate
in the addition population gradually decreases
with directional difference between the sample
and test, resembling similarity tuning of the
ME neurons in the two-pool model (see Fig.
10B,C, solid black lines). Match/nonmatch
decisions can be read out from the single addi-
tion population by a simple threshold mecha-
nism. Specifically, we assumed that the
probability of the match decision is given by a
sigmoidal function as follows:

r—ra)) !
0-7 >> ’ (14)

where r is the averaged firing rate in the addi-
tion population, r, is the firing-rate threshold, and parameter o, deter-
mines precision of the readout system.

To illustrate differences in behavioral performance of the one- and
two-pool models, we asked how robust is the performance of each model
to changes in the input strength (e.g., because of change in the contrast of
visual stimuli) (see Fig. 10 A, B). To this end, we simulated neural activity
in both models in response to test stimuli with control ( g, = 0.13 nA)
and doubled (g, = 0.26 nA) strength. For fair comparison, with the
control stimulus strength, the parameters r, and o, in Equation 14 for
the one-pool model were adjusted such that the psychometric function
matches for the two models. With the doubled stimulus strength, the
performance of both models was tested with the parameters of the read-
out systems fixed at the values obtained for the control stimulus strength.

M= (1 + exp(—

Results

Computational hypotheses: building blocks of the

circuit model

The model comprises three interconnected local circuits that cor-
respond to three basic operations involved in the DMS task: the
WM, comparison, and decision neural networks (Fig. 1E) (for
details, see Materials and Methods). Neurons in the WM and
comparison networks are tuned to motion directions and receive
directional bottom—up inputs. The top—down projections from
the WM circuit to the comparison network are excitatory and
topographically organized: neurons with similar preferred direc-
tions are more strongly connected. Sample stimulus triggers per-
sistent firing in the WM circuit, which represents a memory of the
sample. This internal representation of the sample is maintained
during the delay through reverberating neural activity (Camperi
and Wang, 1998; Compte et al., 2000; Gutkin et al., 2001; Wang,
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2001) and provides a top—down signal to modulate neural re-
sponses to test stimuli in the comparison network.

The core component of the model is the comparison network.
Neurons in the comparison network respond differently to the
test stimuli depending on whether they match the sample and in
this way implement the comparison operation. The match/non-
match sensitive modulations of responses arise from three simple
biophysical ingredients. First, all cells in the comparison network
are endowed with an adaptation current with a long time con-
stant (~10 s) (Sanchez-Vives et al., 2000; Wang et al., 2003; Pul-
ver and Griffith, 2010). The spike rate adaptation leads to a
diminished response to any repeated stimulus and thus captures
passive repetition suppression. Second, the top—down projec-
tions from the WM circuit are topographically organized but
naturally heterogeneous: just by chance different cells within
each column receive different amount of top—down excitation.
The cells that receive stronger top—down excitation (Fig. 1 E, red)
show active ME, and the cells that receive weaker top—down ex-
citation (Fig. 1E, blue) show MS, as explained in the following
section. Finally, homeostatic regulation of excitatory synapses
(Turrigiano et al., 1998; Renart et al., 2003) acts to maintain the
average firing rate in the network and to keep the overall amount
of excitation approximately equal for all cells. As a result, the
recurrent and bottom—up synapses on the ME cells are slightly
weakened to compensate for the top— down excitation, compared
with the MS cells. As we shall see, the difference in strength of
recurrent connections in the ME and MS cells is crucial to gener-
ate enhanced responses to nonmatches in the MS cells. Note that
the homeostatic mechanism is operating on a very slow timescale;
hence in all simulations the difference in strength of recurrent
connections in the ME and MS cells is held constant.

It is noteworthy that the model assumes that the ME and MS
effects arise naturally from heterogeneous top—down excitation
and inhibition-dominated recurrent dynamics in the compari-
son network, and no learning is involved in shaping responses of
the ME and MS neurons. It is possible that different tasks may
engage ME and MS cells differently. For instance, in a task in
which working memory might not be necessary, the ME cells
might not receive top—down inputs and therefore would show
passive repetition suppression.

The activity of the ME and MS neurons is readout by a down-
stream decision network, modeled similarly as in the previous
work (Wang, 2002; Wong and Wang, 2006), that generates cate-
gorical match versus nonmatch decisions. The decision network
comprises two neural populations: match neurons (Fig. 1E, or-
ange) and nonmatch neurons (Fig. 1E, purple) fire at higher rate
for match and nonmatch decisions, respectively. Unlike the com-
parison neurons, which exhibit ME and MS as a modulation of
their selectivity for motion direction, the decision neurons carry
a pure decision (response) signal and are not selective to any
stimulus feature. In addition, the decision neurons acquire their
decision (response) preferences through learning. The synapses
connecting the comparison and decision networks undergo
reward-dependent Hebbian plasticity (Soltani and Wang, 2006,
2010; Fusi et al., 2007). We will show that learning ultimately
generates connectivity profiles such that the activity of the ME
and MS neurons can be read out differently by the decision net-
work in a way that allows flexible mapping of comparison signals
onto arbitrary motor response. The model is able to learn differ-
ent variants of the DMS task using the same ME and MS signals,
and to flexibly adjust the decision criteria when the stimulus
statistics are changed.
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In the model, we do not assign the working memory, compar-
ison, and decision-making operations to specific brain areas. The
local cortical circuits for these three basic operations may be lo-
cated within a single brain area, or be distributed across several
areas. For example, subpopulations of neurons in the prefrontal
cortex exhibit activities consistent with all operations involved in
the DMS task: sample-selective delay activity, ME/MS compari-
son signals, and match/nonmatch decision signals (Miller et al.,
1996; Freedman et al., 2002). However, ME and MS neural signals
have also been observed in the parietal areas 7a (Rawley and
Constantinidis, 2010), LIP and MIP (Swaminathan et al., 2010),
in the inferior temporal cortex (Miller and Desimone, 1994;
Freedman et al., 2003), and in the area V4 (Kosai et al., 2010).
These areas differ in the magnitude, latency, and the proportion
of neurons carrying each type of signal. This suggests that they are
playing distinct or complementary roles in the match/nonmatch
decision making, but which area is the source of comparison and
decision signals remains to be elucidated in the future.

Active and passive comparison mechanisms

We first consider the dynamics of the comparison network (Fig.
2). The top—down input modulates neural activities without dis-
rupting selectivity for motion direction. Neurons respond to
their preferred test stimuli, but the response is higher in the ME
cells than in the MS cells if the sample was also the preferred
stimulus (match), and vice versa if the sample was the anti-
preferred stimulus (nonmatch) (Fig. 2A-C). The ME and MS
effects are specific for behavioral matches (i.e., for stimuli that
match the sample stored in the WM circuit), as demonstrated by
the responses to repeated nonmatch in Figure 2, A and C. The
model thus reproduces the salient neural activity patterns ob-
served in behaving monkeys (compare Figs. 2C, 1 D). Interestingly,
the model makes a testable prediction that the ME cells exhibit
sample-selective delay activity (Fig. 24, B). The delay activity in
the ME neurons is induced solely by the top—down input, since
the comparison network is dominated by recurrent inhibition
and cannot sustain persistent firing on its own.

If the sample-tuned modulation from the WM circuit is dis-
rupted (e.g., if the sample stimulus does not trigger persistent
firing or if the top—down connections are absent), the active
mechanism is abolished and the passive repetition suppression
prevails in all cells in the comparison network (Fig. 2 D-F; com-
pare with experimental data in Fig. 1C). The passive mechanism
does not distinguish behaviorally relevant and irrelevant repeti-
tions; hence responses to match and repeated nonmatch are
equally suppressed.

The circuit mechanism of active enhancement and suppres-
sion is illustrated in Figure 3, A and B. In the nonmatch condition
(Fig. 3A), the bottom—up and top—down inputs target different
columns in the ME population. The neurons tuned to the test
stimulus are effectively driven by the bottom—up and recurrent
inputs only. In this case, the ME cells have lower activity than the
MS cells, since the recurrent and bottom—up synapses are weaker
in the ME cells. In the match condition (Fig. 3B), the bottom—up
and top—down inputs converge to the neurons within the same
column. In this case, the top—down input compensates for the
weaker recurrent excitation in the ME cells as well as for the
adaptation-induced reduction in their responsiveness. Conse-
quently, the ME cells show higher activity than the MS cells.

The dynamics in the comparison network have to be strongly
dominated by recurrent feedback inhibition to achieve that the
response to match stimuli is lower in the MS cells than in the ME
cells. Indeed, in the match condition, the total activity of the ME
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stimulus. This difference in firing of the
ME and MS cells is what is used by the
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Figure 2.  Active and passive memory mechanisms in the circuit model: active match enhancement and suppression (A-C),  the sample. The directional difference be-

passive repetition suppression (D-F). A, D, Spatiotemporal activity pattern in the WM, ME, and MS populations in an ABBA task,
where a sample (90°) is followed by two nonmatch test stimuli (270°) and then by the final match (90°). x-axis, Time; y-axis,
neurons labeled by their preferred directions; firing rate is color-coded. A, Comparison neurons respond to their preferred stimuli,
but the activity is higher in the ME cells than in the MS cells for the match, and vice versa for the nonmatch stimuli. D, If the activity
in the WM circuit is disrupted, passive repetition suppression prevails in the comparison neurons. B, E, Firing rates of a neuron
preferring the test stimulus on two trials: when the test appears as a match (orange line) and as a nonmatch (purple line). In the match
condition, the sampleis also the preferred stimulus for this neuron, and in the nonmatch condition the sample is the antipreferred stimulus.
Note sample-selective persistent activity in the ME cell during the delay. C, F, Average responses to the preferred stimulus of the
neuron appearing as a sample, match, nonmatch, and repeated nonmatch. These model results account for the single-neuron

activities recorded from behaving monkeys in Figure 1, Cand D.

and MS cells, and hence the recurrent excitation to the MS cells
(that have stronger recurrent synapses), is comparable with that
in the nonmatch condition. Nevertheless, in the match condi-
tion, the MS cells show lower activity than in the nonmatch con-
dition. This is possible if the overall feedback inhibition is higher
in the match than in the nonmatch condition. Since the feedback
inhibition is approximately proportional to the summed activi-
ties of the ME and MS neurons, a signature of this network mech-
anism is that the total activity of the ME and MS cells is slightly
higher in the match than in the nonmatch condition. In other
words, the response of the ME cells in the nonmatch condition is
lower than the response of the MS cells in the match condition
(Figs. 2C, 3C). Our proposed mechanism of enhancement and
suppression hence accounts for some subtle details of the exper-
imental data shown in Figure 1 D. Notably, the overall activity in
the comparison network is higher for match than for nonmatch
stimuli despite the passive adaptation acting to reduce firing of
the mostly active cells in the match condition.

When examining firing patterns in the comparison network,
for all possible comparisons across different cell types and sam-
ple/match/nonmatch conditions, what matters the most is the
difference in response of the ME and MS cells to the same test

tween the sample and test determines the
amount of overlap between the bot-
tom—up and top—down inputs to the ME
population (Fig. 3A). The larger this over-
lap is, the higher is the overall activity in
the ME population. Accordingly, the re-
sponse of the ME population is the highest
in the match condition and gradually de-
creases with the directional difference,
whereas the MS population exhibits the
opposite pattern (Fig. 3C). In this way,
neurons in the comparison network exhibit sigmoidal tuning to
similarity between the sample and test, whereby activity of the
ME cells increases and that of the MS cells decreases for more
similar stimuli. Our model makes it explicit that similarity
tuning is required to perform a DMS task and predicts that
match enhancement and suppression effects are tuned to sim-
ilarity in complementary ways. This predication can be tested
experimentally.

Since a match/nonmatch decision is expected to rely on the
differential signals from the ME and MS neurons, a key prop-
erty of the network is the value of the directional difference at
which the sample-test similarity tuning curves of the ME and
MS cells cross. This value depends on the width of neural
tuning in the WM and comparison networks, which is ~30°—
50°, comparable with those observed in cortical neurons (Albright,
1984). Consequently, the two similarity tuning functions are coarse,
and the crossing point is at ~70° (Fig. 3C, dashed vertical line).
This raises two questions: Is the coarseness of the similarity
tuning the main factor limiting the decision accuracy, and how
can coarsely tuned neurons carry out fine discriminations?
These questions are addressed in the following sections, in
which we propose a downstream decision circuit that gener-
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Figure 3.  Circuit mechanism of match enhancement and suppression and neural tuning to
the sample-test similarity. 4, B, Left, Configuration of the top— down (green) and bottom—up
(red) inputs to the ME population in the nonmatch (4) and match (B) conditions. Right, A
column with the ME and MS neurons preferring the test stimulus is drawn. A, Nonmatch con-
dition, The MS neuron has higher activity because of stronger recurrent excitation (thick blue
arrows). B, Match condition, Top— down input compensates for weaker recurrent excitation,
and the ME neuron has higher activity. €, Similarity tuning. Average population firing rate for
the ME (red line) and MS (blue line) neurons as a function of directional difference between the
sample and test. The ME and MS populations are parametrically tuned to the sample-test
similarity in complementary ways.

ates match/nonmatch choices based on activities of the ME
and MS neurons.

Learning to compute the match/nonmatch decision

The decision circuit comprises two competing neural popula-
tions selective for the choices (e.g., match and nonmatch) (Fig.
1 E) and exhibits winner-take-all dynamics. Across trials, the sto-
chastic choice behavior in the decision circuit is characterized by
a sigmoidal function, which represents how the probability of
making a choice depends on the difference in synaptic input cur-
rents to the two competing neural populations (Soltani and
Wang, 2006) (Fig. 4B). Since the ME and MS neurons are entan-
gled within the comparison network and have the same cellular
properties, it is reasonable to assume that the ME and MS neu-
rons are all connected to both selective populations in the deci-
sion circuit. Specific connectivity profiles that differentially
weight activities of the ME and MS neurons should emerge from
experience-dependent learning (Fig. 4A).

We used a reward-dependent Hebbian learning rule similar to
that in the previous work (Soltani and Wang, 2006, 2010; Fusi et
al., 2007) (see Materials and Methods), but with the additional
assumption that the synaptic potentiation/depression rate ¢
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q(r) is an increasing function of the presynaptic firing rate r (Fig.
4C). Since neurons in the decision circuit have binary (high or
low) activities, for simplicity we reduce the dependence on the
postsynaptic firing to a binary rule: only synapses onto the pop-
ulation with the high activity (i.e., for the winner that determines
the choice) are updated. Synapses are potentiated in reward trials,
and depressed in error trials.

Gradual dependence of q(r) on the presynaptic firing is the key
to learning the task. Consider a ME cell and a MS cell preferring
the test stimulus, and consider their four connections to the
match and nonmatch populations, e\, s Cris> Cnre. (Fig. 4A). If
the test stimulus is a match, then the firing rate and hence the
amount of potentiation/depression is slightly higher for the
ME cell (Fig. 4C). The match choice is rewarded in this con-
dition and induces potentiation in both cells, but synapses
from the ME cell are potentiated more than those from the MS
cell (Fig. 4C), leading to ¢}z > c}is. The nonmatch choice is
not rewarded in this condition, and synapses from the ME cell
are depressed more than the synapses from the MS cell, lead-
ing to chy < chie. The similar argument applies to the case of
a nonmatching test. In this way, learning eventually gives rise
to a synaptic connectivity profile such that the ME and MS
neurons preferentially target the match and nonmatch popu-
lations, respectively (Fig. 4A,D).

If learning is performed with randomized direction of the
sample stimulus, all motion directions are presented equally of-
ten during the test. As a consequence, the steady-state synaptic
strength for each comparison neuron is independent of its pre-
ferred motion direction. That is, four values, c\ig, Chms Chiss Crrts
fully characterize the steady state of the learning process (Fig.
4D). The steady-state values of synaptic strengths can be calcu-
lated analytically (see Materials and Methods), which in turn
allow us to calculate the psychometric function of the network (Fig.
4E, F). The steady-state prediction is the upper bound on the behav-
ioral performance. Ongoing learning in the network produces time-
varying fluctuations of synaptic strengths around their steady-state
values, which results in slightly lowered performance. The magni-
tude of these fluctuations increases with the maximal learning rate
qo- There is therefore a trade-off between faster learning and higher
accuracy (Fig. 4E,F). For sufficiently low g, the performance ap-
proaches the steady-state level.

What determines the behavioral performance
Behavioral performance in our model is jointly determined by
three factors: firing rates of neurons in the comparison circuit,
sensitivity of the decision circuit, and the profile of synaptic con-
nections between the comparison and decision networks. To
discern contributions from each of these three factors, we com-
puted the performance of the model, allowing one of them to vary
while holding the remaining two factors fixed (Fig. 5). It is in-
structive to perform this analysis using linear similarity tuning in
the ME and MS populations as well as linear dependence of the
learning rate g(r) on the firing rate, as we have assumed for the
results in Figure 5. Linear similarity tuning allows us to determine
and parametrically vary the sharpness of tuning through just a
single parameter, the tuning slope o. Moreover, the slope « is the
same for all directional differences and the accuracy at small di-
rectional differences is not constrained by the nonlinear satura-
tion as it is the case for sigmoidal tuning.

First, consider how the performance of the model depends on the
synaptic connectivity profile, with the parameters of the comparison
and decision networks fixed. In Figure 5B, we plot the overall per-
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Figure4. Learning the DMS task through reward-dependent Hebbian plasticity. 4, Schematic of synaptic connections between

the comparison (ME and MS) and the decision (match and nonmatch) populations. Through synaptic plasticity, a connectivity
profile emerges such that the ME and MS neurons preferentially target match and nonmatch populations, respectively (i.e.,
Acye = Al — o > 0and Acys = chis — cae << 0). B, Inthe decision circuit, the trial-averaged performance
is captured by the sigmoidal dependence of probability to choose match on the difference in synaptic input currents to the match
and nonmatch populations, A/ = g [Acyehye + Acyshys)- Firing rates of the match (orange) and nonmatch (purple) popula-
tions in 10 simulated trials are shown in two cases: for A/ = 0 when match and nonmatch are chosen equally often; for A/ >0
when match is chosen more frequently than nonmatch. €, Learning rate is a monotonically increasing function of the presynaptic
firing rate. The arrows indicate the firing rates of a ME (red) and MS (blue) neuron in response to their preferred stimulus appearing
as matchand as nonmatch (0°and 180° directional difference, respectively). D, Spatiotemporal dynamics of the synaptic strengths.
Differences of the synaptic strengths Acy, and Acys are color coded for all comparison neurons. x-axis, Trial number; y-axis,
presynaptic neurons labeled by their preferred directions. E, In the learning process, the fraction of correctly performed trials
increases faster for higher learning rates g, Solid black line, Steady-state performance; dashed line, chance level. F, Psychometric
function obtained from the steady-state calculations (black line) and from simulations with different g, (colored circles). The
performance approaches the steady-state level for sufficiently low g,. Stimulus statistics is the same as in Figure 7 for p, = 0.5.

formance of the model (percentage correct responses) as a function
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this case, the model always generates the
same response and the performance is at
chance level (Fig. 5B, green area). If Acyg
< 0 and Ac¢yg > 0, then the match re-
sponse is more probable when the activity
in the MS population is higher (i.e., for
large directional differences) and less
probable when the activity in the ME pop-
ulation is higher (i.e., for small directional
differences). In this case, the performance
is worse than chance (Fig. 5B, blue area).
Finally, the region where Acy; > 0 and
Acyys < 0 corresponds to the ME and MS
cells being more strongly connected to the
match and nonmatch populations, re-
spectively. Here, the match response is
more (less) probable for small (large) di-
rectional differences and the performance
is higher than chance (Fig. 5B, yellow-to-
red area).

Let us now see how within this region,
where Acy; > 0 and Acyg < 0, the per-
formance and the psychometric threshold
of the model depend on the relative mag-
nitudes of synaptic strengths, A = |Acys/
Acygl. In this region, the difference in
synaptic currents can be rewritten as AI =
| ALy |ALys|, where [Alyg| =
glAcyg|rue and [Alys| = glAcys|rus. The
dependence of these two contributions on
the directional difference is obtained just
by multiplying the similarity tuning
curves of the ME and MS neurons by their
respective |Ac| values (Fig. 5C). The direc-
tional difference at which |AL|(6;) and
|Als|(0;) curves cross corresponds to
AI = 0 [ie, to P(match) = P(non-
match) = 0.5] and is referred to as the
point of subjective indifference (PSI). Let
us see how PSI, and consequently the psy-
chometric threshold, depend on the pa-
rameter A. For A = 1 (ie., |Acys] =
|Acyig))s the two curves, |ALyg|(0;) and
|ALs](6,), cross exactly at the same direc-
tional difference where ry(0;) and
rus(0;) curves cross (Fig. 5C, orange
lines). Since the similarity tuning in the
ME and MS neurons is coarse, the PSI and
the psychometric threshold are large
(~90°) in this case. For A < 1 (i.e., |Acyg|
< |Acy)), the crossing point of |ALyg|(6))

of differences in synaptic strengths Aqyy = A — oy and Agys

= s — Ows- The synaptic strengths in Figure 5B are not adjusted by
learning, we rather ask how well does the model perform for given values
of synaptic strengths. Note that —1 = Ac =< 1, since the synapses are
bounded0 =c=1.

Probability of choices in the decision circuit depends on the
difference in input currents to the match and nonmatch selective
populations, AI = g[Acyprve + Acustus)- If both Acy and
Acyys have the same sign, which means that both ME and MS cells
are more strongly connected to the same pool in the decision
circuit, then Al has the same sign for all directional differences. In

and |AlL|(0;) shifts to even larger directional differences (Fig.
5C, blue line). Hence the PSI and the psychometric threshold
increase, which is reflected in lower overall performance (Fig. 5B,
yellow off-diagonal area). In contrast, for A > 1 (i.e., |Acys| >
|Acyg)), the crossing point of |ALy|(6;) and |AL|(6,) shifts to
smaller directional differences (Fig. 5C, green line). The PSI and
the psychometric threshold decrease and the overall performance
increases (Fig. 5B, dark-red off-diagonal area) until the imbal-
ance between |Acyg| and |Acy,s| reaches the value where |Al| <
|ATs| for all 6; and the performance quickly drops to the chance
level [the drop-off happens within the range of Al values in which



6990 - J. Neurosci., May 11,2011 - 31(19):6982— 6996

the choices in the decision network are sto-
chastic (Fig. 5B, right panel)]. The perfor-
mance drops off sharply because of the
discontinuity in the correct response: 0° is
the match, but any nonzero directional dif-
ference is a nonmatch. As long as the curves
|ALyi|(6;) and |ALL|(6;) cross just between
0° and the smallest nonmatch directional
difference ¢, (which is 5° in Fig. 5), the per-
formance is the best possible, but a small
change in the synaptic strengths resulting in
|ALyi|(0°) < |AIys|(0°) will cause the net-
work to respond “nonmatch” to 0° direc-
tional difference and hence the chance level
performance. Note that the reward-
dependent learning naturally adjusts synap-
tic strengths (Fig. 5B, white star) and drives
the network as close as possible to the best
performance, but far enough from the
drop-off boundary so that fluctuations of
synaptic strengths do not result in the
chance level performance.

Another overall trend is that the perfor-
mance slightly improves for larger values of
|Ac|. This is because larger Ac result in larger
absolute values of Al for which the choices
of the decision network are less stochastic
(Fig. 4B). For the parameters as in Figure
5B, the performance of ~100% correct can
be achieved with large enough |Ad. How
well does our learning rule perform com-
pared with what is optimally possible? The
steady-state values of Ac resulting from the
learning rule (Fig. 5B, white star) corre-
spond to 95% correct performance, which is
slightly less than optimally possible. This is
because the absolute values of learned Acare
small. These values reflect the difference in
the average firing rate of a cell on rewarded
match and nonmatch trials, and since the
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decision circuit, and the profile of synaptic connections between the comparison and decision circuits. For this simplified analysis, we
assumed linear similarity tuning in the ME and MS populations as well as linear dependence of the learning rate g(r) on the firing rate.
Specifically, we used the functions fyy¢ s(x) = = cx + 0.5(1 5 cv), where the upperand lower signs refer to the ME and MS populations,
respectively. For different directional differences 6, the firing rates followed: ry¢ y(6/180°) = 12 Hz fyyc 3ys(x), and the leaming rates
were just Gy s(6/180°) = fye ws(x). A, The parameter o determines the sharpness of similarity tuning in the ME (solid lines) and MS
(dashed lines) populations, whereby larger «x corresponds to larger difference between the activities of the ME and MS populations. B, The
overall performance of the model (fraction of correct responses) color coded as a function of synaptic differences A, and Aqyys. Right
panel, Zoom into the region of small Ac. The white star indicates the steady-state Ac obtained through leaming. « = 0.4and 3 = 200
nA " are fixed. €, Two contributions to the difference in postsynaptic currents, |Al,,¢| (solid lines) and | Als| (dashed line) for different
values of A = |A¢s/Acy|- The crossing point of these two curves and hence the psychometric threshold shift to larger directional
differences for A << 1, and to smaller directional differences for A > 1. & = 0.4. D, Dependence of the psychometric function on the
sharpness of similarity tuning in the comparison network. Sharper tuning (corresponds to larger values of cv) results in lower psychometric
threshold, larger slope of the psychometric function, and better overall performance. 3 = 200 nA " is fixed. E, Dependence of the
psychometric function on the sensitivity of the decision network. Higher sensitivity (corresponds to larger values of 3) results in lower
psychometric threshold, larger slope of the psychometric function, and better overall performance. o = 0.4is fixed. The synaptic strengths
in Dand E are adjusted through learning. Stimulus statistics is the same as in Figure 7 for p, = 0.5.

similarity tuning is smooth, the steady-state
Ac are small.

The dependence of the behavioral performance of the model on
sharpness of the similarity tuning (parameter «) and on sensitivity of
the decision circuit (parameter (3) is presented in Figure 5, D and E,
respectively. Here, synaptic strengths are adjusted through learning
using linear ME and M tuning curves (Fig. 5A). Shallower similarity
tuning as well more stochastic decision circuit have similar effect on
the behavior, producing decrease in the overall performance, in-
crease in the psychometric threshold, and decrease in the slope of the
psychometric function.

Degradation of performance with memory delay

In working-memory tasks, performance accuracy is known to
decay with the duration of the memory delay (Pasternak and
Greenlee, 2005). We propose that the main cause of worsened
performance is degradation of the sample memory because of
fluctuating neural dynamics in the WM circuit. After the sample
stimulus is withdrawn, the WM circuit maintains its memory by
reverberating activity. However, random fluctuations in the WM
circuit can move elevated activity from one group of neurons to
another, causing random drifts of the remembered sample (Fig.
6B). The variance of the sample memory grows linearly with

time, consistent with a diffusion process (Camperi and Wang,
1998; Compte et al., 2000; Chow and Coombes, 2006; Carter and
Wang, 2007) (Fig. 6A). Although a persistent activity pattern can
be maintained for many seconds, the correlation between its peak
(remembered sample) and the actual sample direction decays
with time. Test stimuli are therefore compared with a corrupted
memory of the sample, which leads to poorer performance (Fig.
6C,D). The model predicts that the psychometric threshold in-
creases with the delay, in part because of a decrease in the slope of
the psychometric function (i.e., decrease in sensitivity). The de-
cay of relative discrimination with the memory delay (Fig. 6 D)
provides an explanation for several similar experimental obser-
vations (Pasternak and Greenlee, 2005).

Combining sensory evidence with priors by plastic synapses

In our model, synaptic modifications depend on the firing rates
of neurons and the reward signal. Different statistics of stimuli
used in the learning process entail a change in the statistics of
firing rates. The ensuing plasticity could lead to synaptic
strengths that adapt to the sensory environment and so optimize
the network performance. Note that adapting to different stimu-
lus statistics and task/reward rules does not require any change in
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Degradation of performance in the DMS task with memory delay. 4, Memory of the sample is encoded by the peak location of the bell-shaped persistent activity pattern in the WM circuit

(see Materials and Methods). Variance of the remembered sample growths linearly with time, consistent with a diffusion process. The insets show the probability density for the remembered sample
after 15 (orange) and 10's (blue) delays (gray histogram, simulations; solid color line, Gaussian fit). B, Example traces for the peak location of the persistent activity pattern in the WM circuit, which
represents the sample memory during the delay. C, Psychometric function in the DMS task for different durations of the memory delay. D, Psychometric threshold increases and the slope of the
psychometric function decreases for longer delays. The overall performance decreases for longer delays but remains at relatively high level for all delays. Relative discrimination (ratio of the threshold
at 0.2 s delay to the threshold at longer delays) decreases with the delay duration, which accounts for the psychophysical observations with monkeys (Pasternak and Greenlee, 2005). Stimulus

statistics is the same as in Figure 7 for p, = 0.5.

the model architecture or in the response properties of the ME
and MS neurons. The same ME and MS neural signals can be used
differently by the decision network because of flexible readout
adjusted by reward-dependent plasticity.

Consider the impact of varying the prior probability p, that a
test stimulus is match (Fig. 7). Evidently, changing the prior does
not affect performance for easily discernible nonmatches with
large directional differences (Fig. 7B). However, if the sample and
test are very similar, then a nonmatch is difficult to be discrimi-
nated from the match. Indeed, the test—sample similarity (as well
as the activity in the ME and MS pools) (Fig. 3C) changes
smoothly with their directional difference, whereas the correct
response exhibits a discontinuity: 0° is the match, but any non-
zero (within given tolerance) directional difference is a non-
match. Hence there is a trade-off: higher probability to correctly
identify the match implies more errors on the nonmatches simi-
lar to the sample. To optimize performance, the behavior should
be biased toward correct responses on the conditions (match or
nonmatch) that are encountered more frequently.

Our plasticity rule naturally implements this trade-off (Fig.
7B). This is because synaptic modifications for a given stimulus
contribute to the cumulative synaptic strength across trials in
proportion to the frequency of its occurrence (Soltani and Wang,
2010). In this way, synaptic strengths encode priors (see Materials
and Methods), which biases the behavior toward higher perfor-
mance on stimuli that are more frequently encountered (Fig. 7B).
The model makes a testable behavioral prediction that the psy-
chometric threshold increases with the prior probability of the
matching test (Fig. 7D), which is consistent with human psycho-
physics data (Vickers, 1979).

To compare with our neural circuit model, we computed per-
formance of an ideal Bayesian observer (Fig. 7C) (see Materials
and Methods). The network model and the ideal observer exhibit
similar trends in how the psychometric function depends on the
prior. The psychometric threshold (Fig. 7D), the probability to
correctly identify match (Fig. 7F), and the slope of the psycho-
metric function (Fig. 7E) increase for larger match prior p,. Al-
though changes in the psychometric function of the network

model differ quantitatively from the ideal observer, their overall
performance is virtually the same (Fig. 7G). For alow match prior
Do» this is because of the aforementioned trade-off: the ideal ob-
server identifies match stimuli more accurately than the network
model, but at the same time it produces more errors on non-
match stimuli that are similar to the sample. For a high match
prior p,, the ideal observer performs better than the network
model on nonmatch stimuli with intermediate directional differ-
ences ~30°-50°. However, because these stimuli occur very
rarely when p, is high, there is no improvement in the overall
performance. Therefore, we conclude that our biologically plau-
sible mechanism achieves the same performance level as an ideal
Bayesian observer.

Range of sample test similarities affects performance
Variations of the range of sample test similarities affects behav-
ioral performance by implicitly changing priors for nonmatch
stimuli that are similar to the sample. Consider a situation when
the prior for a matching test is fixed at 0.5, but nonmatch simi-
larity is varied by changing the range of directional differences
used in the training (Fig. 8 A). Nonmatches similar to the sample
(5°=20°) appear less frequently when the distribution of direc-
tional differences is broader (Fig. 8C, gray bars). Since the syn-
apses compute priors for all stimuli, the behavior again reflects
the trade-off involved in discrimination of the match from very
similar nonmatches (Fig. 8 B, C). For a narrower range of direc-
tional differences, the accuracy of correctly identifying match is
sacrificed for better performance on very similar nonmatches
reflecting the increase in the prior probability for the latter (Fig.
8C). However, narrowing the range of directional differences also
makes the task more difficult. The model predicts that the overall
performance deteriorates with a decreased range of directional
differences and eventually becomes just slightly above the chance
level (Fig. 8 D).

Adjusting the readout scheme to the task demands
The psychometric thresholds in Figures 7 and 8 are ~30°-60°,
which agrees with the thresholds reported in monkey DMS par-
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Figure 7.  Plastic synapses encode priors for match and nonmatch and act to optimize per-
formance. A, Schematic of the stimulus statistics in the DMS task with different priors for match.
Sample motion direction is drawn from a uniform distribution on [0°, 360°]. Match (red arrow)
corresponds to zero directional difference. Nonmatches (blue arrows) differ from the sample by
AO = {£5° £10°... =180°, which are all equally probable. Note that the smallest
nonmatch directional difference is 25°, which sets the tolerance level. Match and non-
match trials are randomly interleaved. Prior probability for a match trial is p, (indicated by
the thickness of the red arrow). B, Performance of the network model for different match
priors p, (colored lines labeled by p, values). €, Performance of the ideal Bayesian observer
for different match priors p,. In both cases (B, ), the psychometric function changes
toward higher probability to choose match as p, increases, which reflects the trade-off
involved in fine discrimination between the match and nonmatch stimuli that are similar
to the sample. D-G, Psychometric threshold (D), slope of the psychometric function (E),
probability to correctly identify match (F), and the overall performance (G) for the net-
work model (colored symbols) and for the ideal Bayesian observer (gray symbols) as
functions of the match prior p,. Although changes in the psychometric function of the
network model differ quantitatively from the Bayesian strategy, the overall performance
of the network is virtually the same as for the ideal Bayesian observer.

adigms (Zaksas and Pasternak, 2006) but is substantially larger
than the thresholds of ~1°-2° reported in human and monkey
fine discrimination paradigms (Hol and Treue, 2001; Pu-
rushothaman and Bradley, 2005). In fine motion discrimination,
the sample typically has a fixed reference direction (e.g., upward),
and the task is to judge whether a subtle deviation in the test
direction is clockwise or counterclockwise relative to this refer-
ence (Purushothaman and Bradley, 2005). It has been proposed
that not all neurons equally contribute to such fine discrimina-
tion decisions but that the neurons most sensitive to small
changes in the relevant feature have the highest impact (Hol and
Treue, 2001; Purushothaman and Bradley, 2005; Jazayeri and
Movshon, 2007; Law and Gold, 2009). For fine motion discrim-
ination, the most sensitive are neurons tuned 40°-70° away from
the reference direction, so that the reference direction is on the
“flank” of the tuning curve, where its slope and hence the sensi-
tivity of the neuron is the highest. Psychophysical (Hol and
Treue, 2001; Jazayeri and Movshon, 2007) and neurophysiolog-
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decreases, the probability to correctly identify very similar nonmatch (purple square) increases
along with its prior probability (gray bar), whereas the probability to correctly identify match
(orange circle) decreases. D, Overall performance decreases as the range of directional differ-
ences becomes very narrow.

ical (Purushothaman and Bradley, 2005) evidence supports the
idea that the activity of these “flanking” neurons is weighted more
strongly in fine perceptual decisions; however, the underlying
biophysical mechanism is unknown.

Such a mechanism naturally emerges in our model through
plasticity of synapses onto the decision circuit. Using our model,
we simulated a fine discrimination task in which the sample di-
rection (reference) is fixed (e.g., upward), and the two decision
neuronal populations now read out “clockwise” (CW) versus
“counterclockwise” (CCW) choices (Fig. 9). Since neurons tuned
to the reference direction fire at similar rates for clockwise and
counterclockwise stimuli, their connections to the CW and CCW
populations have similar strengths after learning (Ac =~ 0) (Fig.
9). Hence these neurons have little impact on the decision despite
their high firing rate. In contrast, neurons tuned 40-70° away
from the reference exhibit the largest difference between re-
sponses to clockwise and counterclockwise stimuli. As a result,
their connections are stronger to the population encoding the
choice (CW or CCW) associated with the higher firing rate, and
weaker to the other population (Fig. 9). These neurons have
larger Ac and hence higher impact on the decision. The fine dis-
crimination performance of the model agrees well with experi-
ments and reproduces a psychometric threshold of ~1°-2° (Fig.
9B). The key is learning with a fixed reference direction, which
generates a synaptic profile that selectively emphasizes activity of
neurons tuned 40°-70° away relative to this fixed reference. This
is consistent with observations that fine discrimination learning
often does not transfer between motion directions (Ball and
Sekuler, 1987). In contrast, synaptic strengths are independent of
neuronal tuning if the sample direction is randomized (Figs. 7, 8).
Therefore, the same model can be used to perform different tasks
because of synaptic plasticity that implements switching between
different readout schemes according to task demands.

In a motion fine-discrimination task, different schemes of decod-
ing neural responses in the area M T were evaluated for their ability to
produce the observed psychophysical performance (Purushotha-
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Figure 9.  Synaptic plasticity adjusts the readout scheme according to task demands, illus-

trated by simulations of a fine motion discrimination (Purushothaman and Bradley, 2005).
Sample moves in the fixed reference direction. Test stimuli are inclined by A6 = {=0.5°,
£1°... =3%relative to the reference direction. The taskis to judge whether a test stimulus is
inclined clockwise (A® > 0) or counterclockwise (A6 < 0) relative to the reference. After
learning, the choice-selective populations in the decision circuit encode clockwise/counter-
clockwise (instead of match/nonmatch) decisions and hence are labeled as (W and CCW. 4,
Spatiotemporal dynamics of the synaptic strengths. Differences of the synaptic strengths Ac =
¢ — ¢ are color coded for comparison neurons with all preferred directions. x-axis, Trial
number; y-axis, presynaptic neurons labeled by their preferred directions. Through learning, a
connectivity profile emerges, such that neurons tuned clockwise and counterclockwise relative
to the reference preferentially target the CW- and CCW-selective populations, respectively. B,
Psychometric function for the fine motion discrimination. Psychometric threshold is ~1°-2°.C,

D, Strengths of synaptic connections to the CW-selective (red; ¢ and e ) and CCW-selective

(blue; S5 and ¢$<") populations after learning. Activity of each neuron is gradually
weighted in the decision process, whereby higher weights are assigned to the most sensitive

neurons tuned 40°~70° away from the reference direction.

man and Bradley, 2005). Predictions of our model agree with the
conclusion of this analysis: fine-discrimination thresholds of a few
degrees can only be achieved by the readout schemes that assign
higher weights to neurons tuned away from the reference direction,
but not by broad equal-weight schemes (Purushothaman and Brad-
ley, 2005). Moreover, our model demonstrates a simple and realistic
neural circuit for such a readout.

Comparison with a one-pool model

The match/nonmatch decisions in our model are based on the
differential activity of ME and MS populations tuned to similarity
in complementary ways (Fig. 10 A, two-pool comparison model).
These two complementary populations have been observed in
neurophysiological studies of behaving monkeys. However, one
may wonder whether ME and MS neurons are redundant, and
whether only one of these two populations might be sufficient to
perform the match versus nonmatch computation. Indeed, in an
alternative scenario (Carpenter and Grossberg, 1987, 2003), a
single neural population performs a simple addition of a sensory
test input and an input representing the sample stimulus, and a
match or nonmatch decision is determined by whether the con-
verging inputs exceed a threshold (Fig. 10A, one-pool addition
model). We compared our two-pool model with an implemen-
tation of the one-pool addition model. The latter is similar to the
former, except that the intermediate layer consists of a single class
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of neurons, which are all driven by sensory and WM inputs (see
Materials and Methods, Alternative model). Larger overlap be-
tween the WM and sensory signals results in higher overall activ-
ity in the addition population. Hence the activity of the addition
population in the one-pool model monotonically decreases with
directional difference between the sample and test, resembling
similarity tuning curve of the ME neurons in the two-pool model
(Fig. 10B,C, solid black lines). A downstream system can then
read out match/nonmatch decisions by detecting whether the
overall activation in this single population exceeds a threshold
value (see Material and Methods).

The performance of the one-pool model is not robust against
fluctuations in the strength of sensory inputs. Consider a situa-
tion when the strength of the sensory input increases on a trial,
for example because of change in the contrast of visual stimulus.
Neurons in both models respond with higher firing rates to stron-
ger stimuli (Fig. 10B, C). Since the decision readout in the one-
pool model relies on the absolute value of the firing rate in a single
neural population, stronger sensory input will produce a drop in
behavioral performance and increase in the psychometric thresh-
old (Fig. 10D). In the two-pool model, however, the readout is
based on differential activity of the ME and MS populations and
not on the absolute value of their firing rates. Firing rates of both
ME and MS populations equally increase in response to stronger
inputs, but the behavioral performance of the two-pool model
remains almost unaffected by changes in the strength of sensory
input (Fig. 10D). In the same vein, noise in the sensory input
equally affects firing of the ME and MS neurons and hence does
not strongly impact behavioral performance in the two-pool
model, whereas performance of the one-pool model is sensitive
to input noise.

It is worth noting that the architecture of the one-pool addi-
tion model is not substantially simpler than the two-pool com-
parison model: it also requires a WM module to store the sample
stimulus, an intermediate neural layer, and a readout system for
match/nonmatch decisions. Importantly, we found that the one-
pool model is vulnerable to variations of the strength of sensory
stimuli, whereas the performance of the two-pool model is very
robust, suggesting functional advantages of the two-pool com-
parison mechanism. Furthermore, the readout system in the two-
pool model allows for flexible mapping between the decision and
motor response. Behavioral tasks may require to respond for
match only, for nonmatch only, or to indicate match and non-
match by different responses. In the two-pool comparison
model, match and nonmatch decisions are encoded in activity of
two complementary neural populations. This activity is sufficient
to drive an arbitrary motor response. By contrast, in the one-pool
addition model, the readout unit is only activated for match de-
cisions, and nonmatch decisions are represented by the lack of
activity. If response for nonmatch is required by the task, there is
no neural activity to drive such a motor response, and it is prob-
lematic to justify how it can be generated without additional
model assumptions.

Discussion

In this paper, we proposed a recurrent neural circuit model for
match versus nonmatch pattern comparison that is capable of
performing all the key computations for DMS tasks. Similarity
between the sample and test stimuli is encoded by the magnitude
of response modulations (ME and MS) in two subpopulations of
neurons within the comparison network. The test—sample
similarity tuning in these cells arises from interactions of bottom—up
and top—down inputs and strong local feedback inhibition. Similar-
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ity signals are then pooled through plastic
synapses by a downstream decision circuit
that generates categorical match or non-

A Two-pool
comparison model
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match decisions. Using the same ME and (WM [ Sensory |

MS neural signals, learning enables the net- l
work to generate decisions flexibly depend-
ing on stimulus statistics and task/reward

rules in different behavioral tasks. Synaptic plasticity
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Alternative models for match versus
nonmatch computation
For the DMS task, the one-pool “addition

model” (Fig. 10 A, right panel) (Carpenter D

and Grossberg, 1987, 2003) is intuitively =~ o 180° I
plausible, but physiological data from be- £
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et al., 2003; Rawley and Constantinidis, 1

2010). Our results indicate that the two- & ' B
population architecture provides a more Two-pool One-pool
robust and flexible way to compute match

versus nonmatch decisions than the one- Figure 10.

pool architecture. Other models for the
DMS task have previously been pro-
posed, which rely on comparison mech-
anisms other than similarity tuning of
two complementary populations. One
model (Sugase-Miyamoto et al., 2008) as-
cribes the comparison computation to
neurons acting as matched filters: on each
trial, they rapidly adjust the strengths of
input synapses to match the magnitude of
individual inputs from the sample stimu-
lus. Inputs from the test stimuli are then
multiplied by those synaptic strengths,
thereby computing a measure of the sim-
ilarity between the sample and test. The biophysical mechanism
underlying such one-shot learning is unclear. Moreover, a hypo-
thetical “learn” command has to be introduced to trigger plastic-
ity for the sample but not for the test stimuli. In another model
(Tagamets and Horwitz, 1998), match response is triggered
whenever a coactivation of two units is detected: one transiently
responding to all sensory stimuli and another showing rising ac-
tivity during the delay period but silent during the sample period.
This model fails on the ABBA type of task (it responds equally to
match and repeated nonmatch) and predicts poor performance
for brief delays such that the rising population has not reached
high activity yet. This is in contrast with predictions of our model and
with experimental data (Miller and Desimone, 1994; Pasternak and
Greenlee, 2005).

Neural circuit models have also been proposed for the
smaller versus larger comparison of two analog quantities
(Machens et al., 2005; Miller and Wang, 2006); however, nei-
ther of these models can be adapted for the match versus
nonmatch comparison. Match/nonmatch computation can be
performed with arbitrary stimuli, for example with visual ob-
jects, which requires comparison of patterns rather than ana-
log quantities. The circuit mechanism in our model realizes
comparison of two activity patterns, elicited by the sample and
test stimuli, and may be generalized to other types of stimuli
and encoding schemes.
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Behavioral performance in the two-pool comparison model, but not in the one-pool addition model, is robust to
changes in the sensory input strength. A, Schematics of the two-pool comparison model (simplified version of Fig. 1£) and of the
one-pool addition model (for details, see Materials and Methods). B, Average population firing rate for the ME (solid line) and MS
(dashed line) neurons in the two-pool model as a function of directional difference between the sample and test. Black line,
Control; gray line, doubled sensory input strength. The difference in the activity of ME and MS neurons is only slightly affected by
the increase in the input strengths, whereas the firing rates in both populations increase significantly. C, Average population firing
rate for the addition population in the one-pool model as a function of directional difference between the sample and test. Black
line, Control; gray line, doubled sensory input strength. The black dashed line indicates the firing rate threshold for match versus
nonmatch decisions, obtained by fitting the parameters of the readout (Eq. 14) so as to match the psychometric functions for the
one-and two-pool models in the control condition. D, In the two-pool model, the psychometric threshold and overall performance
remain almost the same for the control (black bar) and doubled (gray bar) input strength. In the one-pool model, the overall
performance decreases and the psychometric threshold increases with the input strength. For the doubled input strengths (gray
bar), performance drops to the chance level (dashed line), and the psychometric threshold (defined at 75% correct performance)
cannot be determined; for comparison purpose, we plot the maximum possible threshold value, 180°.

Active and passive memory mechanisms

The active match enhancement mechanism in our model has
several signatures that can be tested experimentally. First, the
magnitude of enhancement and suppression encodes similarity
between the sample and test. Second, neurons that show match
enhancement also show sample-selective persistent activity dur-
ing a mnemonic delay. This is consistent with the experimental
observation that delay activity and match/nonmatch selectivity
are present in mostly overlapping groups of neurons (Miller et al.,
1996; Freedman et al., 2003) but needs to be verified more rigor-
ously. Finally, the total neural activity (excitation and inhibition)
is higher in the match than in the nonmatch condition. This
suggests an explanation for the observations that functional mag-
netic resonance imaging signals in the relevant brain regions are
larger for behavioral matches (Duncan et al., 2009), whereas neu-
rophysiological data indicate that approximately equal propor-
tions of cells show match enhancement and match suppression
(Miller et al., 1996).

The passive repetition suppression is implemented in our
model as the spike rate adaptation mediated by a long-lasting
hyperpolarizing current. In single neurons, afterhyperpolariza-
tion effects lasting for multiple seconds can be mediated through
aNa " -activated K™ current (Sanchez-Vives et al., 2000; Wang et
al., 2003; Pulver and Griffith, 2010). An alternative or comple-
mentary mechanism may be synaptic depression (Chance et al.,
1998). Long-term depression is involved in visual recognition
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memory (Griffiths et al., 2008) producing suppressed responses
to repeated stimuli. However, the biophysical mechanism under-
lying repetition suppression and recognition memory is still a
matter of debate (Brown and Xiang, 1998).

In neurophysiological data as well as in our model, compari-
son neurons exhibit mixed selectivity (i.e., they are activated by a
conjunction of the stimulus and match/nonmatch context). The
mixed selectivity is essential for the match/nonmatch computa-
tion, which is an “exclusive or” (XOR) operation and belongs to
the class of linearly nonseparable problems (Rigotti et al., 2010).

The active match enhancement in our model depends on the
top—down modulation from the WM circuit. If this modulation
is disrupted, passive repetition suppression prevails. We simu-
lated this as a condition when the sample does not trigger persis-
tent firing in the WM circuit, presumably because of the lack of
attention. In neurophysiological data, repetition suppression
dominates neural activity in animals trained on a simple feature
matching task (Miller et al., 1991; Constantinidis and Steinmetz,
2001). When tested on a more complicated task, these animals
initially respond to all perceptual matches regardless of their be-
havioral relevance (Miller and Desimone, 1994) (e.g., repeated
nonmatch BB in the ABBA sequence). Extensive retraining is
required to perform the task correctly, after which neural activity
exhibits match enhancement (Miller and Desimone, 1994). Since
persistent activity is present in the prefrontal cortex even during
the standard DMS tasks, the retraining may be required to in-
struct the subjects about the rules of the new (ABBA) task,
or/and involve rewiring of neural circuits, such as potentiation
of top—down projections from the WM circuit. In the latter
case, depending on the degree of this potentiation, repetition
suppression can be still prevalent in cells showing persistent
activity, or be supplemented by match enhancement when it is
behaviorally required.

Computing decisions through plastic synapses
In our model, the comparison operation and match/nonmatch
decision making are performed by separate neural networks that
are connected through plastic synapses. This architecture allows
the network to use the same ME and MS neural signals to perform
different tasks and flexibly adjust decision criteria so as to opti-
mize performance. In particular, when the prior probability of
the matching test is increased, the model makes the testable pre-
diction that the psychometric threshold increases with the prior.
A learning rule similar to ours (Soltani and Wang, 2010) was
shown to be a linear approximation to a “Bayesian—Hebb learn-
ing rule” (Pfeiffer et al., 2010), which was designed specifically so
that each synaptic weight converges to the log odds of receiving a
reward when its presynaptic and postsynaptic neurons are active.
This plasticity rule has been shown to successfully capture behav-
iors in probabilistic inference (Soltani and Wang, 2010), foraging
(Soltani and Wang, 2006), and associative learning tasks (Fusi et
al., 2007). In these previous works, the decision network was
modeled in the same way as ours, but the Hebbian plasticity was
implemented simply with a binary (all or none) dependence on
the firing rate. By contrast, we propose that the learning rate is a
graded increasing function of the presynaptic firing, which is
critical for harnessing small differences in the neural signals of
ME and MS neurons in the learning process. The activity-based
weighting of neural responses enables the network to flexibly
reconfigure the readout scheme according to task demands, for
example so that activities of the flanking neurons are emphasized
in a fine discrimination task.
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It has been proposed that different readout schemes can be
realized in a system in which neurons are tuned to the likelihoods
of sensory stimuli (Jazayeri and Movshon, 2006). A discrimina-
tion decision can be made by comparing activities in a pair of
neurons that encode the likelihoods of two directions to be dis-
criminated. In such a model, different pairs of neurons are used
for the coarse (e.g., 0° vs 180°) and fine (e.g., 0° vs 12°) motion
discrimination, but the mechanism for selection of a particular
pair from the likelihood-tuned population is unspecified. In con-
trast, different readout schemes in our model emerge just from
stimulus statistics without any additional assumptions.

In conclusion, our model has identified simple biophysical
mechanisms that, working together, are sufficient to carry out
comparison between top—down expectation and bottom—up
sensory stimulus pattern, leading to flexible match versus non-
match decisions. Working memory, comparison, and categorical
choice computations are basic “building blocks” of cognition;
therefore, we expect that the general computational principles
presented in this paper can be extended to delayed nonmatch-to-
sample tasks and other types of match/nonmatch processes in the
brain.
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Coherent stochastic oscillations enhance signal detection in spiking neurons
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We study the effect of noisy oscillatory input on the signal discrimination by spontaneously firing neurons.
Using analytically tractable model, we contrast signal detection in two situations: (i) when the neuron is driven
by coherent oscillations and (ii) when the coherence of oscillations is destroyed. Analytical calculations re-
vealed a region in the parameter space of the model where oscillations act to reduce the variability of neuronal
firing and to enhance the discriminability of weak signals. These analytical results are employed to unveil a
possible role of coherent oscillations in peripheral electrosensory system of paddlefish in improvement of
detection of weak stimuli. The proposed mechanism may be relevant to a wide range of phenomena involving

coherently driven oscillators.

DOI: 10.1103/PhysRevE.80.021919

I. INTRODUCTION

Rhythmic activity is observed at all levels of nervous sys-
tems [1]. Recently, neuronal oscillations have been shown to
improve the stimulus discrimination, either by increasing the
precision of spike timing [2] or by inducing binomial statis-
tics of serially binned spike counts across a neuronal popu-
lation [3]. Here, we explore a different mechanism of dis-
crimination enhancement, whereby coherent stochastic
oscillations driving a periodically spiking neuron induce
long-lasting serial correlations of interspike intervals (ISIs)
that suppress variability of spike counts. This situation is
encountered, for example, by a central nervous system neu-
ron receiving coherent oscillatory inputs in gamma band, or
in “hair cell-afferent” sensory receptors for hearing, balance,
and electrosense.

The significance of anticorrelated ISIs in shaping neu-
ronal responses was experimentally demonstrated in elec-
troreceptors of a weakly electric fish [4,5] where negative
correlations of sequential ISIs originate from intrinsic prop-
erties of sensory neurons. Theoretical studies have shown
that a negative feedback mechanism either in a network [6]
or in a single neuron with a dynamic threshold [7,8] can
induce anticorrelations of sequential ISIs, which reduce
long-time variability and thereby lead to enhanced informa-
tion transfer of low-frequency stimuli. In this scenario,
the correlation structure is fixed by the negative feedback
parameters.

The long-lasting ISI anticorrelations can also result from
the interaction of unidirectionally coupled noisy oscillators,
as was shown in peripheral electroreceptors of paddlefish [9].
In this system, noisy oscillations in sensory epithelia drive
sensory neurons and act as an internal narrow-band noise
that leads to reduced low-frequency fluctuations of neuronal
firing [10,11]. The structure and extent of serial IST correla-
tions in this feed-forward scenario are set by the frequency
and coherence of driving oscillations. This could potentially
provide an active adjustment mechanism to achieve en-
hanced discrimination on behaviorally relevant time scales.
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The structure of ISI correlations in the neuron driven by
slow exponentially correlated noise was also explored by
several analytical studies using integrate and fire models
[12-14]. Tt was found that exponentially correlated noise
leads to positive serial ISI correlations, which enhance vari-
ability of neuronal firing at long time scales. The Fano factor,
a measure of spike-count variability on different time scales,
shows a minimum, indicating an optimal time scale at which
variability of spike counts is lowest and hence the detection
of weak signals is optimal [12].

Here, we aim to analyze how the signal detection depends
on the correlation structure, as well as to contrast the signal
detection by a spiking neuron driven by either coherent sto-
chastic oscillations or by fluctuations whose coherence is
destroyed. In both latter cases, the neuron firing is con-
strained to have identical first-order ISI statistics, but it lacks
any ISI correlations if the oscillation coherence is destroyed.
Using an analytically tractable model we calculate the pa-
rameter region where coherent stochastic oscillations en-
hance signal detection. The analytical model predictions are
then verified using the experimental data from paddlefish
electroreceptors [9].

II. METHODS AND MODEL

A. Spike-count variability and discriminability

To assess the performance of a spontaneously firing neu-
ron as a detector for weak signals s, we apply the ideal
observer paradigm [15] to the neuron’s output spike train
y(1)=2;8(t—t,;), where {;} is the sequence of spike times.
The observable is the spike count n(7)=[""y(t')dt' in a
parameter-fixed time window 7. Decision about the presence
of a constant signal s is made on the basis of comparing
spike count distributions Py(n,T) and Py(n,T) in two situa-
tions: when a neuron is stimulated or spontaneously firing,
respectively. The separation of the two distributions is char-
acterized by the discriminability measure
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d' =2[|u(T) = po(D[Vo(T) + oo(T)1, (1)

where p and o are the mean and the standard deviation of
the spike count, respectively. The variability of the spike
count is assessed by the Fano factor [15],

F(T) = o*(T)/ (T). (2)

We assume that for a weak stimuli, o(7) is not affected by
the signal, and the Fano factor Eq. (2) and the discriminabil-
ity Eq. (1) are related as

d" = a\p(T)/F(T), (3)

where « is the relative change in the mean firing rate due to
stimulus [7]. Equation (3) establishes the relation between
spontaneous spike-count variability and discriminability of
weak signals: smaller Fano factor, i.e., smaller variability of
the spike count of spontaneous firing, results in larger dis-
criminability. The dependence of the discriminability d’ on

the signal strength « is linear with the slope uq(T)/F(T).

Variability of the spike count depends on the correlation
structure of the spike train. The correlations can be quanti-
fied by the serial correlation coefficients p,=((I;1;,.)
—(I)®)/var(I) between interspike intervals, I,=t,—t; ;.
The asymptotic value of the Fano factor F(T) is determined,
if the serial correlation coefficients (SCCs) are summed
over all lags: lims_. F(T)=CV*(1+22;_,p;), where CV
=vvar(I)/{I) is the coefficient of variation [16]. On interme-
diate time scales, the variability of the spike count depends
crucially on the correlation structure, with positive ISI cor-
relations acting to increase, while negative ISI correlations
acting to suppress spike-count variability [7,17]. In the case
of renewal spiking, when sequential ISIs are uncorrelated,
Px= 0y 4> the Fano factor approaches CV? for large T.

B. Model

A previous study [10] showed that long-lasting serial cor-
relations are a generic result of a unidirectional coupling of
two noisy oscillators. Here we aim to study how the signal
detection performance of a neuron depends on the temporal
structure of ISI correlations and to contrast the signal detec-
tion by a neuron with long-lasting serial ISI correlations ver-
sus a neuron lacking serial ISI correlations, when both neu-
rons have identical first-order ISIs statistics. We employ two
analytically tractable models, which we refer to as renewal
and nonrenewal. These models differ in the coherence of
driving noise, but otherwise have identical ISI distributions
and linear-response properties. In both models, periodic spik-
ing is mimicked by a perfect integrate-and-fire (PIF) model
as in Refs. [12,13]. It is driven by two statistically indepen-
dent Gaussian noises: a narrow-band noise y(z), representing
coherent stochastic oscillations, and an exponentially corre-
lated noise 7(z), mimicking slow fluctuations [12]:

X=N+y+m,

. . [~
V=2, Z=—yz—wyy +Awpn\29E (1),
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77= - 7]/7-0 + 0-77\“‘/77}52(0 . (4)

The first equation for x in Eq. (4) is the perfect integrator.
Whenever x(7) reaches the threshold x,=1, a spike is gener-
ated and x immediately resets to the initial value x,=0. The
parameter A sets the mean firing rate of the model, f,=\. A
constant stimulus is modeled as a change in the parameter \.
The two equations for y and z model narrow-band noise with
the peak spectrum frequency f,=(1/2m)\wi—7?/4 and the
variance A%, The coherence of the narrow-band noise is mea-
sured by the quality factor Q=2f,/ v. Finally, the last equa-
tion describes the Ornstein-Uhlenbeck (OU) noise 7(z) with
the correlation time 7. and the variance 027] The OU noise is
slow relative to the average period of spiking, 7.>1/\, and
is introduced to account for slow fluctuations observed in
sensory neurons [7]. The terms & ,(r) are statistically inde-
pendent Gaussian white noise sources with unit intensity.

For convenience, we introduce a vector r(?)
={y(1),z(¢), n(2)} for the three-dimensional Gaussian process
driving the perfect integrator. In the nonrenewal model, the
noise vector r(f) evolves independently of spiking dynamics
according to Eq. (4). In the renewal model, all components
of the noise vector are reset at every spiking to a new value
ro=1{y0.20, 7o} randomly sampled from the noise upon firing
distribution P(ry). This is the stationary distribution of r
values at the instants of firing in the nonrenewal model. In
both models, the values of noise variables at the beginning of
each IST are drawn from the same distribution. Consequently,
the ISI densities are identical for both models. However, the
renewal model exhibits no ISI correlations, since the noise
values at the beginning of each ISI are sampled from the
distribution P(r;) at random, i.e., independently of the dura-
tion of the previous ISI and of the noise value at the instants
of firing.

Figure 1 shows numerical simulations of the models. Al-
though the firing patterns [Fig. 1(a)] of both renewal and
nonrenewal models look very similar and the ISI densities
are identical [Fig. 1(b)], their SCCs [Fig. 1(d)] are signifi-
cantly different. This difference appears because the coher-
ence of narrow-band noise y(7) is destroyed in the renewal
model as demonstrated in Fig. 1(c), where the power spectra
of driving noise y(¢) in both models are depicted.

C. Analytical calculation of the Fano factor

Our goal is to contrast the discriminability in the renewal
and nonrenewal models [Eq. (4)] and to analyze the discrim-
inability in the nonrenewal model as a function of the coher-
ence and frequency of the driving oscillations. To this end,
we calculate analytically the Fano factor of the spike trains.
Since the dependence of the discriminability d’ on the signal
strength « is linear [Eq. (3)], the relative performance of the
renewal and nonrenewal models can be characterized by the
ratio R(T) of their discriminability slopes:

[(T) [FAT)
R =\ 77\ ——=- (5)
F(T) N u/(T)
The values of R(T)> 1 indicate that the signal detection per-

formance is better in the nonrenewal than in the renewal
model.
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FIG. 1. Numerical simulation of model equations (4). (a): time
series of the “voltage” variable x (upper trace) and noise y(#) (lower
trace) for the nonrenewal (al) and renewal (a2) models. (b): prob-
ability density of ISIs, W(I) for renewal (solid line) and nonrenewal
(open circles) models. (c): power spectral densities (PSD) of noise
y(#) in renewal (gray line) and nonrenewal (black line) models. (d):
SCCs of spike trains produced by renewal (gray line) and nonre-
newal (black line with circles) models. The parameters are \
=2, A?=02, felfa=04, 0=20.0, 7.=375, 0,=0.5X 1074,
fo!f,=0.43. Time axes are in units of mean interspike intervals. The
frequency axis in panel (c) is scaled by the mean firing rate f,=2.

Calculations of statistical properties of the spike train are
largely simplified if N consecutive ISIs are replaced by a
passage from x, to sequentially x;,2x;,...,kx;... and Nx,
[13]. Since the right-hand sides of Eq. (4) do not explicitly
depend on x, this is possible if recrossing of a threshold is
highly improbable, i.e., if the noise intensity is small relative
to the drift term A:

A+ 05 < \/2. (6)

Assume, we start our observation at time r=0, when the
value of the voltage variable is x,,. The voltage value x,+x at
time 7T is determined by the transition probability density
P (xg+x,T|xy,0)=P,(x,T|0,0) for the x variable:

P.(x,T

0,0) = f drdryP(x,r,T|0,1(,0)P,(ry). (7)
Here P(x,r,T|x,,ry.t,) is the transition probability density
for the multidimensional Gaussian process given by Eq. (4)
without reset and P,(r) is the stationary probability density
of the noise variables. These probability densities are readily
obtained analytically [18].

The number of spike counts Ny within the time window T
is equal to the number of “thresholds” nx; contained within
the interval (x,,xo+x); see Fig. 2. For nx, <x<(n+1)x,, it
holds

. - X — X
n+1 with probability ,
X
Nr= ’ (8)
: Lo (D, —x
n with probability ——,
Xb

since the initial position x is uniformly distributed along the
X axis.
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FIG. 2. (Color online) Illustration of the calculation of the Fano
factor.

According to Eq. (8), the mean of the spike count (N,,)
for a fixed value of x € [nx;,(n+1)x,] is calculated as

— +1 —
(N =(n+ 1) AT ek

= x/xp,. 9)
Xp Xp

Analogously, the mean square of the spike count (Ni)) for a
fixed value of x € [nx;,(n+1)x,] equals

(V) =2n+ D)= —n(n+1).
Xb

To obtain the mean w,(7T) and the variance af(T) of the
spike count, we average (N,,) and (N> ) over all values of x:

©

(n+1)x,
(1) = 2 (N, )P (x,T|0,0)dx,
n=0 J nx,
*® (n+1)x;, ) 2
o (1) = 20 (N2 )P (x,T0,0)dx — uX(T). (10)
n=\ lle

This leads to the following expressions for the mean and the
variance of the spike count:

0,0)dx,

1 oo
wo(T) = —j xP (x,T
XpJo

| 2+ 1 (D
()=, { f xP (x,T]0,0)dx — k(k
k=0

X Jk,
(k+1)x;,

+1) P.(x,T]0,0)dx | — u2(T). (11)
kxy,

The integrals in Eq. (11) are evaluated analytically and the
infinite sum is approximated numerically.
For the renewal model, the mean of the spike count equals
u(T)=TN\ and its variance is expressed as [15]
T
o‘f(T):T)\+2Tf (1 -%),ﬁ(f)df, (12)

0

where p*(7)=p(7) =\ 8(7) with p(7) being the autocorrelation
function of the renewal spike train [19]:

N[ 1= | W)
p+(T)__f el | (w)|

= T dw-\8(D).  (13)
2m |1—W(w)|2w i

Here, W(w)={e®! is the Fourier transform of the ISI density
W(I). For weak noise, when recrossing of the threshold is
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FIG. 3. (Color online) (a),(c): analytical Fano factor curves for renewal (dotted blue lines) and nonrenewal (solid red lines) models. For
both models, the results of numerical simulations are shown as gray solid lines. (b),(d): numerically calculated SCCs p;. The parameters are
A=2, A?=0.2; (a),(b): f./f,=0.4, 0=20.0, 7,=375, 0,=0.5X 1074 (c),(d): f./f,=0.5, 0=4.0, 7.=900, 0,=1.5X 1074, (e): ratio of
discriminability slopes in the nonrenewal and renewal models for parameter sets as in panels (a) and (c) (red and blue lines, respectively),

and for f,/f,=0.47, 0=10.0, 7=600, ¢,=10"* (green line).

very improbable, the ISI density can be approximated by the
Rice density of level crossings [13,20,21]:

w(I) = f drdry(\ +y + 7)P(x,,1,1|x,,1,0) P(ry). (14)
Here P(r,) is related to the stationary density P(r;) of the
Gaussian noise via P(rg)=[(A+yo+ 79)/N]P,(ry) [16]. The
integrals in Eq. (14) extend over the phase space region
where x=pu+7+y>0. For weak noise intensities [see Eq.
(6)], it holds that (N+yo+ 79)/ N\ =1 everywhere in the phase
space, where P(ry) is significantly different from zero.
Therefore, without loss of accuracy, we approximate the
noise upon firing density P(r,) in Eq. (14) by the stationary
density P,,(r;) and extend the integration limits to the whole
phase space. The integrals in Eq. (14) are then evaluated
analytically and then the Fano factor is calculated numeri-
cally using Egs. (12) and (13) and the fast Fourier transform.

III. RESULTS AND DISCUSSION

The dependence of the Fano factor and SCCs on the co-
herence of oscillations is illustrated in Figs. 3(a)-3(d) for the
nonrenewal (solid red lines) and renewal (dotted blue lines)
models. The theoretical Fano curves perfectly overlap with
the results of numerical simulations (gray lines). For inter-
mediate time scales 10{/) < T <200(), the Fano factor of the
nonrenewal model, F,(T), becomes strikingly smaller than
that of the renewal model, F,(T), and exhibits a minimum at
T=200(I). F,(T) increases for T>200(I), due to slow fluc-
tuations leading to positive ISI correlations [12,14], while
F (T) saturates to its theoretical limit of CV?.

As expected, changes in Q almost do not influence the
spike-count variability in the renewal model, but do have a
strong impact on the variability in the nonrenewal model.
With higher values of Q, corresponding to more coherent
oscillations [Figs. 3(a) and 3(b), Q=20], serial correlations
extend up to hundreds of ISIs, the minimum in the Fano
factor of the nonrenewal model is deep, and the reduction in
the spike-count variability relative to the renewal model can
reach up to one order of magnitude, on time scales between

10 and 1000{J). A decreased coherence of oscillations, re-
flected in lower Q values, results in brief ISI correlations, a
shallower minimum in the Fano factor of the nonrenewal
model, and a smaller reduction in variability relative to the
renewal model [Figs. 3(c) and 3(d), Q=4]. The suppression
of the spike-count variability due to oscillations translates to
the enhancement of the discriminability, which is character-
ized by the discriminability ratio R(T) [Eq. (5)] shown in
Fig. 3(e). The maximal value of R(T) decreases with decreas-
ing oscillation coherence.

Figure 4 summarizes the dependence of discriminability
on the oscillation to firing frequency ratio f,/f, and the qual-
ity factor Q. If f, is low (small f,/f,), then several ISIs occur
during one oscillation cycle, which results in positive ISI
correlations on the time scale of the oscillation period [Fig.
4(d)]. For low Q values, these positive ISI correlations in-
crease the variability in the nonrenewal model and lead to
low discriminability and values of the slope ratio R less than
1. A Fano factor curve in this small-ratio low-Q regime is
shown in Fig. 4(c) for f,/f,=0.1 and Q=1. For higher Q
values, in addition to positive ISI correlations on shorter time
scale, negative ISI correlations appear on the time scale of
the coherence time of oscillations [Figs. 4(e) and 4(f),
f.1f,=0.1, Q=10]. The variability in the nonrenewal model
is reduced by these negative correlations and discriminability
increases. If the oscillation is fast (large f,/f,), then several
oscillation cycles occur during one ISI. The effect of the
closed cycles on firing averages out through integration,
hence all correlations are driven by the fraction of the re-
maining unclosed cycle. For fast oscillations, this is a brief
time window that makes an ISI shorter or longer. Therefore
the net modulation of each ISI is small and variability is
almost unperturbed by oscillations: Fano factor curves in the
nonrenewal and renewal models overlap largely, except for
effects due to slow noise 7 [Fig. 4(g), f./f,=1.6, 0=80].
However, since SCCs measure serial dependencies irrelative
to the absolute ISI modulation, this almost negligible change
in the variability is concurrent with strong extended negative
IST correlations [Fig. 4(h), cf. Figs. 3(a) and 3(b)]. Though,
the discriminability is high in this large-ratio regime [Fig.
4(a)], a spike jitter would destroy all ISI correlations, in-
crease CV and, hence, reduce the discriminability in both
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FIG. 4. (Color online) Dis-
criminability in the nonrenewal
model for 10% increase in the
mean firing rate N\ (a), and ratio
of discriminability slopes in the
nonrenewal and renewal models
(b) at T=50(I): dependence on
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renewal and nonrenewal models. In contrast, ISI correlations
in the near-0.5-ratio regime are robust to ISI jitters and the
discriminability in the nonrenewal model is high even for
large CV values.

We now show that analytical predictions of Fig. 4 can be
used to explain the possible role of coherent epithelial oscil-
lations in a particular sensory system, a paddlefish electrore-
ceptor (PER). A PER can be represented as two unidirection-
ally coupled oscillators: the lumped epithelial oscillator
driving the afferent oscillator [9,10]. Epithelial oscillation
(EO) has a fundamental frequency f,~26 Hz, which is in-
variant under weak electric-field stimulations. Coherence of
stochastic EO is reflected in high values of the experimen-
tally measured quality factor Q in the range 10-20. Coherent
EO can be represented by a narrow-band stochastic process
[9]. The afferent neuron fires quasiperiodically at a mean rate
f, in the range 30-70 Hz [9]. Variability of afferent firing is
mainly due to the input from EO [9]. At the same time, the
EO induces long-lasting serial correlations of afferent ISIs
[10].

The parameters of the nonrenewal model, Eq. (4), can be
tuned to reproduce statistical characteristics of spontaneous
dynamics of PERs including power spectrum, serial correla-
tions, and Fano factor. As in analytical calculations, we con-
trast the signal detection by a PER driven by either coherent
EO or by epithelial fluctuations with destroyed coherence,
keeping ISIs distributions identical. Experimental abolition
of EO is difficult to achieve without significant damage to
the PER [9]. Instead, we mimicked the influence of a stimu-
lus by insertion of spikes in a spontaneous spike train, re-
corded from a PER afferent, and in a surrogate renewal spike
train obtained from the original by random shuffling of ISIs
as in Ref. [4]. The first-order IST statistics such as IST density
and coefficient of variation CV are identical for both spike
trains. However, the shuffled spike train lacks any ISI corre-
lations. The data were from a previous study on biperiodic
oscillations in PERs [9]. Stationary segments of 120-1200 s

10°

T 1
10" 10?

Lag

of spontaneous activity recorded from 56 afferents from 19
paddlefish were used.

Figure 5(a) shows the Fano factor for a representative
afferent firing spontaneously (solid line) and for the corre-
sponding renewal surrogate (dotted line). As predicted by the
analytic theory [cf. Fig. 3(a)], the Fano factor of the original
spike train, F,(T), is significantly smaller than that of the
renewal surrogate, F,(T), for 10{I) <T<1000(I), indicating
suppressed variability in the original spike train.

We “stimulated” an afferent by inserting N spikes in ran-
dom positions not already occupied by spontaneous spikes in
nonoverlapping 1 s windows. This procedure increases the
firing rate by N Hz, so that @=N(I). Both the original spike
train and the renewal surrogate yield a linear dependence of
the discriminability d’ on « described by Eq. (3) (data not
shown). The slope of the discriminability at T=1 s was 2.1-
fold steeper for the original than for renewal data: thus, there
was twice better detection by the original spike train than by
its renewal counterpart. The ratios of discriminability slopes
R(T) are shown in Fig. 5(c) for three different afferents and
are in excellent agreement with analytical predictions [cf.
Fig. 3(e)].

Figures 5(d) and 5(e) summarize results for the sample of
56 PER afferents. The mean firing rate in this population was
54.43+9.54 Hz, with CV=0.19%0.05. The epithelial-to-
afferent frequency ratio f,/f,=0.49 =0.07. The value of the
Fano factor was 0.031+0.01 at 7=150 ms and
0.010£0.005 at T=1 s. The population average of the dis-
criminability ratio R was 1.34*+0.13 at 7=150 ms and
1.99+0.35 at T=1 s indicating that discriminability was al-
ways better for a nonrenewal spike train. No significant de-
pendence of R on CV or the frequency ratio was observed.
These population results can be mapped to the parameter
space of the model (Fig. 4). For the range of frequency ratios
near 0.5, epithelial oscillations induce extended serial ISI
anticorrelations and enhance the discriminability for realistic
values of CV. This near-0.5-ratio high-Q regime corresponds
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FIG. 5. (Color online) Experimental data from PER afferents. (a): Fano factors for the original (solid line) and renewal (dotted line) spike
trains and (b): SCCs for an afferent with mean ISI (/)=15.8 ms, CV=0.163, and f,/f,=0.43. (c): the ratio of discriminability slopes, R(T),
for three different afferents. Arrow: afferent shown in panels (a) and (b). (d),(e): R at 1 s window vs CV and vs f,/f, for a population of 56

PER afferents.

to parameter values found in our PER database. The exact
value of the frequency ratio is not crucial to achieve high
discriminability in this regime. Hence PERs operate in a re-
gime where reliable signal detection is possible without fine
parameter tuning. Our analytical calculations agreed quanti-
tatively with experimental data from PER revealing that co-
herent stochastic oscillations can enhance the discrimination
performance of sensory neurons.

IV. CONCLUSION

We have studied the effect of stochastic oscillations acting
as a source of external noise on discrimination of weak sig-
nals by periodically spiking neurons. Coherent stochastic os-
cillations lead to serial correlations extending to several doz-
ens of interspike intervals, with the structure determined by
the ratio of the frequency of driving stochastic oscillations
(f.) and the neuron mean firing rate (f,) and by the quality
factor (Q) of driving oscillations. This mechanism for gen-
eration of serial correlations is distinct from the one de-
scribed for electroreceptors of weakly electric fish [4], where
negative ISI correlations appear presumably due to a nega-
tive feedback from adaptation ionic currents or modulation
of firing threshold [7,8] and do not extend beyond few inter-
spike intervals. We demonstrate that spike-count variability
induced by these oscillations can be suppressed relative to a
corresponding renewal model, if the frequency of driving
oscillations is smaller than the mean firing rate and their

coherence is large enough. Suppressed spike-count variabil-
ity translates to an enhanced discrimination capacity of the
neuron characterized in this study by the discriminability
measure d’. Our analytical calculations yield parameter
range where discriminability is enhanced by coherent sto-
chastic oscillations.

We applied these analytical predictions to study the role
of epithelial oscillations in peripheral electroreceptors of
paddlefish. The population averages of the ratio of epithelial
to sensory neuron frequencies and of the quality factor of
epithelial oscillations are nicely mapped on the analytically
derived parameter range of discriminability enhancement.
This gives a strong argument in favor that epithelial oscilla-
tions serve to enhance discriminability of weak signals.

In conclusion, our analytical calculations underscore that
coherent oscillations can improve discrimination capacity of
spiking neurons in a feed-forward scenario. Such mechanism
may be relevant to a broad range of phenomena involving
unidirectionally coupled oscillators, e.g., to spiking neurons
receiving feed-forward oscillatory input from a network of
CNS neurons or possibly to low-frequency sensors of elec-
tric and magnetic fields [22,23].
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