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Large-Scale Computational Modeling of the
Primary Visual Cortex
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Abstract This chapter reviews our approach to large-scale computational modeling
of the primary visual cortex (V1). The main objectives of ourmodeling are to (i)
capture groups of experimentally observed phenomena in a single theoretical model
of cortical circuitry, and (ii) identify the physiologicalmechanisms underlying the
model dynamics. We have achieved these goals by building parsimonious models
based on minimal, yet sufficient, sets of anatomical and physiological assumptions.
We have also verified the structural robustness of the proposed network mecha-
nisms. During the modeling process, we have identified a particular operating state
of our model cortex from which we believe that V1 responds to changes in visual
stimulation. This state is characterized by (i) high total conductance, (ii) strong inhi-
bition, (iii) large synaptic fluctuations, (iv) an important role of NMDA conductance
in the orientation-specific, long-range interactions, and(v) a high degree of corre-
lation between the neuronal membrane potentials, NMDA-type conductances, and
firing rates. Tuning our model to this operating state in the absence of stimuli, we
have used to identify and investigated model neuronal network mechanisms under-
lying cortical phenomena such including (i) spatiotemporal patterns of spontaneous
cortical activity, (ii) cortical activity patterns induced by the Hikosaka line-motion
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illusion stimulus paradigm, (iii) membrane potential synchronization in nonspiking
neurons several millimeters apart, and (iv) neuronal orientation tuning in V1.

1.1 Introduction

The primary visual cortex (V1) is one area of the brain where computational model-
ing has been successfully used to investigate the link between physiological mech-
anisms and cortical function. Our approach to large-scale computational modeling
of V1 [1–3] is reviewed in this chapter. Clearly, to gain a deeper theoretical under-
standing of even the simplest brain functions, modeling must strike a careful balance
between mathematical abstraction and physiological detail. Moreover, to achieve a
good understanding of network dynamics through computational modeling, fast and
efficient computational methods for simulating large-scale neuronal networks have
become a necessity.

Modeling Objectives In our view, the main objectives of computational neuronal
network modeling are to (i) capture groups of experimentally observed cortical phe-
nomena in a single theoretical model of cortical circuitry,and (ii) identify the phys-
iological mechanisms underlying the resulting model dynamics. In this way, com-
putational modeling with sufficient realism may help to pickfrom among a number
of theoretical scenarios those that could be truly realizedin nature. This objective
makes it necessary to build “parsimonious” models based on aminimal, yet suf-
ficient, set of anatomical and physiological assumptions that allow such models
to qualitatively and quantitatively reproduce a given set of distinct physiological
effects within a unified dynamical regime and with a single realistic cortical ar-
chitecture. The spatial and temporal scales resolved by themodel must be chosen
judiciously for the model to faithfully reflect the described phenomena. A clear ad-
vantage of a large-scale computational model over more idealized models is that it
is broad enough to explore a large number of possible dynamical regimes, all within
a single framework, and thus identify those regimes that arephysiologically rele-
vant. For example, a computational model can explore the cortical operation of both
correlated and uncorrelated firing activity, whereas an idealized firing-rate model
can usually describe the latter only. Finally, one of the ultimate goals of large-scale
computational neuronal network modeling is to use the network mechanisms iden-
tified in computational modeling for guiding the design of new experiments, as well
as to contrast these mechanisms with experimental results,so that we can reach a
better understanding of the underlying physiological phenomena.

In contrast to statistical physics that provides general principles governing large-
scale equilibrium systems, no unifying law has so far been found that would govern
large-scale-network systems in neuroscience. We must therefore strive to extract the
general governing features of the investigated neuronal assemblies in a robust way
that is insensitive to the insignificant details of both the computational model used
and the parameter regime it operates in. However, unlike in analytical considerations
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where this simply means discussing a sufficiently general model family, computa-
tional models are very concrete in terms of their specifications, such as the values
of parameters used in the model. Therefore, special attention must be paid to the
“structural robustness” of the discovered network mechanisms. This again means
that the models must be able to capture multiple phenomena ina single dynamical
regime, withinbroad parameter ranges, and also that the models should capture
bifurcations wherever they exist and reproduce their correct dynamical behavior
as observed experimentally. These requirements constrainthe models structurally.
Additionally, in a stronger sense, one can only be reasonably convinced that the net-
work mechanisms discovered via this modeling process are robust structurally when
physiologically reasonable variations of the network architecture all reproduce the
studied phenomena and confirm the discovered mechanisms in similar parameter
regimes and with comparable accuracy. Moreover, when we study phenomena that
are hypothesized to be network induced instead of being controlled by the cellu-
lar dynamics of particular neurons, we can demonstrate the robustness of the hy-
pothesized network mechanism by replacing the underlying Hodgkin-Huxley-type
equations with, for example, a simpler integrate-and-fire (I&F) neuron model. If the
presumed network-induced mechanism is indeed at work, the particular choice of
the neuronal equations (Hodgkin-Huxley; or linear, quadratic, or exponential I&F)
should make no essential difference. In fact, a study by comparing a number of such
related models can be systematically employed for examining the robustness of the
hypothesized mechanisms.

Due to the large scales of the modeled cortical areas, and thecorrespondingly
large numbers of neurons involved, our computational models are large in terms
of the numbers of neurons included and physical areas covered. Modeling of large
cortical areas allows us to theoretically explain results of large-scale modern neu-
rophysiological experiments, such as imaging with voltage-sensitive dyes [4,5] and
multi-electrode array measurements [6]. It is important toemphasize that the num-
bers of model neurons must have approximately the same orders of magnitude as
the numbers of the neurons in vivo or in vitro, since some of the most important
dynamical properties of neuronal networks, such as the level of fluctuations, are
often controlled by the numbers of neurons and connectivity(sparse or dense) of
their synaptic couplings. Inappropriate choice of the number of neurons and synap-
tic connectivity in the model may result in dynamical behavior inconsistent with
physiological effects. For example, too many weak pre-synaptic connections per
neuron tend to lead to mean-driven dynamics and prevent spiking that is induced
by subthreshold fluctuations as often observed in experiments [7]. The large num-
bers of neurons in our network model, dictated by the cortical phenomena we study,
require us to devise fast algorithms that take advantage of the cortical architecture
properties. This need is particularly acute because, in order to capture the sought-
for phenomena and confirm their robustness, many simulations (up to 103–104) are
necessary to sufficiently explore considerable portions ofthe parameter space.

Overview of Results We have been implementing a parsimonious modeling strat-
egy in the modeling of the primary visual cortex (V1). Using this strategy, we
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have investigated network mechanisms underlying corticalphenomena including
spatiotemporal patterns of spontaneous cortical activity[1], cortical activity pat-
terns induced by the Hikosaka line-motion illusion stimulus paradigm [2], and neu-
ronal orientation tuning [3]. Our large-scale computational model contains∼ 106

conductance-based, I&F, point neurons, and the simulations involve a range of spa-
tiotemporal scales pertaining to cortical processing in V1. The time scales involved
span from the fastest network time scale (∼ 2 ms) [8, 9] to the slow scale of the
NMDA receptor (∼ 50-200 ms) [10]. The spatial scales involve both local, isotropic
(< 0.5 mm) and long-range, orientation-specific (∼ 1-8 mm) lateral cortico-cortical
connections in V1, distributed according to a realistic cortical architecture [11, 12].
We assume these cortico-cortical connections to be sparse.

We first addressed V1 dynamics in the absence of any stimuli [1], to isolate cor-
tical phenomena that are independent of the LGN input dynamics. At this modeling
stage, we reproduced spatiotemporal cortical patterns of spontaneous cortical activ-
ity [13, 14], a striking example of cortical processing in V1observed by real-time
optical imaging based on voltage sensitive dyes [15]. Far from being the expected
featureless noise [16], these patterns are highly correlated on millimeter scales, ap-
pear to become activated in multiple areas of iso-orientation preference, and tend to
migrate to nearby such areas after about∼ 80 ms. We identified a specific cortical
operating state (see IDS state below) that we believe to underly this and many other
cortical response properties in V1.

To study stimulus-driven phenomena, we incorporated an LGNmodel. We have
successfully modeled the spatiotemporal V1 neuronal activity that is associated with
the Hikosaka line-motion illusion [2]. This illusion is induced by showing a small
stationary square followed by a long stationary bar to create the illusory motion
perception of the square “growing” to become the bar [17]. InV1, it was observed
that actual subthreshold cortical activity in response to the Hikosaka stimulus is
very similar to that induced by real moving stimuli [18]. Finally, we have also suc-
cessfully modeled the orientation tuning dynamics of V1 neurons within the same
computational model [3].

The parsimony of our models manifests itself in how we restrict our assump-
tions underlying the cortical phenomena we investigate. For example, for the study
of neuronal orientation tuning, we choose to consider only small-sized stimuli, so
that only the local network with its short-range cortico-cortical connections is ac-
tivated. Thus, we were able to restrict our model to a local version with all the
long-range effects lumped in an effective uniform inhibition. Both our large-scale
model and this local model can successfully model the orientation dynamics. Yet
more markedly so, parsimony is reflected in the modeling of the line-motion illu-
sion. In particular, from the experiments, it is not clear whether the spatiotemporal
V1 activity associated with this illusion emerges in V1 or from cooperative effects
with strong feedback from higher cortical areas. In the model neuronal network,
we have only considered the dynamics in V1 and explicitly excluded any structured
feedback from the higher cortical areas, yet this model was sufficient to capture the
cortical activity corresponding to the line-motion illusion. This allows us to hypoth-
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esize that the cortical activity observed in voltage-sensitive-dye imaging is mainly
produced by the V1 circuitry.

We have found a single dynamical regime of our model cortex that captures a
number of experimental phenomena at once. In addition to thethree mentioned
above, these include membrane potential synchronization in nonspiking neurons
several millimeters apart [19], and the “similarity index”dynamics caused by drift-
ing grating stimuli turned on and off periodically [13], both described in Sec-
tion 1.4.1. In all these cases, the theoretical advantage ofour parsimonious model is
clear: It highlights the most sharply delineated proposed mechanisms, while simul-
taneously demonstrating their realizability in a single cortical state in our model.

We refer to the dynamical regime in our model that can captureall the phenomena
mentioned above as the “intermittent de-suppressed” (IDS)operating state [1, 2].
This IDS state is characterized by (i) high total conductance (cf. [9, 20–23]), (ii)
strong inhibition, (iii) large synaptic fluctuations (cf. [24–26]), (iv) an important role
of NMDA conductance in the orientation-specific, long-range interactions (cf. [27]),
and (v) a high degree of correlation between the neuronal membrane potentials,
NMDA-type conductances, and firing rates. It is from this type of operating state
that we believe V1 responds to changes in visual stimulation. The IDS state appears
to be highly stochastic and sensitive to external stimuli. It is not an attractor in the
sense of, say, the marginal state, which is very stable, strongly locked-in, and largely
insensitive to external stimuli [28,29].

Computational Approach The dynamical properties of the IDS operating state,
together with the cortical architecture of (i) strong isotropic, non-specific local con-
nections and (ii) weak, orientation-specific, long-range cortico-cortical connections,
guide us in the design of our computational scheme. In addition, as in the corre-
sponding experiments, the nature of observables is statistical, so the appropriate
computational aim is to achieve statistical rather than trajectory-wise accuracy of
our simulations. In particular, to obtain efficiency using large time-steps we had to
address the following computational issues: (i) stiffnessdue to the high-conductance
state of the network in the IDS state, (ii) correctly accounting for the influence of
each cortical spike, computed within a large numerical time-step, on the dynamical
variables and other cortical spikes within the same time-step, and (iii) efficiently ac-
counting for the influence of strong, spatially-local interactions and relatively weak,
modulational, long-range interactions arising in the V1 cortical architecture.

To address these issues, we have developed a novel, highly effective and efficient
computational method for evolving V1 dynamics [30], which allows us to minimize
the computational overhead associated with each spike, andevolve the I&F network
model of V1 withN neurons so that each neuron fires approximately once inO(N)
operations. Our method not only evolves the system with trajectory-wise accuracy
when the time steps used are sufficiently small, but also evolves the system with
statistical accuracy when the time steps in the simulation are quite large, 1-2 ms,
approaching the smallest physiologically relevant time scale in the model. More
precisely, such simulations still render accurate networkfiring rates; distributions of
interspike intervals, conductances, and voltages; and spatiotemporal patterns formed
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by conductances and voltages. Finally, we stress that our computational strategy
should be applicable to neuronal assemblies other than V1. In fact, the issues ad-
dressed by this strategy are fairly general, and our scheme may easily be adapted to
simulate other areas of the brain.

The remainder of this chapter is organized as follows. In Section 1.2, we dis-
cuss some of the anatomical and physiological background that we use in our com-
putational model. In Section 1.3 we describe the model and its mathematical and
physiological components. The model V1 dynamics are presented in Section 1.4.
In particular, spontaneous cortical activity patterns arediscussed in Section 1.4.1,
line-motion illusion in Section 1.4.2, and orientation tuning of V1 neurons in Sec-
tion 1.4.3. Structural robustness of the model is discussedin Section 1.5.

1.2 Physiological Background

The primary visual cortex (V1) is a thin sheath of densely packed and highly in-
terconnected neuronal cells (neurons), located at the backof the skull. Along the
“visual pathway”,Retina → LGN → V1 → And Beyond, it is in V1 where
neuronal responses are first simultaneously selective to elementary features of vi-
sual scenes, including a pattern’s orientation. For example,orientation tuningis the
selective response of a single neuron to some orientations of a simple visual pattern
(say a bar or grating), but not to other orientations [31].

The primary visual cortex is several cm2 in lateral area and 1-2 mm in depth. It
has a complex, layered substructure (layers 1, 2/3, 4B, 4Cα, 4Cβ , 5, and 6, labeled
from the cortical surface inwards). Each layer is anatomically distinct, containing
excitatory and inhibitory neurons with dense lateral connectivity, augmented by spe-
cific feed-forward and feed-back projections between different layers. Visual input
first arrives at V1 through (excitatory) axons from the Lateral Geniculate Nucleus
(LGN) primarily into the layers 4Cα (“magno pathway”) andβ (“parvo pathway”).

Neurons in V1 are roughly divided into “simple” and “complex” cells. This di-
vision dates back to [31]. The responses of simple cells to visual stimuli tend to
be approximately linear, while those of complex cells tend to be nonlinear. For in-
stance, if the stimulus is a drifting grating, the spiking rate of a simple cell will be
modulated at the frequency with which the grating’s peaks and troughs pass through
the cell’s receptive field; the spiking rate of a complex cellwill increase with the
onset of the stimulus, but then stay approximately constantin time for its duration.
For a standing, contrast-reversing stimulus, simple-cellfiring rates are sensitive to
its spatial phase and modulate at the stimulus frequency, while complex-cells are
spatial-phase insensitive and modulate at double the stimulus frequency [32, 33].
The theoretical model of [31] proposes that simple cells receive LGN input and
pool their output to drive complex cells, with evidence for excitatory connections
from simple to complex cells found in [34]. Phase sensitivity is lost in this pool-
ing. However, most V1 neurons are neither completely simplenor completely com-
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plex [35]. Complex cell also receive strong input from othercomplex cells [34] and
the LGN [36–38], not just from simple cells, and can be excited without strongly ex-
citing simple cells [39–43]. Therefore, an alternative hypothesis is that the amount
of excitatory LGN input varies from one V1 neuron to the next (indirect evidence for
this is given in [44–46]), and is compensated by the amount ofcortical excitation,
so that each V1 neuron receives roughly the same amount of excitation [47], as sug-
gested by cortical development theories [48,49] and experiments [50,51]. We adopt
this hypothesis in our model, as described below. We note that simple cell proper-
ties were recovered in a model of V1 neurons that all receivedequal amount of LGN
drive [52]. In this model network, strong cortical inhibition cancels the nonlinearity
in the LGN drive to produce linear response properties of thesimple cells.

Optical imaging experiments [53–55] reveal orientation preference as organized
into millimeter-scale “orientation hypercolumns” that tessellate the cortical surface,
with orientation preference laid out in spokes emanating from “pinwheel centers”,
with ocular dominance arranged in left-eye/right-eye stripes. Orientation preference
selectivity appears to be well correlated even between single pairs of nearby corti-
cal neurons, whereas preferred spatial phase does not, indicating the possibility that
spatial phase preference may be mapped across V1 in a disordered fashion [56]. The
exact nature of the spatial frequency preference distribution across V1 is still some-
what in dispute: Interpretations of experiments have ranged from domains with only
high or low spatial frequency preference [57] to continuouspinwheel patterns [58],
but appear to have converged on disordered distributions [59–61].

Anatomical, optical imaging, and electrophysiological studies suggest that lateral
connectivity shows different types of organization on different spatial and tempo-
ral scales. At hypercolumn scales (< 500µm), the pattern of connectivity appears
isotropic, with monosynaptic inhibition at or below the range of excitation [62–65].
The excitatory short-range connections appear to be mostlymediated by the fast,
AMPA, neurotransmitter [27] (with persistence time-scale∼3 ms [66]), while the
inhibitory connections are mediated by GABAA (with persistence time-scale∼7
ms [66]). We use these facts in our model.

At longer scales,∼1-5 mm, the largely intralaminar and reciprocal lateral con-
nections [67–72] (also referred to as horizontal connections) in V1 are much less
isotropic. These horizontal connections arise purely fromexcitatory neurons, and
terminate on both excitatory (∼75%) and inhibitory (∼25%) neurons [73–75]. They
are only strong enough to elicit subthreshold responses in their postsynaptic neu-
rons [76,77], and are believed to only modulate their firing rates.

Long-range connections have patchy terminals in the superficial layers 1-3 [67–
71]. They have been observed in the input layers 4B and upper 4Cα in primates,
where they have bar-like terminals [69,71,72], and in layers 5 and 6 in primates and
carnivores, where they tend to be more diffuse [69, 70, 78]. (They do not, however,
seem to exist in the layer 4 of the tree shrew [79]). A clear tendency has been re-
vealed for the patchy long-range projections of neurons in layer 2/3 to align with
the bar-like projections of neurons in layer 4B that lie directly below them [72].

We here remark that, as described in Section 1.4, our model isused both as a
model of the input layer 4Cα, and as an “effective” or “lumped” model which does
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not include the detailed laminar structure of V1. In the second case, we believe
that it still renders an adequate description of the signal observed in the voltage-
sensitive-dye-based imaging experiments whose results weaddress. This is because
the signal in these experiments reflects bulk membrane potential variations in the
imaged area, which, in turn, largely reflect subthreshold synaptic potentials and ac-
tion potentials in all the dendrites that reach the superficial V1 layers, regardless of
the layer in which their respective soma lies [80]. Therefore, in the model, we also
use anatomical details of the horizontal connections that are more in line with those
in the superficial layers.

Long-range projections have been found to connect sites of like preferences,
such as orientation preference [81, 82], ocular dominance and cytochrome oxydase
blobs [83], and direction preference [84]. The shapes of thecortical regions covered
by horizontal projections of a given neuron differ from species to species, ranging
from just barely elongated along the retinotopic axis in macaque [83] and new world
monkeys [68] (anisotropy ratio∼1.5–1.8) to highly elongated in the tree shrew [67]
(anisotropy ratio∼4).

In contrast to short-range connections, long-range connections in V1 appear to
be mediated by both AMPA and NMDA. In particular, in-vitro stimulation of white
matter leads to the conclusion that firing by layer 3 pyramidal neurons may be
driven and synchronized by long-range, horizontal connections, mediated in part by
NMDA [27]. Additionally, long-range horizontal inputs to cells in layers 2 and 3 can
sum nonlinearly [77], which is indicative of NMDA receptor involvement in long
range connections due to the voltage-dependent conductance of the NMDA chan-
nel [85]. Moreover, visual response in the superficial V1 layers 1-3 was observed to
be in part mediated by NMDA receptors, both in cats [86] and the macaque [87].
This evidence should give credence to the claim that both AMPA and NMDA me-
diate synaptic transmission through long-range horizontal connections in V1.

The precise role of the long-range horizontal connections in V1 is as yet un-
known, however, it appears that they contribute to spatial summation of stimuli and
contextual effects from outside of a given neuron’s classical receptive field [69,88].
They may also contribute to synchronous firing of cells with similar orientation pref-
erences, especially when those cells are separated by more than 0.4 mm [89,90] (see
also Section 1.4.1, especially Figure 1.5), and the synchronization of fast,γ-band
(25–90Hz), oscillations present in the collective firing rates of neuronal populations
over distances of∼5 mm [91, 92]. Simulations using our model [1, 2] suggest that
particularly striking examples of the long-range connection contributions may be in
millimeter-scale spatiotemporal patterns of spontaneouscortical activity [13,14] and
activity induced by the Hikosaka-motion-illusion stimulus [18], which have been
observed in experiments using voltage-sensitive dyes (seeSections 1.4.1 and 1.4.2).

In addition to the diverse spatial scales, the neuronal network in V1 also operates
within a large range of temporal scales. The manifestationsof selectivities such
as orientation tuning are actually strongly dynamical, as revealed by reverse-time
correlation experiments [93, 94], which reveal some of the time-scales operative
in V1 cortical processing. These are: the LGN response timeτlgn = O(102) ms,
reflecting the composition of retinal and genicular processing of visual stimulation;
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the various time-scales of synaptically mediated currentsτsyn = O(3-200 ms), as
described in the introduction; andτG = C/[G], whereC is cellular capacitance and
[G] a characteristic size of total synaptic conductances. Recall that τG is the time-
scale of response of a neuron, and is a property of network activity. The higher
the activity, the shorter isτG, usually aboutO(2-5 ms). Intracellular measurements
have shown that under visual stimulation, cellular conductances can become large,
increasing by factors of two or three, and tend to be dominated by (cortico-cortical)
inhibition [9,20–23].

Some prior theoretical studies of cortical effects inducedby short- and long-
range horizontal connections in V1 include (but are by no means limited to) the
following: An I&F computational model with an idealized architecture was stud-
ied in [95]. The largely analytical studies of [96–98] address the role of long-range
connections, studying stationary cortical pattern formation and stability. The role
of recurrent excitation in a network model was studied in [99]. A large-scale com-
putational model of neuronal orientation tuning in V1 was presented in [100]. A
detailed large-scale, highly-realistic, local computational model of neurons in 4 ori-
entation hypercolumns in the input layer 4Cα of macaque V1 [8, 52, 101], which
included only short-range connections. Orientation selectivity of cells in this model
was shown to be greatly enhanced by recurrent interactions [101]. In [47], the model
was extended to include heterogeneity in LGN input.

1.3 The Large-Scale Computational Model

We model a patch (∼25 mm2) of primary visual cortex by a large network ofN ∼
5× 105 coupled, excitatory and inhibitory, simple and complex, integrate-and-fire
(I&F) point neurons distributed uniformly over a two-dimensional lattice. Of these
neurons,∼ 75% are excitatory and∼ 25% inhibitory. They are labeled by the index
i = (i1, i2), corresponding to their positions in the latticexi . Their typeLi ∈ {E, I}
(excitatory, inhibitory) is assigned randomly with the probability corresponding to
its respective percentage in the population.

The intracellular membrane potentials of the neurons,Vi(t), are driven by the
changes in the conductances,GQ

i (t). Together, these variables evolve according to
the set of equations

d
dt

Vi(t) = −GL [

Vi(t)− εL]−∑
Q

GQ
i (t)

[

Vi(t)− εQ]

, (1.1a)

d
dt

GQ
i (t) = −

GQ
i (t)

σQ +∑
j
∑
k

SQ
i, jδ (t −Tj ,k)+∑

k

FQ
i δ (t −TF

i,k), (1.1b)

except at thekth spike time,Ti,k, of the theith neuron, which occurs when the mem-
brane potentialVi(t) reaches the firing thresholdVi = εT . The spike timeTi,k is
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recorded and the potentialVi reset toεR, where it is held for an absolute refractory
period ofτre f ms.

In equation (1.1a),GL andεL are the leakage conductance and potential, respec-
tively. The indexQ in (1.1) runs over the types of conductances used, which are
characterized by their different decay time scalesσQ and reversal potentialsεQ.
In our model, we consider three conductance typesQ∈ {AMPA,NMDA,GABAA},
the first two of which are excitatory and the last inhibitory.Each spike from the
jth neuron gives rise to a jump of magnitudeSQ

i, j in theQ-type conductance of the

ith neuron. By setting the coupling strengthsSAMPA
i, j andSNMDA

i, j to zero whenever

L j = I , and similarly settingSGABAA
i, j to zero wheneverL j = E, we achieve that the

excitatory conductancesGAMPA andGNMDA of any model neuron only jump when
that neuron receives a spike from an excitatory neuron within the network, while
its inhibitory conductanceGGABAA only jumps when it receives a spike from an in-
hibitory neuron. Note that, the coupling strengthsSQ

i, j can be chosen so as to encode
many different types of network architecture. The system isalso driven by external
input from the LGN. Each external input spike makes that neuron’sQ-type conduc-
tance jump by magnitudeFQ

i . We will further discuss the external input below.
In our model, we use reduced-dimensional units [101], in which only time retains

dimension, with units of conductance being [ms−1]. Typically, in these units, we set
the conductance time-scalesσAMPA = 2 ms,σNMDA = 80 ms,σGABAA = 7 ms, the
reversal potentials valuesεL = 0, εAMPA = εNMDA = 14/3, εGABAA = −2/3, the
threshold and reset voltagesεT = 1 andεR = 0, the refractory periodτre f = 2 ms,
and the leakage conductanceGL = 0.05. The voltage constants correspond to the
physiological valuesεL = −70 mV, εAMPA = εNMDA = 0 mV, εGABAA = −80 mV,
εT = −55 mV. The physiological leakage conductance isGL = 50× 10−6 Ω−1

cm−2.
According to equation (1.1b), the rise of each conductanceGQ

i upon receiving a
spike is instantaneous, while its decay takes place on the time-scaleσQ. However,
our treatment can be readily extended to conductances in theform of anα-function
with both rise and decay time-scales. In this case, we typically use the rise time-
scale 0.05 ms for theAMPAandGABAA conductances, and 0.5 ms for theNMDA
conductance.

Short-range connections Each model neuron is isotropically, randomly connected
to other nearby neurons, with interaction strengthsSSR,Q

i, j = fQ,L j ∆i, j S̄
SR,Q
Li

KSR,Q(|xi−

x j |). The normalized spatial kernelKSR,Q(r) is chosen to be the Gaussian

KSR,Q(r) =
1

π(DQ)2 exp

[

−
|r|2

(DQ)2

]

, (1.2)

which decays on the spatial scaleDQ ∼ 0.3 mm. In addition to being isotropic, this
choice of the coupling kernel also makes the modeled short-range connections non-
specific in neurons’ phase preference. The coefficientsfQ,L j are chosen to reflect
the fact that a spiking excitatory neuron can only increase excitatory conductances,
and a spiking inhibitory neuron can only increase inhibitory conductances. The ran-
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dom connectivity matrix∆i, j indicates whether neuronj is connected to neuroni.

The maximum strength̄SSR,Q
Li

only depends on the type of conductance and the type
of the postsynaptic neuron.

Long-range connections Orientation specific, long-range (LR) connections are
anisotropic, excitatory, and project onto both excitatoryand inhibitory cells. Their
coupling coefficients are given bySLR,Q

i, j = ∆i, j S̄
LR,Q
Li

KLR,Q(xi ,θi ,x j ,θ j), with max-

imum coupling strengths̄SLR,Q
Li

and long range coupling kernelsKLR,Q. We require

that S̄LR,GABAA
Li

= 0, reflecting the purely excitatory nature of the connections. The

long-range kernelKLR,Q(xi ,θi ,x j ,θ j) connects neurons in different pinwheels if
the difference in their preferred orientationsθi − θ j ≤ ∆θ ≈ π/16. It has a two-
dimensional Gaussian shape on the spatial scaleDLR ∼ 1.5 mm, with eccentricity
1∼2 [11]. In addition, we take the coupling strengths of the form S̄LR,AMPA

Li
= Λ S̄LR

Li

andS̄LR,NMDA
Li

= (1−Λ)S̄LR
Li

, whereΛ denotes the percentage of NMDA receptor
contribution to the total LR conductance [87,102,103].

Altogether, the coupling coefficients in equation (1.1) arethe sum of the short-
and long-range coupling coefficients,SQ

i, j = SSR,Q
i, j +SLR,Q

i, j .

Modeling the LGN input and background noise The drive to our model cortex is
provided by model background noise and a model LGN (mLGN). The background
and mLGN spike trains arriving at a V1 neuron are modeled as independent Poisson
trains, with the corresponding spike times denoted byTB

i,k andTLGN
i,k , respectively.

We assume the background to be homogeneous, firing with the uniform rateRB. We
chooseRB so that the spontaneous firing rate of the model V1 neurons dueto both
the model background and the mLGN spontaneous firing is.5 spikes per second.

We assume that our rectangular model cortical patch corresponds to a rectangular
patchΩ of the visual space. (In our largest model so far,Ω = 9◦×6◦.) To theith
neuron, located at the lattice pointxi in the cortical patch, we assign a corresponding
lattice pointyi in Ω . We take the correspondencexi ↔ yi to be linear, which ignores
detailed retinotopic effects. This is reasonable providedthe solid angle subtended
by Ω is sufficiently small. Theith neuron’s receptive field centerri is chosen at a
point scattered randomly within the solid angleα . 1◦ from yi .

In cat and macaque V1, both orientation preference and spatial phase preference
are conferred on cortical cells from the convergence of output from many LGN
cells [104]. In the simplest model, the details of these LGN cells are ignored, and
for each V1 neuron only the center and size of its receptive field, and its feature
preferences, are considered. Such a model describes the mLGN input rate to theith
neuron in the linear spatiotemporal convolution form

RLGN
i (t) = R̄LGN +

∫ ∞

0
dτ

∫

Ω
dρρρ I(ri −ρρρ ,t − τ)Kθi ,φi ,ωi (ρρρ)KT(τ), (1.3)

whereI(r, t) is the visual stimulus inΩ , andθi , φi , andωi are this neuron’s pre-
ferred orientation, spatial phase, and spatial frequency,respectively. We choose the
spontaneous ratēRLGN = 170 spikes/sec. The Gabor spatial kernelKθ ,φ ,ω (ρρρ) =
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Kr f (ρρρ)cos[ω(ρx cosθ + ρysinθ )+ φ ]− K̄θ ,φ ,ω(ρρρ) has a Gaussian spatial envelope
Kr f with receptive field sizeσr f ≈ 1◦, as given by (1.2). The time kernel is given by

KT(τ) = K̄Tt
(

τ−2
r e−t/τr − τ−2

f e−t/τ f

)

, with rise and decay timesτr = 10∼ 16 ms,

τ f = 40∼ 64 ms [105]. The radial kernel̄Kθ ,φ ,ω(ρρρ) and the constant̄KT are chosen
so thatKθ ,φ ,ω has 0 mean andKT has a maximum of 340 spikes per second. The
LGN input model (1.3) is valid provided the stimulus contrast max(I)−min(I) is
sufficiently small in our simulation that the firing rateRLGN

i never drops below zero.
A more detailed LGN model, valid for larger contrast values,is described in [47].

From neuron to neuron, the preferred orientation is laid outin pinwheel patterns
[53–55,106–108], the preferred phase is randomly chosen with uniform distribution
in [−π ,π ] [56], and the preferred frequency is randomly chosen with the average
ω ≈ 1 cycle per◦ [59–61].

As only theAMPAconductances receive feedforward input from the LGN, we put
the strengthsFNMDA

i,LGN = FGABAA
i,LGN = 0. The strengthsFQ

i,B andFAMPA
i,LGN of the background

and LGN spikes are chosen to reflect the fact that, in additionto cortico-cortical
couplings, simple cells are driven by the mLGN and complex neurons are driven
by stimulus-independent background, with a continuum of “mixed type” cells in-
between [47,49–51].

Computational method As mentioned in the introduction, we have developed a
new, highly effective and efficient computational method for solving equations (1.1).
This method has the following properties: (i) We employ an integrating factor ex-
ploiting the near-slaving of the neuronal membrane potential to the effective rever-
sal potential in a high conductance state, and write the solution in the form of a
numerically-tractable integral equation. In this way, we can take large time-steps
even in the high-conductance state in which the I&F equations are stiff. (ii) Within
each time-step, we sort the approximated spike-times and apply an iterated correc-
tion procedure to account for the effects of each spike on allfuture spikes within
this time-step. We can thus account for the spike-spike interactions within a large
time-step of duration 1-2 ms. (This is very different from spike-time interpolation
of [109, 110].) (iii) We divide the network up into local clusters of approximately
the same size as the spatial scale of the local interactions,and treat these clusters in
such a way as to minimize the computational work associated with computing the
cortico-cortical interactions. The details of our computational method are described
in [30].

1.4 Dynamics of the Primary Visual Cortex

In our large-scale model, by adjusting the strengths of the local and long-range
cortico-cortical connections, we identify an “intermittent de-suppressed” (IDS) cor-
tical operating state, characterized by (1) high conductance, (2) strong inhibition, (3)
large fluctuations, and (4) strong correlations among the neuronal membrane poten-
tials, NMDA conductances, and firing rates. Fuctuations in the IDS state arise from
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intermittent firing events which are strongly correlated intime and in orientation
domains, and whose correlation time is controlled by the decay time-scale of the
NMDA conductance. In addition, this state is just below a “fluctuation controlled
criticality,” i.e., a bifurcation point above which there is hysteresis and bistability in
the firing dynamics of complex cells.

We emphasize that the significance of this single IDS state manifests itself in
the fact that the IDS state captures the dynamics of (1) large-scale, coarse-grained
spatiotemporal activity patterns occurring in the spontaneous as well as periodically
stimulated states in V1, as observed in the voltage-sensitive-dye imaging experi-
ments [13, 14], (2) the spatiotemporal activity in V1 associated with the Hikosaka
line-motion illusion [18], and (3) orientation tuning of V1neurons.

1.4.1 Patterns of spontaneous cortical activity

The cortical operating state in the absence of external stimuli still undergoes reorga-
nization of information and so is expected to undergo rich spontaneous dynamics.
This is indeed the case in V1, where experiments of [13, 14] onanaesthetized cats
show that such activity forms highly structured and correlated coherent patterns on
the scales of several millimeters, which appear in regions of like orientation prefer-
ence over many orientation hypercolumns and persist over time scales of∼ 80 ms. In
our working hypothesis, this persistence time scale and thespatial-correlation struc-
tures implicate the combined effect of the orientation-specific, long-range cortico-
cortical connections and the NMDA conductance time scale. In our view, these
spontaneous activity patterns reflect the rich dynamics of cortical operating states
and any theoretical V1 model must be constrained to successfully reproduce this
spatiotemporal activity. To study this spontaneous cortical activity without the mod-
eling complications of the LGN, and to examine our working hypothesis, we employ
a network comprised of∼5×105 model neurons within a∼16 mm2 patch of 64 ori-
entation hypercolumns, in which the long-range connections are orientation specific
and the time-scale associated with these connections is of the NMDA type [1].

Figure 1.1A shows the orientation preference map of V1 neurons, conferred on
them in our model by their afferent inputs from the LGN. Figure 1.1B,C shows
two instantaneous patterns of the neuronal membrane potentialsV (x,t), which are
strongly correlated over like-orientation domains. Following [13,14], we define two
space-dependent measures of the model cortical state. The first is the“preferred
cortical state” of a neuron, which is defined to be the spatial pattern of the average
voltageVP(x;θd) = ∑i V

(

x, t i ;θd
)

/N, evoked by a strong stimulus at this neuron’s
optimal orientationθd. Here,t i is this neuron’sith spiking time andN is its total
number of spikes. The second measure, for the same neuron, isthe“spike-triggered
spontaneous activity pattern,” Vst(x) = ∑ j V

(

x,t j
)

/M of the network without stim-
ulus, again triggered by and averaged over this neuron’s spike times. At our IDS
operating state, achieved with moderate strengths of long-range lateral connections,
VP(x;θd) andVst(x) computed in our model are strongly correlated with one an-
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Fig. 1.1 (A) Model V1 cortical area with orientation hypercolumns. Preferred orientation is
coded by color. Pinwheel centers are marked by small white dots. The lengthscale of local in-
hibitory/excitatory couplings is indicated by the inner/outer radius of the black/white annulus in
the upper right corner. The extent of long-range connections is indicated by the large ellipse. Ori-
entation domains that are coupled by the long-range connections to the neurons in the orientation
domain in the middle of the ellipse are indicated by rhombuses. (B) Spontaneous activity pattern
covering orientation domains of near-horizontal angles. The two ovals regions where voltages can
be highly correlated in time. (C) Spontaneous activity pattern covering orientation domains of two
orthogonal angles. [Reproduced with permission from Ref. [1], www.pnas.org, (Copyright 2005,
National Academy of Sciences, USA).]

other, as clearly shown in Figure 1.2A,D. In addition, from Figure 1.1A, it can be
seen that they also strongly resemble iso-orientation domains within the neuronal
orientation preference map.

The“similarity index” ρ(θd; t) is the spatial correlation coefficient between the
preferred cortical stateVP(x;θd) and the membrane potentialV(x,t) of the neurons
in the network. In particular,

ρ(θd; t) =

∫

x

[

VP(x;θd)−
∫

yVP(y;θd)dy
][

V(x,t)−
∫

yV(y,t)dy
]

dx
√

∫

x

[

VP(x;θd)−
∫

yVP(y;θd)dy
]2

dx

√

∫

x

[

V(x,t)−
∫

yV(y,t)dy
]2

dx

,

computed over an area of 4× 4 pinwheels, which was roughly the area used in
experiments. We useρ(θd; t) to detect the evolution and persistence time scale of
the cortical activity patterns in the IDS state. The time evolution of ρ(θd; t) in the
three computed regimes (two of which are discussed below) ispresented in Fig-
ure 1.2G,I,K, and its time trace atθd = −60◦ in Figure 1.2H,J,L. In the IDS regime,
the evolution presented in Figure 1.2G,H indicates the typical pattern duration, be-
fore it switches to other orientations, to be∼ 80 ms. This scale can also be gleaned
from the voltage and the similarity index temporal auto-correlation functions, as
shown in Figure 1.2B,C.

To further quantify our data in comparison with experiment,we compute the all-
time similarity-index histogram by binning the similarityindexρ(θd; t), for all θd,
sampled at the rateνS =1 frame/msec for a total durationT = 256 sec. We also
compute the spike-triggered similarity-index histogram by binningρ(θd; t i), sam-
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Fig. 1.2 (A) Preferred cortical stateVP(x;θd) of the neuron in the center of the square. (B,C)
Temporal autocorrelations of the membrane potential traceV and similarity indexρ in the IDS
state, averaged over the cortical location andθd. (D-L) Spike-triggered activity patternVst(x) for
the neuron in (A) and time-evolution of the similarity indexover all preferred orientations and for
orientation preference−60◦: (D,G,H) IDS, (E,I,J) uniform, and (F,K,L) locked state. [Reproduced
with permission from Ref. [1], www.pnas.org, (Copyright 2005, National Academy of Sciences,
USA).]

pled only on the spike timest i of neurons that have the same orientation preference
θop = θd, for the same durationT = 256 sec, and average over allθd. The all-time
and spike-triggered similarity index histograms for the IDS state are shown in Fig-
ure 1.3D,E. The IDS firing rate as a function of the similarityindex, computed as
the ratio between the distributions in panels E and D of Figure 1.3, multiplied by
the rateνS, is shown in Figure 1.3F. Clearly, there is very good agreement with the
corresponding experimental results of [13], as reproducedin Figure 1.3A,B,C.

Computationally, we analyzed two more possible operating states of our model
cortex. If the long-range connections are sufficiently weak, a neuron’s spike-triggered
spontaneous activity pattern,Vst(x), becomes spatially homogeneous, as shown in
Figure 1.2E,I,J and Figure 1.3G,H,I. This state closely resembles the “homogeneous
phase” state investigated in an idealized mean-field model in [29]. If the long-range
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connections are very strong,Vst(x) becomes locked to a specific pattern of orienta-
tions that tends not to correlate with the neuron’s preferred cortical stateVP(x;θd)
for most of the simulation time, as shown in Figure 1.2F,K,L and Figure 1.3J,K.
This state is similar to the “marginal phase” state in [29]. In neither of these last
two cases is the spike-triggered spontaneous activity pattern correlated with the pre-
ferred cortical state of the neuron in question, which is at variance with [14], nor
does the similarity index behavior capture experimental observations in [13].

All three of the analyzed model cortical operating states, in particular IDS, are
structurally robust. The robustness of IDS is further discussed in Section 1.5.
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Fig. 1.3 Top row: all-time similarity-index histogram. Middle row:spike-triggered similarity-
index histogram. Bottom row: firing rate as a function of the similarity index. (A,B,C) Experimental
data. (D,E,F) IDS regime. (G,H,I) Homogeneous regime. (J,K) Locked regime. [Reproduced with
permission from Ref. [13], (Copyright 1999, by the AmericanAssociation for the Advancement of
Science).][Reproduced with permission from Ref. [1], www.pnas.org, (Copyright 2005, National
Academy of Sciences, USA).]

Fixing the strengths of the long-range connections so that the model network
without any stimulus is in the IDS state, we now drive the model with a drifting
grating stimulus of given orientationθd, which is periodically turned on for 1 sec
and then off for 2 sec. The activity patterns triggered on thespikes of a neuron
with the preferred orientationθd are again similar to this neuron’s preferred cortical
state,VP(x;θd). The time evolution of the similarity indexρ(θd; t) corresponding
to the orientationθd is shown in the right panel of Figure 1.4. When the stimulus
is turned on,ρ(θd; t) tends to rapidly swing into positive values. This reflects the
activity pattern strongly correlating withVP(x;θd) for the evoked duration. When
the stimulus is turned off,ρ(θd; t) tends to rapidly swing into negative values, and
then slowly return closer to zero. These features, including the “negative-swing”
phenomenon, are in good qualitative agreement with those observed experimentally
in [13], reproduced in the left panel of Figure 1.4.

Our analysis of the IDS state in our model V1 reveals that there is a chain of
strong correlations among the voltages, conductances, andfiring rates in the system.
We find that the network operates in a state of high total conductance,GT ≫ GL,
which implies that the membrane potentialV(x,t) is slaved to the effective reversal
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Fig. 1.4 Temporal dynamics of the similarity indexρ(θd; t). Left: Experiment. Right: IDS
state simulation. [Reproduced with permission from Ref. [13], (Copyright 1999, by the Ameri-
can Association for the Advancement of Science).][Reproduced with permission from Ref. [1],
www.pnas.org, (Copyright 2005, National Academy of Sciences, USA).]

potentialVS(x, t) over the leakage-conductance time scale(GL)−1 ∼ 10 ms. (The
total conductance is defined asGT = ∑QGQ, and the effective reversal potential as
VS = ∑Q GQεQ/GT , with Q = L, I , andE.) Our computations show that both these
potentials stay well below the firing threshold on average, making the model op-
eration “fluctuation-driven.” The inhibitory conductances are much higher than the
excitatory conductances,GI ≫ GE, and the NMDA conductances are much higher
than the AMPA conductances. Using the above conductance relations and definition
of the effective reversal potential, it is easy to show that there is a chain of statistical
correlationsV(x, t) ∼VS(x, t) ∼ GNMDA/GI . Furthermore, our IDS state exhibits a
correlation betweenGNMDA andGI in a sublinear fashion, i.e, a smaller increase in
GI is correlated with a larger increase inGNMDA. Therefore, we haveGNMDA cor-
related withV(x, t) andVS(x,t). In addition, a strong correlation of the firing rate
m(t) with the membrane potentialV(x,t) and the NMDA conductanceGNMDA is ob-
served in the IDS state. The fact that these physiologicallyreasonable correlations
are observed only in the IDS state strongly constrains the model’s cortico-cortical
coupling strengths. Finally, we mention that only in the IDSstate is the subthresh-
old activity consistent with physiologically realistic 2-10 spikes/sec spontaneous
and 10-60 spikes/sec evoked firing rates.

Dynamically, the IDS operating state is an intermittent cycle: A small number of
spontaneous firings of excitatory neurons increases (typically over a timecourse of
≤ 5 ms) the NMDA conductances and so also the membrane potentials of neurons in
domains with like orientation preference within∼ 1 mm via the long-range connec-
tions. These conductances and potentials become nearly statistically synchronized.
When the inhibition in a region undergoes a transient drop, (i.e., the network be-
comes de-suppressed), a spontaneous firing of a single excitatory neuron will recruit
many other neurons to fire. These correlated firing events occur within ≈ 10 ms.
These patterns are then spread to other iso-orientation domains of like preference
via a cascade of successive firing events. As a result, the induced spatial patterns
of the voltage closely resemble the iso-orientation domains in the orientation pref-
erence map and the “preferred cortical state.” Shortly thereafter, these excitatory
recruitment events trigger strong inhibition mediated by local connections, which
suppresses any further recruitment. The pattern then slowly drifts or decays on the
NMDA conductance decay scaleσNMDA ∼ 80 ms, and the inhibition decays with
it. Thus, a key mechanism underlying the spontaneous cortical activity patterns in
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the IDS operating state is this rapid correlated recruitment of excitatory neurons in
iso-orientation domains.

To illustrate these features of the IDS, we return to Figure 1.1B,C, which show
two instantaneous patterns of spontaneous cortical activity at our IDS operating
state. In both figures, instantaneous neuronal membrane potentialsV(x,t) are plot-
ted, with low activity regions masked off by black color. Theregions of high ac-
tivity shown in Figure 1.1B cover iso-orientation domains corresponding to near-
horizontal angles. As discussed in the previous paragraph,even relatively distant
parts of such high-activity regions become activated almost simultaneously, with
the entire pattern then drifting slowly over the cortical surface, persisting for∼ 80
ms. Multi-angle patterns, such as the one shown in Figure 1.1C, which corresponds
to two orthogonal angles, can also occur. In this case, the activation regions cor-
responding to the two angles are mostly well-separated, butparts of them may be
present in the same orientation pinwheels. This pattern also persists over∼ 80 ms,
and is thus not a short transient. These drifting, multi-angle patterns do not occur in
the locked state described above and are not consistent withthe theory of marginal
phase [29].

V1
   S

V2
S

10 mV 

1sec

10 mV

1 sec

Fig. 1.5 Synchronized trace pairs of neuronal voltages. (The neurons in the pair are not firing.)
Left: Experimental measurements in cat V1. Right: Simulation in the IDS state in our model V1.
[Reprinted from Ref. [19], Copyright 1999, with permissionfrom Elsevier.][Reproduced with per-
mission from Ref. [1], www.pnas.org, (Copyright 2005, National Academy of Sciences, USA).]

Another manifestation of the above-described scenario andthe role of the long-
range connections in the IDS state is the near-synchronization of neuronal mem-
brane potentials in pairs of neurons located within∼ 0.5 mm from one-another in
our model V1, as shown in the right panel of Figure 1.5, which occurs even when
the neurons in the pair are not spiking. This synchronization can be explained by
the common synaptic inputs from long-range connections. These near-synchronized
voltage traces capture well the corresponding experimental result [19], as shown in
the left panel of Figure 1.5.

The NMDA component present in the long-range cortico-cortical connections is
crucial for capturing the spatiotemporal dynamics and persistence scale of the spon-
taneous cortical activity patterns. If there were no NMDA conductance, i.e.,Λ = 0,
the model cortex still can manifest an IDS-like state, but itexhibits a wrong persis-
tence time scale for the patterns, that of only∼ 20 ms. We note that the involvement
of the NMDA conductances in the evolution of spontaneous activity patterns in the
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model cortex is consistent with the experimentally observed reduction of such ac-
tivity in cats in vivo after blocking the NMDA receptors [86,111].

Fig. 1.6 Cortical input from
the model LGN, which is a
spatiotemporal convolution
of the external stimulus. Top:
the moving square. Bottom:
the Hikosaka stimulus. White
rectangles: stimulus. Gray
rectangles: LGN input to V1.
[Reproduced with permission
from Ref. [2], www.pnas.org,
(Copyright 2005, National
Academy of Sciences, USA).]
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1.4.2 Line-motion illusion

The stimulus paradigm that induces the Hikosaka line motionillusion is the follow-
ing: a cue of a small stationary square is flashed on a display for ∼ 50 ms, which
is then followed by an adjacent stationary bar∼ 10 ms after the removal of the
square [17] . This stimulus creates the perception that the bar continuously grows
out of the square, which is termed as the line-motion illusion. As revealed by op-
tical imaging experiments using voltage-sensitive dye, this stimulus in fact creates
in V1 a cortical activity pattern very similar to that created by a small, fast-moving
square [18]. It was suggested that this similarity is the neurophysiological correlate
associated with the pre-attentive perception of illusiorymotion.

To investigate the mechanisms underlying the V1 activity patterns associated
with the Hikosaka motion illusion, we examine the spatiotemporal cortical dynamics
under the Hikosaka stimulus using our model cortex consisting of∼ 106 neurons,
covering 96 orientation hypercolumns spanning an∼ 6 mm×4 mm area of V1.

In this modeling, we aim to examine the response properties of the IDS state, so,
in the absence of external stimuli, we tune the model cortex to the IDS state [2]. We
first discuss the cortical input sculpted by our model LGN, which is a spatiotemporal
convolution of the external image. For the moving square andthe Hikosaka stimulus,
it is apparent that these cortical inputs from the model LGN bear little resemblance
to one-another, as shown in Figure 1.6.

We calibrate the strength of our model LGN using a flashed square as the stimu-
lus. The input strength of the model LGN is the only additional parameter to the IDS
state and is chosen so as to ensure reasonable agreement between the spatiotempo-
ral activity of our model V1 and the experimental signal in [18], as displayed in
Figure 1.7A,B,C. The square is flashed for 48 ms. The delayed surge of cortical
activity evoked by the square appears at∼ 50 ms after the square is first presented,
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and eventually decays. After fixing the LGN strength, we nextexamine the cortical
activity patterns evoked by a stationary bar. The delayed surge of activity due to the
bar again appears∼ 50 ms after the presentation of the stimulus. The spatiotemporal
dynamics exhibits good agreement between the real and modelcortices, as shown
in Figure 1.7D,E,F.

In Figure 1.7G–N, we display the activity due to the moving square and the
Hikosaka stimuli. We find good agreement between the effective reversal potential
VS and NMDA conductanceGNMDA profiles in our model V1 and the experimental
voltage-sensitive-dye measurement. In particular, the moving square produces an
area of activity growing rightward out of the initial cortical response to the square,
with an onset delay of about∼ 50 ms. This activity area fills out the cortical im-
age of the square’s path, and eventually decays. The Hikosaka stimulus — a square
flashed for 48 ms followed 10 ms later by a bar — also produces anarea of activity
growing rightward out of the initial cortical response to the square. For both stimuli,
there is a remarkable degree of correlation between the effective reversal potential
VS and NMDA conductanceGNMDA profiles. It should be stressed that such close
correlation only occurs in the IDS operating state. Most importantly, both in the real
and model cortex, the activity patterns corresponding to both stimuli are remarkably
similar. As mentioned above, this similarity was suggestedto be the neurophysio-
logical correlate associated with the illusory motion perception [18].

Fig. 1.7 Spatiotemporal pattern of the cortical activity corresponding to the (A) flashed and (G)
moving square, (D) bar, and (K) Hikosaka stimulus. (B,E,H,L) Voltage-sensitive-dye signal mea-
sured in the experiments. (C,F,I,M) Effective reversal potentials in model V1. (J,N) NMDA con-
ductances in model V1. [Adapted by permission from Macmillan Publishers Ltd. from Ref. [18],
copyright 2004.][Reproduced with permission from Ref. [2], www.pnas.org, (Copyright 2005, Na-
tional Academy of Sciences, USA).]

What is the network mechanism underlying the cortical activity associated with
the motion illusion? Our model V1 dynamics provides an intriguing scenario: In our
V1 network, as soon as the square is flashed, it temporarily increases the model LGN
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input to the left side of the model cortex. Enough excitatoryconductance builds up
under this input during the 48 ms of the square’s presentation that within∼ 50 ms
the neurons in the impacted cortical area are recruited to begin spiking. Through
the long-range connections, these spikes raise the NMDA conductances in a larger
cortical region, reaching the middle and right of the model cortex. Due to the spatial
decay of the long-range coupling strength,GNMDA elevation is more pronounced
closer to the trace of the square in the cortex. The elevatedGNMDA persists for about
∼ 80 ms, and because of theGNMDA−VS correlation, the neuronal membrane po-
tentials also rise in the same cortical area during the same time period. As the bar is
shown on the screen and the model LGN input increases in the cortical footprint of
the bar, the neurons more to the left have on average higher voltages and thus have
higher probability to fire than those more to the right. (See [2] for details.)

Crucial in the scenario about the network mechanism underlying the spatiotem-
poral activity associated with the line-motion illusion isthe above-mentioned “prim-
ing” effect of the NMDA conductances raised through the long-range cortical con-
nections of the model network in the IDS state. It is well known [76, 77] (see also
Section 1.2) that long-range connections are not strong enough to directly cause
firing of their target neurons, but do increase activity through subthreshold mod-
ulation. This observation places a strong constraint on thelong-range connection
strength in our model cortex, since long-range connectionsthat are too weak would
not be able to properly “prime” the rest of the model cortex atall (see also below),
and long-range connections that are too strong would cause direct neuronal spik-
ing in large parts of the model cortex instead of priming the cortex via subthreshold
modulation. In neither case would we be able to reproduce experimentally-observed
spatiotemporal activity associated with the line-motion illusion.

Fig. 1.8 Contrast depen-
dence of the velocity and on-
set of the activity associated
with the line-motion illusion.
(A) Experiment [18]. (B)
Simulation. [Adapted by per-
mission from Macmillan Pub-
lishers Ltd. from Ref. [18],
copyright 2004.][Reproduced
with permission from Ref. [2],
www.pnas.org, (Copyright
2005, National Academy of
Sciences, USA).]
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We note that this priming mechanism provides an explanationfor yet more exper-
imentally observed phenomena [18]: (1) The propagation speed of the cortical ac-
tivity is independent of the contrast of the flashed square cue for a constant contrast
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of the bar. (2) The onset time of the growing spatiotemporal pattern does depend
on the contrast. In particular, for a cue with less contrast,the activity emerges later.
Figure 1.7 clearly demonstrates this agreement between ourmodeling results and
experimental observation [18]. The simple reason for this phenomenon is that the
neurons in the middle of the model cortex are “primed” more bya higher-contrast
stimulus, and thus can fire earlier when the bar is shown.

As emphasized above, our computational modeling approach affords us great
flexibility to investigate cortical mechanisms. Here, to better understand the role of
the NMDA-induced priming in the cortical dynamics under theHikosaka stimulus,
we perform numerical experiments on a number of hypothetical alternative cortices
and/or cortical setups. First, we consider a model cortex with very weak long-range
connections, i.e., in the homogeneous operating state, shown in Figure 1.9A,B. In
this state, the correlation between the effective reversalpotentialVS and the NMDA
conductanceGNMDA is lost, and so is the priming effect of the square cue which the
long-range connections are too weak to transmit. This cortex essentially reproduces
the LGN input. A model cortex with the long-range connections dominated by the
AMPA conductances (i.e.Λ ≈ 0) exhibits similar, LGN-dominated behavior, shown
in Figure 1.9C,D. In this case,GAMPA decays too fast for the priming effect of the
long-range connections to last sufficiently long. In both these cases, the neuronal
membrane potentials in the middle of the model cortex are notelevated when the
LGN stimulus caused by the bar arrives, and, therefore, the neurons in the middle
fire no sooner than the neurons on the right of the cortex.

Fig. 1.9 Alternative cortical operating states and parameter regimes: (A,B) Homogeneous state.
(C,D) AMPA-dominated long-range connections. (E,F)GNMDA values flipped from left to right at
68 ms. (G,H) NMDA release blocked on the left side of the modelcortex. (I,J) Strongly locally
inhibited model cortex. (K,L) Bar growing from left to right. (M,N) Activity due to the Hikosaka
stimulus. [Reproduced with permission from Ref. [2], www.pnas.org, (Copyright 2005, National
Academy of Sciences, USA).]
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Figure 1.9E,F shows a thought-experiment with the model cortex in the IDS state
and driven by the Hikosaka stimulus, but with theGNMDA values flipped at 68 ms
from left to right. Thus, the right of the model cortex is moreprimed than the mid-
dle, and consequently the activity corresponding to the illusion now grows from
right to left instead of from left to right. Figure 1.9G,H shows what happens if we
instead block the NMDA release on the left side of the model cortex. As the square
cue can no longer prime the middle of the model cortex, theVS−GNMDA activity
profile on its right side appears similar to the profile in the case when only the bar is
flashed, shown in Figure 1.7F. If the model cortex is very strongly locally inhibited,
its right area recruits before its middle area, which is under suppression induced by
the square cue, as shown in Figure 1.9I,J.

If we stimulate the model cortex by a bar growing from left to right, the resulting
cortical activity is illustrated in Figure 1.9K,L. The spatial patterns of voltage and
NMDA in this case strongly resemble those of the Hikosaka stimulus, shown in
Figure 1.7M,N and again in Figure 1.9M,N.

In our priming mechanisms discussed above, the spatiotemporal activity associ-
ated with the line-motion illusion does not depend critically on the exact shape of
the cue or the subsequent bar. In particular, any small object that gives rise to an
NMDA profile with a spatial gradient can serve as a cue. Any other, longer object,
whose position on the screen is close enough to that of the cue, can serve instead of
the bar by taking advantage of the NMDA gradient to induce recruitment near the
cortical image of the cue faster than farther away from this image. If we interpret
the spatiotemporal activity in V1 induced by the Hikosaka stimulus as the neuro-
physiological correlate associated with the line-motion illusion, then any stimuli
satisfying the just-described attributes should produce illusory percept according to
our priming mechanism. This is indeed the case: In Figure 1.10, we show several
Hikosaka-like stimuli that all induce the illusory motion sensation: These stimuli all
have diffuse and/or curved edges, some are not connected in space (Figure 1.10B,C),
have a cue that is not a part of the “bar” (Figure 1.10A,B), or have low or varying
contrast (Figure 1.10C,D), yet they all give a motion illusion sensation. (See the
movie in the supplementary material of [2].) Since we are dealing with the preat-
tentive line-motion illusion, the cue must be shown for∼ 40 ms, and then the “bar”
almost immediately afterwards, to avoid the attention-induced line-motion illusion.

Fig. 1.10 Alternative
Hikosaka stimuli. Top row:
cues. Bottom row: “bars.”
[Reproduced with permission
from Ref. [2], www.pnas.org,
(Copyright 2005, National
Academy of Sciences, USA).]
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The main ingredients in our network mechanism that give riseto the spatiotem-
poral activity associated with the line-motion illusion are (1) the spatiotemporal in-
put structure sculpted by the model LGN, (2) the cue-inducedpriming effect of the
long-range NMDA cortico-cortical conductances, and (3) the strongVS−GNMDA

correlation in the IDS operating state. We should stress that, in our model, the spa-
tiotemporal activity associated with the line-motion illusion arises within V1 as a re-
sult of local and long-range cortico-cortical interactions without any feedback from
other cortical levels (except spatiotemporally uniform Poisson noise to model the
simple baseline activity of V1). The success of this parsimonious model in model-
ing the spatiotemporal activity associated with the line-motion illusion and its sim-
ilarity to that induced by a moving square therefore makes the V1 cortical circuitry
a likely candidate for the similarity observed in cat V1 between the spatiotemporal
activity induced by a moving square and that induced by the Hikosaka stimulus in a
preattentive line-motion illusion [18].

1.4.3 Orientation tuning

To investigate the dynamics of orientation tuning in V1, we use both a large-scale
model as in the previous section and a model incorporating only short-range cortico-
cortical connections and representing a 1 mm2 local patch, covering 4 orientation
hypercolumns that containO(104) model neurons [3]. After being constrained to
operate in an IDS-like state, the model network reproduces anumber of experimen-
tally observed properties related to orientation tuning dynamics in V1, and reveals
possible mechanisms responsible for orientation selectivity in V1.

The model network gives rise to a continuum of simple and complex cells, as
characterized by the modulation ratio F1/F0 of the firing rate averaged over the
cycle of the drifting-grating used as the stimulus. This is the ratio between its first
Fourier component and its mean at preferred stimulus orientation, and is> 1/2 for
simple and< 1/2 for complex cells. We found the distribution of the firing-rate
F1/F0 across model cortex to be bimodal and broad, as in [35, 112]. We also found
the distribution of modulation ratio for the effective reversal potentialVS, which
represents the intracellular voltage, to be unimodal, as in[113].

For individual model neurons, we obtain their steady-statetuning curves by aver-
aging their responses under drifting-grating stimuli presented at different orientation
angles. We study these curves for the firing rates, membrane potentials, and conduc-
tances, which include that arising from the geniculate excitation, as well as those re-
sulting from excitatory and inhibitory cortico-cortical connections. Sample neurons,
presented in Figure 1.11, show well-tuned firing rates for both simple and complex
cells, regardless of their positions in the orientation columns, as in [12, 107, 114].
On the other hand, the membrane potential and total conductance are tuned more
broadly in cells near the pinwheel centers (Figure 1.11a–d)than in iso-orientation
domains (Figure 1.11e,f) [12,114]. Moreover, in iso-orientation domains, the firing-
rate, membrane-potential, and conductance tuning curves for a given neuron are



1 Large-Scale Computational Modeling of the Primary VisualCortex 25

well aligned in orientation angle with one-another (their peaks are at the same angle
locations), while near the pinwheel centers the relationship between the conduc-
tance and firing-rate tuning curves is in general more variedand complicated (for
example, their peak locations can differ) [12].
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Fig. 1.11 Tuning curves for neurons near the pinwheel center (a–d) andin iso-orientation domains
(e,f); (a,b,e) are simple and (c,d,f) complex cells. Firingrate, membrane potential, geniculate ex-
citation, excitatory and inhibitory cortico-cortical conductances are plotted. Solid lines represent
the mean values at medium contrast. Dash-dotted lines represent the mean values at low contrast.
Dashed lines represent the mean plus/minus one standard deviation. There is little or no LGN input
to complex cells in (c,d,f). [Reproduced with permission from Ref. [3], www.pnas.org, (Copyright
2006, National Academy of Sciences, USA).]

One quantitative measure of orientation selectivity for drifting grating stimuli is
the circular variance (CV), defined asCV [m] = 1−

∣

∣

∫ π
0 m(θ )e2iθ dθ

∣

∣/
∫ π

0 m(θ ) dθ ,
wherem(θ ) is the time-averaged firing rate. CV is near 0 for well-tuned neurons,
near 1 for poorly-tunedneurons, and in-between otherwise.We display the statistical
distribution of the CV for the excitatory neurons in our network in Figure 1.12. In
particular, Figure 1.12a reveals the approximate contrastinvariance of orientation
selectivity [7], and Figure 1.12b shows that orientation selectivity for the firing rates
is almost independent of the neuron’s location within the orientation column [12,
107,114].

The mechanism for orientation tuning in iso-orientation domains is relatively
simple: all neurons receive spikes only from neighbors withlike orientation pref-
erence, so all the cortical conductances, membrane potentials, and firing rates are
simply sharpened versions of the LGN drive. Near pinwheel singularities, however,
sparsity of connections in our model network is needed for conductances and mem-
brane potentials to be tuned. Namely, in a densely connectednetwork, they would
be untuned as they would be composed of roughly equal contributions from a num-
ber of LGN-drive-dominated simple cells with all possible orientation preferences.
Sparsity is thus also needed to achieve tuned firing rates forcomplex cells near
pinwheel centers, since untuned conductances could not confer any tuning upon



26 Aaditya V. Rangan, Louis Tao, Gregor Kovačič, and DavidCai

Fig. 1.12 (a) Circular vari-
ance at medium versus low
contrasts. (b) Dependence of
circular variance on the dis-
tance from a pinwheel center:
EC and ES are excitatory
complex and simple cells, re-
spectively. [Reproduced with
permission from Ref. [3],
www.pnas.org, (Copyright
2006, National Academy of
Sciences, USA).]
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them. (See [3] for details.) In addition, strong cortical amplification is needed to
sharpen the complex cell tuning, and strong gain for contrast invariance. Synaptic
fluctuations in the network, again induced by its sparsity, give it stability. Our mod-
eling work further reveals that there is a bifurcation mechanism, the “fluctuation-
controlled criticality” [3], underlying the orientation tuning dynamics of simple and
complex cells.

Fig. 1.13 Spike-rate hys-
teresis in the V1 model as
characterized by∆Nspikes.
∆Nspikes> 0 if the cell spiked
more during the contrast de-
crease than increase. Simple
cells are depicted by broken
line and complex by solid line.
(a)Ne f f = 96. (b)Ne f f = 768.
[Reproduced with permission
from Ref. [3], www.pnas.org,
(Copyright 2006, National
Academy of Sciences, USA).]
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We arrived at the bifurcation structure associated with the“fluctuation-controlled
criticality” through studying the effects of synaptic fluctuations on the behavior of
the model network. By varying the connectivity sparsity, wecontrol the effective
network connectivityNe f f , which is the average number of pre-synaptic neurons
coupled to a given neuron. IfNe f f is too large, i.e., fluctuations are small, many
complex cells become bistable when there is sufficient excitation for them to become
tuned. As usual, there is a hysteresis related to this bistability. In order to bring this
hysteretic behavior to the fore, for fixed values ofNe f f , we slowly ramped up and
then down the stimulus contrast. We then recorded the distributions of∆Nspikesfor
both simple and complex cells, where∆Nspikes is the difference in the number of
spikes during the contrast decrease and increase, respectively. The results for two
such effective connectivities are shown in Figure 1.13. Fora relatively smallNe f f =



1 Large-Scale Computational Modeling of the Primary VisualCortex 27

96, i.e., a sparse network with strong fluctuations, both distributions are roughly
even in∆Nspikes. On the other hand, for a relatively largeNe f f = 768, i.e., a mean-
driven network, the distribution of∆Nspikesis centered at∆Nspikes> 0, indicative of
hysteresis.

This “fluctuation-controlled criticality” can be further illustrated using a highly
idealized, minimal network model. In this model, we let one half of the neurons
receive feedforward drive in the form of Poisson spike trains with identical rates
ν0 and spike strengthsf (simple cells), and the other half only strong intracortical
excitation (complex cells). Both receive strong intracortical inhibition. We ignore
any spatial structure of the cortico-cortical coupling, but we do include sparsity in
the network connections. We include both fast AMPA and slow NMDA components
in the excitatory conductances. In the absence of any NMDA component in the ex-
citatory conductances, our numerical analysis reveals a two-parameter bifurcation
diagram of the firing rate per neuron versus the driving strength f ν0 of the simple
cells and the effective network connectivityNe f f , which controls the synaptic fluctu-
ations, as shown in Figure 1.14. Bistability and hysteresisarise for sufficiently large
Ne f f . We find a similar bifurcation structure when we add an NMDA component to
the cortico-cortical excitation, with less NMDA componentincreasing the amount
of fluctuations, thus smoothing the gain curves and taking the network out of the
bistable range.

Fig. 1.14 Bifurcation dia-
gram near the “fluctuation-
controlled criticality” in an
idealized network. The fir-
ing rate is for complex cells.
There is a transition to bista-
bility as Ne f f is increased.
[Reproduced with permission
from Ref. [3], www.pnas.org,
(Copyright 2006, National
Academy of Sciences, USA).] 20
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In the model network, the IDS state operates just below this “fluctuation-driven
criticality” in order to have strong cortical amplificationand gain, yet not be in the
bistable regime, so that our complex cells exhibit experimentally observed tuning
properties.

1.5 Discussion

In our modeling, we have not only successfully reproduced experimentally observed
phenomena quantitatively and qualitatively, but also investigated the network mech-
anisms underlying these phenomena. In addition, we have carefully verified the
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structural robustness of dynamical regimes that exhibit the desired physiological
behavior types. We have described some of these verifications in the previous sec-
tions. They include the studies of the bistability and hysteresis responsible for neu-
ronal orientation tuning in V1, as well as the investigations of how the correspond-
ing bifurcation point depends on both the driving strength and the percentageΛ
of the NMDA conductances, described in Section 1.4.3. Our structural robustness
verifications further include the studies of the alternative cortical operating states in
Sections 1.4.1 and 1.4.2, various scenarios depicted in Figure 1.9C–L that may be
potentially related to pharmacological manipulation in the real experimental setting,
and the variety of stimuli that induce similar spatiotemporal V1 activity associated
with the line-motion illusion shown in Figure 1.10.

Furthermore, we have incorporated the consequences of additional physiological
properties including synaptic failure, spike frequency adaptation, synaptic depres-
sion, and axonal delays, and have verified that they do not significantly alter the
mechanisms underlying the cortical activities in our modelV1.

Structural robustness also manifests itself with respect to certain parameter
changes and small changes in cortical architecture. In particular, by readjusting the
cortical coupling strengths, we can sustain the neuronal dynamics in the IDS regime
over broad network parameter and architectural ranges, which allows for the same
network mechanisms to underlie the physiological phenomena we have modeled.
We have observed that the IDS state can remain the cortical operating state for (1)
the percentageΛ of GNMDA in the total conductance of the long-range connections
ranging from∼ 5% to 100%; (2) the ratio of major to the minor axis, i.e. the ec-
centricity, of the long-range elliptical coupling kernel [11] ranging from∼ 1 to 2,
as well as arbitrary orientation of the ellipse; (3) the orientation spread projected
by the long-range couplings,±∆θLR from ±5◦ to ±11◦; (4) the extent of the local
excitatory or inhibitory interaction length-scales ranging from 100µm to 300µm,
and their ratio from∼0.5 to∼2; (5) the background firing rateRB ranging from 2 to
∼20 spikes/sec; and (6) the NMDA decay time ranging fromσNMDA = 40 ms to 80
ms.

Finally, we should emphasize that our results are robust even to the individual
neuronal model we used. In particular, by retuning the cortical parameters, we can
reproduce our results with the same underlying cortical mechanisms regardless of
whether we use linear or exponential [115] I&F point neurons.
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88. P. Seriès, J. Lorenceau, and Y. Frégnac. The “silent” surround of V1 receptive fields: theory
and experiments.J. Physiol. (Paris), 97:453–474, 2003.

89. S. Friedman-Hill, P. E. Maldonado, and C. M. Gray. Dynamics of striate cortical activity in
the alert macaque: I. Incidence and stimulus-dependence ofgamma-band neuronal oscilla-
tions. Cereb. Cortex, 10:1105–1116, 2000.

90. A. Kohn and M. A. Smith. Stimulus dependence of neuronal correlation in primary visual
cortex of the macaque.J. Neurosci., 25:3661–3673, 2005.

91. W. Singer and C. M. Gray. Visual feature integration and the temporal correlation hypothesis.
Annu. Rev. Neurosci., 18:555–586, 1995.

92. P. E. Maldonado, S. Friedman-Hill, and C. M. Gray. Dynamics of striate cortical activity in
the alert macaque: II. Fast time scale synchronization.Cereb. Cortex, 10:1117–1131, 2000.

93. D. Ringach, M. Hawken, and R. Shapley. Dynamics of orientation tuning in macaque primary
visual cortex.Nature, 387:281–284, 1997.

94. D. Xing, R. Shapley, M. Hawken, and D. Ringach. The effectof stimulus size on the dynam-
ics of orientation selectivity in macaque V1.J. Neurophysiol., 94:799–812, 2005.



1 Large-Scale Computational Modeling of the Primary VisualCortex 33

95. D. C. Somers, E. V. Todorov, A. G. Siapas, L. J. Toth, D. S. Kim, and M. Sur. A local circuit
approach to understanding integration of long-range inputs in primary visual cortex.Cereb.
Cortex, 8:204–217, 1998.

96. P. C. Bressloff, J. D. Cowan, M. Golubitsky, P. J. Thomas,and M. C. Wiener. Geometric
visual hallucinations, euclideansymmetry and the functional architecture of striate cortex.
Phil. Trans. R. Soc. Lond. B, 356:299–330, 2001.

97. P. C. Bressloff. Spatially periodic modulation of cortical patterns by long-range horizontal
connections.Physica D, 185:131–157, 2002.

98. L. Schwabe, K. Obermayer, A. Angelucci, and P. C. Bressloff. The role of feedback in
shaping the extra-classical receptive field of cortical neurons: A recurrent network model.J.
Neurosci., 26:9117–9129, 2006.

99. F. Chance, S. Nelson, and L. F. Abbott. Complex cells as cortically amplified simple cells.
Nature Neurosci., 2:277–282, 1999.

100. T. Troyer, A. Krukowski, N. Priebe, and K. Miller. Contrast invariant orientation tuning in
cat visual cortex with feedforward tuning and correlation based intracortical connectivity.J.
Neurosci., 18:5908–5927, 1998.

101. D. W. McLaughlin, R. Shapley, M. J. Shelley, and J. Wielaard. A neuronal network model of
macaque primary visual cortex (V1): Orientation selectivity and dynamics in the input layer
4Cα . Proc. Natl. Acad. Sci. USA, 97:8087–8092, 2000.

102. C. Myme, K. Sugino, G. Turrigiano, and S. B. Nelson. The nmda-to-ampa ratio at synapses
onto layer 2/3 pyramidal neurons is conserved across prefrontal and visual cortices.J. Neu-
rophysiol., 90:771–779, 2003.

103. G. W. Huntley, J. C. Vickers, N. Brose, S. F. Heinemann, and J. H. Morrison. Distribution and
synaptic localization of immunocytochemically identifiednmda receptor subunit proteins in
sensory motor and visual cortices of monkey and human.J. Neurosci., 14:3603–3619, 1994.

104. R. C. Reid and J.-M. Alonso. Specificity of monosynapticconnections from thalamus to
visual cortex.Nature, 378:281–284, 1995.

105. G. DeAngelis, I. Ohzawa, and R. Freeman. Receptive-field dynamics in the central visual
pathways.Trends Neurosci., 18:451–458, 1995.

106. C. D. Gilbert. Horizontal integration and cortical dynamics.Neuron, 9:1–13, 1992.
107. P. Maldonado, I. Godecke, C. Gray, and T. Bonhoeffer. Orientation selectivity in pinwheel

centers in cat striate cortex.Science, 276:1551–1555, 1997.
108. U. Eysel. Turning a corner in vision research.Nature, 399:641–644, 1999.
109. D. Hansel, G. Mato, C. Meunier, and L. Neltner. Numerical simulations of integrate-and-fire

neural networks.Neural Comp., 10:467–483, 1998.
110. M. J. Shelley and L. Tao. Efficient and accurate time-stepping schemes for integrate-and-fire

neuronal networks.J. Comput. Neurosci., 11:111–119, 2001.
111. K. Fox, H. Sato, and N. Daw. The effect of varying stimulus intensity on NMDA-receptor

activity in cat visual cortex.J Neurophysiol., 64:1413–1428, 1990.
112. F. Mechler and D. Ringach. On the classification of simple and complex cells.Vis. Res.,

42:1017–1033, 2002.
113. N. Priebe, F. Mechler, M. Carandini, and D. Ferster. Thecontribution of spike threshold to

the dichotomy of cortical simple and complex cells.Nat. Neurosci., 7:1113–1122, 2004.
114. J. Schummers, J. Marino, and M. Sur. Synaptic integration by v1 neurons depends on location

within the orientation map.Neuron, 36:969–978, 2002.
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