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Abstract: We review our work on computational modeling of the mammalian visual cortex. In particular, we explain the network 
mechanism of how simple and complex cells arise in a large scale neuronal network model of primary visual cortex. The simple cells 
are so-called because they respond approximately linearly to visual stimulus, whereas the complex cells exhibit nonlinear response to 
visual stimulation. Our model reproduces qualitatively the experimentally observed distributions of simple and complex cells.

Key words: primary visual cortex; mathematical modeling; neuronal networks; spatial summation; orientation selectivity; nonlinear 
dynamics 

初级视觉皮层“简单”与“复杂”神经元动力学的计算建模

陶乐天1,*, 蔡申瓯2,3

1北京大学生命科学学院生物信息中心，蛋白质工程及植物基因工程国家重点实验室，北京 100871；2上海交通大学自然科学

研究院和数学系，上海 200240；3美国纽约大学库朗数学研究所和神经科学中心，纽约  NY 10012 

摘  要：本文回顾了我们在哺乳动物视觉皮层的建模工作。利用初级视觉皮层的大规模神经元网络模型，我们解释了初级视

觉皮层里“简单”与“复杂”神经元现象的网络机制。所谓的“简单”细胞对视觉刺激的反应近似线性，而“复杂”细胞

对视觉刺激是非线性的。我们的模型成功地再现了简单和复杂细胞分布的实验数据。
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Invited Review

Located in the back of the neocortex, the mammalian 
primary visual cortex (V1) is a thin sheet of densely 
packed and highly interconnected neurons. Along the 
“visual pathway” (retina-thalamus-V1-V2 and beyond), 
it is in V1 that neuronal responses are first simultaneous-
ly selective to many elementary features of visual scenes, 
including a pattern’s orientation. For instance, the orien-
tation tuning property of a neuron is its active response 

to some orientations of a simple visual pattern, say, a bar 
or a grating, but not to other orientations [1].

Anatomically, V1 is several cm squared in lateral 
area and 1–2 mm in thickness. It has a laminar struc-
ture, in which each layer is anatomically distinct and 
contains both excitatory and inhibitory neurons. Within 
each layer, the lateral connectivity is locally dense, 
along with highly specific feed-forward and feed-back 
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projections between the different layers. Visual stimu-
lus from the outside world first arrives in V1 via axonal 
projections from the neurons in the lateral geniculate 
nucleus (LGN) in the thalamus. These thalamocortical 
inputs are excitatory only and project primarily into the 
layers 4Cα (“magno pathway”), 4Cβ (“parvo pathway”) 
and 6. 

Physiologically, neurons in V1 can be roughly divid-
ed into “simple” and “complex” cells. This classical di-
vision dates back to the 1960s [1]. The neurons whose 
responses to visual stimuli are approximately linear are 
termed “simple,” whereas those remaining neurons 
with nonlinear responses are called “complex.” For in-
stance, if the stimulus is a drifting grating, the firing 
rate of a prototypical simple cell is modulated at the 
frequency at which the grating drifts through the neu-
ron’s receptive field. In contrast, the firing rate of a 
complex cell will change with the onset of the stimulus, 
but then stay basically constant in time during the en-
tire stimulus presentation. For a stationary, contrast-
reversing, sinusoidally modulated grating, simple-cell 
firing rates are sensitive to the location of the grating 
(i.e. the spatial phase of the sinusoidal grating) and are 
modulated at the stimulus frequency, whereas complex 
cells are insensitive to the location of the grating, and 
have firing rates that are modulated at double the stim-
ulus frequency  (a classical sign for nonlinearity)[2, 3].

Simple and complex cells may have different tasks in 
visual perception.  Cortical cells must represent spatial 
properties such as surface brightness and color, and the 
perceptual spatial organization of a scene that is the ba-
sis of form. Simple cells are assumed to be necessary 
for all of these functions because they are the V1 neu-
rons that are able to respond monotonically to signed 
edge contrast. Complex cells, being insensitive to spa-
tial phase, cannot provide a cortical representation of 
signed contrast, but they are sensitive to texture, firing 
at elevated rates in response to stimuli within their re-
ceptive fields.

The long-standing, theoretical model [1] hypothesizes 
that the simple cells receive inputs from the LGN and 
pool their output to drive the responses of complex 
cells. Thus the spatial phase sensitivity of simple cells 
can be lost if the spatial pooling driving complex cells 
is non-specific (i.e. independent of phase). This model 
is supported by the physiological evidence for excitato-
ry connections from simple cells to complex ones [4].

While long-standing, the simple/complex classifica-
tion is hardly sharp. Recent work by Ringach et al. [5] 

analyzes the extracellular responses of neurons in ma-
caque V1 experiments. They find that many V1 cells 
are neither completely simple nor completely complex, 
but lie somewhere in between. And while most cells in 
V1 might be classified as complex, the cortical layer 
which receives the bulk of LGN excitation, 4Cα, has 
simple and complex cells in approximately equal pro-
portion [5].

Furthermore, many experiments show that complex 
cells receive inputs not just from simple cells, but also 
receive strong input from other complex cells [4] and 
even directly from the LGN [6–8]. Many experiments 
show that some complex cells can be excited without 
strongly exciting simple cells [9–13].

Therefore, we consider an alternative hypothesis 
that the amount of excitatory LGN input varies from 
one V1 neuron to the next (indirect evidence for this 
is given previously [14–16]), and is compensated by the 
amount of cortical excitation, so that each V1 neuron 
receives roughly the same amount of excitation [17], as 
suggested by cortical development theories [18, 19] and 
experiments [20, 21].

1  Computational model

We adopt this hypothesis in our recent work. In a series 
of papers [17, 22–24], we have developed a computational 
model of a small, local patch of V1 layer 4Cα, which is 
the primary input layer in macaque V1. This cortical 
neuronal network model contains four orientation hy-
percolumns with pinwheel centers within a 1 mm2 
patch. For simplicity, the boundary conditions are taken 
to be periodic (Fig. 1).

Individual neurons are modeled as conductance-
based, linear integrate-and-fire (I&F) point neurons [25] 
(i.e., all spatial effects within a single cell are neglect-
ed). Between “spike times” the intra-cellular potentials 

jv evolve in time according to the following linear dif-
ferential equation:

Here VR, VE, VI are the rest, excitatory, and inhibitory 
reversal potentials, respectively; gL is the leak conduc-
tance. Neurons are coupled to each other via the corti-
co-cortical conductance terms, ( )j

Eg t  and ( )j

Ig t , which 
are dependent on individual neuronal spike times. 
Therefore, to specify these conductances, we need to 
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compute the mth spike time of the jth model neuron, j
mt , 

which is determined by ( )j j
m Tv t V− = , i.e., by the time 

at which the neuron’s membrane potential reaches a 
threshold. Then the membrane potential is reset to the 
rest potential and held at rest for an absolute refractory 
period, 

     
: 

                           
. We take        ms for 

excitatory (inhibitory) neurons. The various synaptic 
potentials are ordered I R T EV V V V< < < , and therefore, 
the term ( )( )j

E

j
Eg t v V− −  drives the voltage up and 

can be considered “excitatory”, while ( )( )j

I

j
Ig t v V− −  

drives the voltage down and can be considered “inhibi-
tory” .

To close the system of equations, we need to specify 
the time-dependent conductances, ( )j

LGNg t , ( )j

Eg t  and 
( )j

Ig t , which are produced by spiking activity from the 
LGN and from within the model cortex. The time-de-
pendent postsynaptic conductances (PSCs) also arise 
due to visual stimulation (as relayed via the retina and 
the LGN). Overall, the PSCs have the general form

where fE is the excitatory LGN input strength, fI is the 
strength of the inhibitory noise; ,

j
E IS are the intra-corti-

cal excitatory and inhibitory (resp.) coupling constants 
for neuron j; GE,I models the temporal forms of indi-
vidual excitatory and inhibitory PSCs, and is taken 
to be alpha functions (i.e., difference of exponentials): 

           
      

, σ = 

E, I; we set                  ms,                      ms for AMPA, 
NMDA and GABAA, respectively (shown as temporal 
coupling profiles in the lower right panel of Fig. 1).

The kernels ,
E
j kK  and ,

I
j kK  denote the element of the 

excitatory (inhibitory) connectivity coupling neurons j 

Fig. 1. Schematic of model. Upper panel: Inputs from the visual stimulus, as relayed through the LGN. Each primary visual cortex 
(V1) neuron receives (excitatory) visual stimulation through a collection of LGN cells that is probabilistically chosen from a two-
dimensional Gabor function. Orientation preference is laid out in pinwheels (color map) and the spatial phase preference is distributed 
randomly (map not shown, but examples are shown for 3 neurons). Lower left: Intracortical couplings are isotropic and are modeled to 
be Gaussians in space (excitation in red and inhibition in blue). Lower right: Each cortico-cortical postsynaptic conductance is mod-
eled as a single or a sum of alpha functions. The figure is reproduced from Tao et al. [17].
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and k and models the spatial structure of the cortical 
coupling; They are normalized to have unit sum so that 

the ,
j

E IS ’s denote synaptic strengths (lower left panel of 

Fig. 1).
The collective LGN drive into a single neuron, 
( )j

LGNg t , is modeled as time-dependent Poisson spike 
trains whose rate is given by the sum of linear spatio-
temporal filters. Response properties of individual LGN 
cells are estimated from experimental studies [26–28]. In-
dividual LGN neuron has a classical “center-surround” 
(on-off) receptive field and thus shows no orientation 
selectivity. There are two types of such neurons: on-
center and off-center. For an on-center neuron, illumi-
nating the center of its receptive field increases its fir-
ing rate, while illuminating a surrounding annulus 
decreases it. For an off-center neuron, the respective 
responses are exactly the opposite. The temporal re-
sponse curve of an LGN neuron increases to a maxi-
mum at about 40 ms, to a sub-background response 
with a minimum at about 60 ms, has zero over all inte-
gral (which holds for LGN cells in the magno path-
way), and is taken from previous reports [29–31]. Since 
the LGN does not generate inhibitory PSC in V1 cells, 
inhibition arises from the LGN driving inhibitory neu-
rons, and this is sometimes referred to as a “feed-for-
ward” inhibition. The inhibitory noise conductance 

( )j

INHf t  is modeled as a homogeneous Poisson spike 
train. 

In our models, an individual V1 neuron “sees” the 
world through the pooling of about NLGN ~ 20 LGN 
cells [16] (See Fig. 1 for examples and the overall sche-
matic). Thus the LGN input into a single V1 neuron is 
represented by a sum of Poisson spike trains, with total 
rate given by

Here R0 is the background LGN firing rate (about 10–20 
Hz). The ±-sign models the processing of on-center and 
off-center neurons. The superscripted plus sign signifies 
rate rectification. The exact forms of the LGN kernels 
KLGN and GLGN are given in Tao et al. and Wielaard et 
al. [17, 22]. In particular, to model the “center-surround” re-
ceptive fields of the LGN neurons, KLGN is taken to be a 
difference of two Gaussian functions, with parameters as 
in Somers et al. and Troyer et al. [32, 33]. The kernel GLGN 
is taken directly from previous reports [29–31].

The summed LGN input conductance driving indi-
vidual V1 neurons is highly structured: The on- and 

off-centered LGN cells at kx  are segregated into elon-
gated sub-regions and are arrayed in a Gabor-like pat-
tern [14, 34], tilted by a preferred angle θ and a spatial 
phase φ . In the network model, the spatial variation of 
this summed LGN input is responsible for the organiza-
tion of both orientation preference and spatial phase 
preference. Orientation preferences are laid out in pin-
wheel patterns, and the preferred spatial phase varies 
randomly from neuron to neuron (consistent with re-
cent experimental findings [35, 36]).

A central assumption of this model is that the strength 
of LGN excitation varies broadly, so that some cortical 
cells receive significant LGN drive, while others re-
ceive little. This is combined with the constraint that 
the total excitatory synaptic drive onto each cell is ap-
proximately constant, though divided between genicu-
late and cortical sources, as is suggested by theories of cor-
tical development [18, 19] and by recent experiments [20, 21]. 
Thus to capture the diversity of feed-forward input as 
seen in experiments, we assume that j

LGNN , the number 
of LGN cells with outputs converging on the jth V1 
neuron, is distributed randomly and uniformly between 
0 and 30, and is also distributed randomly in space. As 
a result, some cortical cells receive significant LGN 
drive while their neighbors may receive little LGN ex-
citation.  Finally, this is combined with the constraint 
that the total excitatory synaptic drive onto each cell is 
approximately constant, though divided between LGN 
and cortico-cortical, therefore those neurons receiving 
weak or no LGN drive, receive stronger recurrent exci-
tation j

ES .
As the results below show, these basic model as-

sumptions naturally lead to neuronal population re-
sponse diversity consistent with recent experiments. 
The aim of our modeling is to understand the function 
of the V1 cortical network in terms of its network 
structure and dynamics. Thus to be successful, the 
model must account in a realistic manner for orienta-
tion selectivity, response dynamics with a wide range 
of input stimuli, firing rate patterns in background, as 
well as during stimulation. In this review, we focus on 
the model’s performance in spatial summation experi-
ments that have been used to classify neurons as simple 
or complex. We show that this egalitarian model, which 
combines natural assumptions on the variability of cor-
tical and geniculate drive and what is known about the 
neuronal architecture of V1, can rationalize many as-
pects of the available experimental data. The model 
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yields physiologically realistic simple and complex cell 
responses, both in the mean firing rates and their tem-
poral form. The architecture leads to distinctive predic-
tions of population measures of simple/complex re-
sponses, which have the qualitative structure seen in 
recent experimental measurements . 

2  Modeling results

In this review, we will focus on the following two types 
of visual stimuli:
Contrast reversal: 

Drifting grating: 
I0 is the average intensity, ε< 1 is the stimulus contrast, 
the wave vector                          is parameterized by 
spatial frequency k and orientation θ; ω is the temporal 
frequency and φ  is the spatial phase.
2.1  Contrast reversal and spatial phase dependence
“Contrast reversal” is the sinusoidal modulation in time 
of the contrast of a standing sine-wave pattern. Re-
sponse to contrast reversal is a critical test of linearity 
in simple cells [37, 38]. A simple cell’s response depends 
strongly upon the spatial phase φ  (i.e. the position) of 
the standing grating pattern relative to the midpoint of 
the neuron’s receptive field, has a large amplitude re-
sponse at the fundamental driving frequency at one 
spatial phase (the “preferred-phase”), and very little re-
sponse at the “orthogonal phase”, 90° away from the 
preferred. Responses at both of these phases show little 
or no generation of the higher temporal harmonics that 
might be expected for a nonlinear system. On the other 
hand, nonlinear harmonic distortion products are appar-
ent in the responses of cortical complex cells [37]: Their 
temporal responses show little sensitivity to spatial 
phase, and firing modulates at twice the stimulus fre-
quency (i.e., at the second harmonic).

Simple and complex cell responses, like those seen in 
experiment, arise in this model cortex. For contrast re-
versal, Fig. 2A shows a model cell responding like a 
simple cell, and Fig. 2B shows another cell responding 
like a complex cell. These are but two cells taken from 
a large-scale network simulation with about 4 000 cells 
(of which 75% are excitatory, and 25% are inhibitory).

Let us consider how a complex cell might arise in a 
network. Imagine a network neuron receiving little or 
no LGN input and instead has its response driven by 
cortico-cortical inputs. In a network of simple cells and 
complex cells, a contrast-reversing grating over one cy-

Fig. 2. Responses of model neurons to contrast reversal (8 spa-
tial phases, at optimal orientation, and temporal and spatial fre-
quency). A and B are cycle-averaged firing rates of respectively 
a simple and complex neuron in the model network. A: Simple 
cell was driven at 4 Hz in model network. The spatial phase is 
defined so that one spatial cycle of the grating pattern is 360°. At 
180°, the response is zero. B: Complex cell was driven at 4 Hz 
in model network. The response is at the second harmonic and is 
insensitive to spatial phase. Cycle averages are performed over 
24 cycles. The figure is reproduced from Tao et al. [17].

cle of stimulation would necessarily drive neurons with 
different spatial phase preferences, and a non-specific 
pooling of the outputs of these neurons would produce 
synaptic inputs that are frequency doubled. In Fig. 3, 
we display such a cell driven by contrast-reversing 
gratings at two different spatial phases. The sample 
neuron samples through its synaptic inputs the activity 
of many other cells in the network, each responding at 
a different input phase. Consequently, the synaptic in-
puts reflect the bulk forcing and are therefore frequency 
doubled. Since the spatial pooling is non-specific and is 
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performed over a large number (say, 100 neurons or 
more), statistically the frequency-doubled synaptic in-
puts are insensitive to the spatial phase of the contrast-
reversing grating. Furthermore, because of frequency-
doubled synaptic inputs, both intracortical excitatory 
and intracortical inhibitory conductances are also fre-
quency doubled in time. Therefore, when the excitation 
is sufficiently strong to drive the neuron to fire, the 
neuron will fire in a frequency-doubled fashion and ap-
pear as a complex cell.

Trade-off between LGN and cortico-cortical input: 
Phase insensitivity and frequency doubling are key to 
how this network produces both simple and complex 
cells. For example, Fig. 2B shows that LGN excitation 
is frequency doubled at the orthogonal phase, yet this 
strong nonlinearity in the LGN input is not expressed 
in the spiking of the cell. As explained in Wielaard 
et al. [22], if excitation and cortico-cortical inhibition are 
roughly in balance, phase insensitive cortico-cortical 
inhibition is sufficient to suppress frequency-doubled 
firing at the orthogonal phase.

An important structural element of our model is that 
the number of excitatory, LGN afferents driving a corti-
cal cell is inversely correlated to the number of excit-
atory cortico-cortical afferents. That is, the fewer syn-
apses on a cell taken up by the LGN, the more are 
available to excitatory (presynaptic) neurons in the net-
work. The consequences of this assumption can be seen 

in Fig. 4. Thus naturally this network can produce cells 
with highly phase-specific responses (simple) and cells 
with phase-insensitive responses (complex) and cells 
with an intermediate level of spatial phase specificity.
2.2  Drifting grating responses and the modulation 
ratio
Another common visual stimulus used to classify the 
response properties of cortical neurons is drifting grat-
ings (a traveling, spatially modulated intensity pattern, 
held at a fixed orientation). Often used to probe selec-
tivities for orientation, frequency, or direction, this 
stimulus also evokes characteristic differences between 
simple and complex cells. For the model simple and 
complex cells represented in Fig. 2 and 4, Fig. 4 dis-
plays their extra- and intra-cellular responses to a drift-
ing grating stimulus (8 Hz at optimal orientation and 
spatial frequency). Their extracellular responses are 
typical of experimentally observed simple and complex 
cells: The simple cell follows the temporal modulation 
of the grating as the grating drifts across its receptive 
field, whereas the complex cell shows an elevated, 
mostly constant firing over the entire duration of the 
stimulation.

Examination of LGN and cortico-cortical conduc-
tances in Fig. 5 accounts for the model’s response to 
drifting gratings. First, the strong LGN excitation into 
the simple cell modulates with the stimulus frequency. 
Different cells receive LGN excitation of similar wave-

Fig. 3. Left, a schematic of synaptic inputs (pictured as neuronal firing rates in time of 6 sample neurons, over one single cycle of a 
contrast-reversing sinusoidally modulated grating at a particular spatial phase) that might be pooled to drive a sample complex cell in 
the network. Right, a model complex cell at two different spatial phases. From left to right: cycle-averaged firing rate (with the spon-
taneous rate in red dashes); effective reversal potential VS; LGN conductance (green); cortico-cortical excitatory conductance (red); 
cortico-cortical inhibitory conductance (blue). Thin black lines indicate instantaneous values of conductances and potentials. Cycle 
averages are performed over 24 cycles.
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form, but due to variability in both the number of LGN 
afferents, and in spatial phase preference, they are di-
verse in both amplitude and time of peak excitation. 
For drifting grating stimulation, this yields a bulk forc-
ing to the model that is nearly constant in time and 
which is manifested as nearly time-invariant cortico-
cortical conductances [22]. Thus, for the model simple 
cell, both the intracellular effective reversal potential, 
VS,  and its extracellular firing pattern modulate on the 
time dependence of its LGN input. Conversely, for the 
model complex cell both VS and the firing pattern are 
driven by the steady cortico-cortical conductances, and 

hence show only elevated, unmodulated responses.
2.3  Population distributions of modulation ratio
The two cells in Fig. 5 are examples taken from a con-
tinuum of possible intracellular and extracellular re-
sponses. We explore this with a standard characteriza-
tion of response: Figure 6A shows the histogram of the 
modulation ratio F1/F0 of the cycle-averaged effective 
reversal potential, VS, across the whole population of 
approximately 3 000 excitatory neurons within the 
model. The modulation ratio is the ratio of the ampli-
tude of the first harmonic (at the stimulus frequency) to 
the mean. Cells with nearly constant in time intracellu-

Fig. 4. Extra- and intracellular responses to 4 Hz contrast reversal. A and B show the model simple cell in Fig. 2A responding at its 
preferred and orthogonal spatial phases. C: Model complex cell in Fig. 2B at one of the phases. From left to right: cycle-averaged fir-
ing rate (with the spontaneous rate in red dashes); effective reversal potential VS; LGN conductance (green); cortico-cortical excitatory 
conductance (red); cortico-cortical inhibitory conductance (blue). Dotted lines are standard deviations for each of the conductances 
and for the potential. Thin black lines indicate instantaneous values of conductances and potentials. Cycle averages are performed 
over 24 cycles. The figure is reproduced from Tao et al. [17].
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Fig. 5. Cellular responses to 8 Hz drifting grating at optimal orientation: A: The model simple cell in Fig. 2A; B: The model complex 
cell in Fig. 2B. From left to right: cycle-averaged firing rates (spontaneous rates as dashed red lines); effective reversal potential VS 
(magenta); LGN conductance (green); cortico-cortical excitatory conductance (red); cortico-cortical inhibitory conductance (blue). 
The dotted lines are standard deviations for each of the conductances and for the potential. The thin black lines indicate instantaneous 
values of conductances and potentials. Cycle-averages are performed over 48 cycles. The figure is reproduced from Tao et al. [17].

Fig. 6. Comparison of intracellular and extracellular modulation ratio F1/F0 between model and experiment. A: Distribution of F1/F0 
of membrane potential (relative to background activity) of excitatory neurons in our model network. The height of each bar indicates 
the total number of excitatory neurons in each bin, while the blue and red portions correspond to the cells that are classified as “simple” 
or “complex” based on their extracellular responses. B: Distribution of the modulation ratio F1/F0 of the firing rate for excitatory neu-
rons in model network (The distribution for the inhibitory population is qualitatively similar). For these two distributions, only cells 
with mean rates above 8 spikes/s are included. The figure is reproduced from Tao et al. [17].

lar responses, like the sample complex cell in Fig. 5B, 
have modulation ratios near zero. Cells temporally 
modulating with the stimulus, like the simple cell in 

Fig. 5A, have modulation ratios near two.
The population distribution of modulation ratio is 

broad, unimodal and monotonically decreasing, and re-
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flects the broad distribution in number of LGN affer-
ents and the constraint of fixed total excitation. In un-
published work, David Ferster and colleagues measured 
the modulation ratio of the intracellular potential for 
168 cells in cat cortex (personal communication; see 
Fig. 11 of Carandini et al. [39] for an analysis on a much 
smaller set of cat V1 cells). Like our model here, their 
measurements show also a broad and unimodal distri-
bution of intracellular F1/F0.

However, this unimodality is not preserved in extra-
cellular measures. Fig. 6B shows for the model cortex 
the distribution of modulation ratio of the cycle-aver-
aged firing rate. Following others (e.g. Ringach et al. 
and Skottun et al. [5, 40]), we use this extracellular F1/F0 
as a classifier, labeling those cells with F1/F0 > 1 as 
simple (red in Fig. 6), and those with F1/F0 < 1 as 
complex (blue in the Fig. 6). Qualitatively similar, both 
the distribution from our model and from various ex-
periments show a bimodal structure peaked near the 
extremes of the classifier, but with a large proportion of 
cells having responses that are neither wholly simple, 
nor wholly complex.

Mechler and Ringach [41] have shown that spike-rate 
rectification could lead to a bimodal distribution in ex-
tracellular F1/F0, even though intracellular response is 
unimodally distributed (also see Abbott et al. [42]). Our 
work here shows that this result can arise within a net-
work model which incorporates many elements that are 
biologically realistic.

3  Discussion

The main purpose of this review was to recapitulate 
some essential V1 modeling results scattered in the lit-
erature for the convenience of the reader. Here we have 
presented results of a neuronal network model, based 
on mammalian V1, for the emergence of simple and 
complex cells within a single basic neuronal circuit. In 
this model, the different types of physiological respons-
es reflect the underlying distribution of geniculate ver-
sus cortico-cortical excitation. While the amount of ex-
citation is kept roughly fixed, its division varies widely 
from cell to cell, as do many other elements of the 
model, such as strength of coupling and of extra-corti-
cal drive, and the receptive field properties of conver-
gent LGN excitation. Consistent with experiment mea-
surement, many cells emerge as complex, many as 
simple, and many as being in between, the model pre-
dicts a bimodal but broad structure of extracellular 

modulation ratio, itself arising from a distribution of 
intra-cellular modulation ratios that is broad but mono-
tonic. This prediction is also consistent with available 
data.

This model is different from the influential hierarchi-
cal model of Hubel and Wiesel [1], wherein simple cells 
receive strong geniculate drive and their pooled output 
drives the complex cells. Clearly, a strict rendering of 
the Hubel and Wiesel model would yield a bimodal 
population response in both the extra- and intra-cellular 
modulation ratio, as is not observed here, nor in the ex-
periments. Our model is more egalitarian than hierar-
chical, with all cell types receiving strong inputs from 
the network and with almost all cells receiving LGN 
drive.

A crucial feature of our model is cortico-cortical inhi-
bition, which allows the possibility of nearly linear, 
simple cell responses in the network, even when driven 
by LGN cells with their attendant rectification nonlin-
earities [22].

While our model is motivated by an interpretation of 
macaque V1 cortical architecture [22, 23] and realized in a 
large-scale computational model with spiking neurons, 
it shares important features with the modeling of 
Chance et al. [43], where the cortico-cortical, recurrent 
excitation plays a central role in creating complex cell 
responses. However, in our model recurrent excitation 
does not so much play the role of yielding phase invari-
ant responses, as in Chance et al.[43], but rather in yield-
ing sufficiently high, physiologically reasonable firing 
rates for complex cells that are also being inhibited. 
Phase invariance is built into the complex cell’s total 
synaptic input by summing over both complex and 
simple cells indiscriminately and nonspecifically. In an 
elaboration of their basic model, Chance et al.[43] also 
demonstrated that a mixed population of simple, com-
plex, and intermediate cells could be found by random-
ly varying the strength of connectivity to the model 
cortical network.

Finally, we have emphasized in this review the form 
of the model’s cycle- or time-averaged responses. 
However, the examinations of Fig. 4 and 5 show that 
instantaneous values of VS and the conductances are 
strongly fluctuating, with the mean VS mostly below, or 
barely above, the threshold to firing. Clearly, fluctua-
tions are important to creating the network state. Fur-
thermore, as large ranges in coupling parameters were 
explored, regions where multistable and hysteretic be-
havior (with respect to stimulus parameters) were un-
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covered, we found that stable and physiologically real-
istic behavior can only be maintained by adding 
background noise. It is at this point when we realized 
the importance of fluctuations in the membrane poten-
tial and synaptic conductances, issues which we do not 
have space to address in this review but instead refer 
the readers to Tao et al. [24].
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