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Abstract

Contributions of inhibition and physiological noise in a model of cat
primary visual cortex

Thomas Zaccarin Lauritzen

Several response properties distinguish cortical simple cells of cat primary visual cortex (V1)
from the lateral geniculate nucleus (LGN) cells that provide their input. Understanding these
differences is a central problem for understanding cerebral cortical circuitry. This dissertation uses
a model of the excitatory and inhibitory cells in layer 4 of cat V1, and their thalamocortical and
intracortical connections, to explore what patterns of circuitry and physiological mechanisms can
explain the observed response properties of the cortex.

In chapter one, we show how a correlation-based circuitry can account responses to multi-grating
stimuli. The response to a visual stimulus of the preferred orientation is partially suppressed by
simultaneous presentation of stimulus at the orthogonal orientation, an effect known as “cross-
orientation inhibition”. We explain how this phenomenon can occur despite evidence that cells in
V1 do not receive inhibitory connections from cells preferring orientations orthogonal to their own
preferred orientation as well as address other non-linear properties of multi-grating stimuli.

The above model predicted that inhibitory cells respond to stimuli of all orientations with
increased contrast despite being tuned for a single orientation. Recent experiments have revealed
cat V1 layer 4 inhibitory cells with two distinct types of receptive fields (RFs): complex RFs with
mixed ON/OFF responses, lacking in orientation tuning; and simple RFs with sharp orientation
tuning. In chapter two, we include both these inhibitory cell types in the model and show that
complex inhibitory neurons can account for sharp contrast-invariant orientation tuning of simple
cells. Given this, antiphase inhibition acts to sharpen spatial frequency tuning, lower responses to
low-temporal-frequency stimuli and increase the stability of cortical activity.

Physiological noise levels can convert contrast-invariant voltage tuning to contrast-invariant
spike tuning. In chapter three, we introduce physiological levels of noise in the model and show
that the network connectivity can provide the contrast-invariant voltage tuning and verify that this
yields contrast-invariant spike tuning. We further address the effect of correlations of noise in the
network and show that these decrease the spontaneous activity of the cells, while increasing their
response as well as temporal frequency tuning in the presence of visual stimuli.
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Chapter 1

Multi-grating stimuli

Abstract

In cortical simple cells of cat striate cortex, the response to a visual stimulus of the preferred
orientation is partially suppressed by simultaneous presentation of a stimulus at the orthogonal
orientation, an effect known as “cross-orientation inhibition”. It has been argued that this is due to
the presence of inhibitory connections between cells tuned for different orientations, but intracellular
studies suggest that simple cells only receive inhibitory input from cells with similar orientation
tuning. Furthermore, response suppression can be elicited by a variety of non-preferred stimuli
at all orientations. Here we study a model circuit that was presented previously to address many
aspects of simple cell orientation tuning, which is based on local intracortical connectivity between
cells of similar orientation tuning. We show that this model circuit can account for many aspects of
cross-orientation inhibition and, more generally, of response suppression by non-preferred stimuli
and of other non-linear properties of responses to stimulation with multiple gratings.



1.1 Introduction

Cells in cat primary visual cortex (V1) are tuned for the orientation of light/dark borders (Hubel
and Wiesel, 1962). Understanding the circuity underlying this orientation selectivity remains a
central problem in systems neuroscience (reviewed in Ferster and Miller, 2000).

Clues to the underlying circuitry are provided by experiments involving the superposition of
two drifting sinusoidal luminance gratings. A typical simple cell in layer 4 of cat V1 responds to a
drifting grating shown at its preferred orientation and is silent in response to a drifting grating of
the perpendicular (null) orientation. However, superposition of the null grating with the preferred
causes a reduction in response relative to the response to the preferred grating alone, a phenomenon
known as “cross-orientation inhibition” (Bonds, 1989; DeAngelis et al., 1992; Morrone et al., 1982).
More generally, superposition of a non-preferred grating can suppress responses to a preferred
grating (Bonds, 1989; DeAngelis et al., 1992).

This suppression suggests that a non-preferred grating recruits inhibition and/or disrupts the
cell’s excitatory drive. In particular, the existence of cross-orientation inhibition has led to the
suggestion that inhibition from cells tuned to dissimilar orientations plays an important role in
cortical orientation selectivity (Carandini and Heeger, 1994; Carandini et al., 1997, 1999; Heeger,
1992; Heeger et al., 1996; Somers et al., 1995). However, evidence from intracellular recordings
argues against this idea. Such recordings show that the excitation and the inhibition received
by simple cells in cat layer 4 show similar orientation tuning, with both peaked at the preferred
orientation and falling to small values at the orthogonal orientation (Anderson et al., 2000a; Ferster,
1986), and that the orientation selectivity of voltage responses is neither created, nor sharpened,
by intracortical circuitry (Chung and Ferster, 1998; Ferster et al., 1996).

In this paper, we show that a simple model circuit that is consistent with the intracellular data
can account for many of the two-grating suppression effects, including cross-orientation inhibition.
This model circuit was originally inspired by the findings that the inhibition and excitation received
by a layer 4 simple cell have similar orientation tuning (Anderson et al., 2000a; Ferster, 1986), but
are in a “push-pull” or spatially opponent relationship (Ferster, 1988; Hirsch et al., 1998): in
ON-subregions, where light evokes excitation, dark evokes inhibition, and similarly dark evokes
excitation and light evokes inhibition in OFF-subregions. Accordingly, we proposed (Troyer et al.,
1998) that excitatory cells tend to make connections onto cells of similar preferred orientation and
similar absolute spatial phase (similar locations in visual space of ON-subregions and of OFF-
subregions), while inhibitory cells tend to project to cells of similar preferred orientation and
opposite absolute spatial phase. In addition, we assumed that the LGN connections to a simple cell
are organized in an oriented, subregion-specific manner (Chung and Ferster, 1998; Ferster et al.,
1996; Hubel and Wiesel, 1962; Reid and Alonso, 1995; Tanaka, 1983): ON-center LGN inputs have
receptive fields aligned over the simple cell’s ON subregions, and OFF-center inputs are aligned on
OFF subregions. We showed (Troyer et al., 1998) that, provided that the LGN-driven inhibition



was stronger than the direct LGN excitation, this circuitry could account for the invariance with
stimulus contrast of orientation tuning (Sclar and Freeman, 1982; Skottun et al., 1987) and for
a number of other intracellular and extracellular observations. Here we show that this—circuitry
can also account for cross-orientation inhibition, and more generally for a variety of two-grating
suppression phenomena.

One of the more extensive experimental studies of such suppression was done by Bonds (1989).
He used as a visual stimulus a preferred (base) grating at one temporal frequency and a superposed
mask grating at a different temporal frequency. By analyzing the two corresponding temporal com-
ponents of the response, he separated the base-driven and mask-driven response components, and
studied how each component depended on the orientation, contrast, and spatial frequency of the
mask grating. In our modeling studies we follow this procedure to determine how closely our model
is able to reproduce these experimental observations. We also address two other experiments ex-
amining responses to superpositions of gratings with different temporal frequencies at the preferred
orientation (Dean et al., 1982; Reid et al., 1992). These experiments found that the modulation
of the cell response to low-temporal-frequency stimuli is suppressed by the superposition of high-
temporal-frequency stimuli, while the modulation of the cell response to high-temporal-frequency
stimuli is enhanced by superposition of low-temporal-frequency stimuli. Here we reproduce these
results and explain some of the findings by a toy model.

1.2 Methods

We study a model previously described (“computational model” of Troyer et al., 1998). The major
difference in the present work is that NMDA receptors have been included at excitatory synapses
onto excitatory cells. Here we present only the basics of that model along with details of any
differences in the present implementation.

Our LGN model consists of 7200 LGN X-cells arranged in four overlying 30 x 30 sheets of ON
cells and four similar sheets of OFF cells, with ON and OFF lattices offset by one-half square lattice
spacing, covering 6.8 x 6.8° of the visual field. LGN firing rates in response to a single grating
were calculated by assuming rates were sinusoidally modulated, up to rectification at zero rate,
about background rates of 10 and 15 Hz for ON and OFF cells respectively, with the amplitude
of the sinusoidal modulation chosen so that the first harmonic of the rectified responses matched
values at a given contrast and temporal frequency reported by Sclar (1987). To compute responses
to multiple gratings, we added the sinusoidal rate modulations induced by each grating and then
rectified the result. Spikes were then generated from these rates in a random (Poisson) fashion.
Overlaying cells have 25% correlation in their spike trains (each of four overlaying cells picked
spikes with probability 1/4 from a common set of four Poisson spike trains), to match data showing
correlations among LGN cells with overlapping RFs (Alonso et al., 1996).

The cortical model includes 1600 excitatory- and 400 inhibitory layer 4 simple cells, representing



a 2/3 x 2/3 mm patch of cortex, corresponding to 0.75 x 0.75° in visual angle. Each cortical cell
was assigned a Gabor-function describing its receptive field, with orientation given by a measured
orientation map from cat V1, spatial frequency of 0.8 cycles/degree, retinotopic position progressing
uniformly across the sheet, and spatial phase assigned randomly to each cell. The precise parameters
used for the Gabor functions were those specifying the “broadly tuned” cells in Troyer et al. (1998),
which were designed to reproduce the observed (Anderson et al., 2000a; Ferster et al., 1996) 35°
half-width at half-height of the orientation tuning of intracellular voltage modulations in response
to optimal sinusoidal gratings. The connection strength from LGN cells to a cortical cell was
determined as in Troyer et al. (1998) by a probabilistic sampling of the cell’s Gabor function,
where positive regions of the Gabor are converted to probabilities of a connection from an ON-cell
centered on that point, and negative regions converted to probabilities of OFF-cells connecting.

Cortical cells were modeled as single-compartment conductance-based integrate-and-fire neurons
as in Troyer et al. (1998), with the following differences. The cortical background excitatory input
(Poisson) received by all cells was set to a rate of 6000 Hz, resulting in background firing rates
of approximately 0.5 Hz for excitatory cells and 20-30 Hz for inhibitory cells. The amplitude of
the adaptation conductance, gadapt, Was reduced by a factor of 5 from a value of 3 nS to 0.6 nS,
to bring firing rates up to more realistic levels (as discussed in Troyer et al., 1998); this yielded
reasonable levels of excitatory cell gain as measured from plots of firing rate versus instantaneous
membrane potential. Finally, synaptic conductances were identical to those used in Troyer et al.
(1998) except that we have included NMDA-mediated conductances, in addition to the AMPA-
mediated conductances, in all of the excitatory synapses except for the thalamocortical synapses
onto inhibitory cells, which were purely AMPA mediated. The decay of the NMDA conductances
is modeled as a double exponential with a fast and a slow time constant:

gxmpa(t)= Y Fxupa(V) (ffaste'(‘"‘l)/TWDAJM‘ +(1- ffast)e_(t_tj)/T'{‘;zl‘)”‘"""" ~ e‘(“‘l)/rﬁ'ﬁm)
t; <t

where the sum is over presynaptic spike times ¢;, and f;qs represents the contribution of the
faster exponential to the total decay term. Parameters were taken from data for adult rats in a
developmental study of NMDA conductances in the rat visual cortex (Carmignoto and Vicini, 1992):
rfall A fast = 63 msec, il Aslow = 200 msec, frsi =88%. We chose THSe A =5.5 msec to set the
10-90% rise time of the NMDA EPSC to be equal to 7.8 msec as has been observed experimentally
(Lester et al., 1990). The voltage dependence of gnmpa followed the model described in Jahr
and Stevens (1990). The relative strength of NMDA and AMPA conductances were set in terms
of the integrated current (i.e., the total charge transfer) through excitatory conductances when
the postsynaptic cell is clamped at the spike-threshold voltage. 90% of the integrated current in
thalamocortical synapses to excitatory cells was mediated by NMDA, which is the value obtained
by matching AMPA and NMDA amplitudes to those observed at thalamocortical synapses at the

oldest ages studied in thalamocortical slices (Crair and Malenka, 1995), and 95% of the current in



intracortical excitatory synapses was mediated by NMDA.

The probability that a cortical cell connected to any other cortical cell depended on the correla-
tion between their sets of LGN inputs, as in Troyer et al. (1998): the probability of a connection from
an excitatory cell monotonically increased with the degree of correlation, while the probability of a
connection from an inhibitory cell monotonically increased with the degree of anticorrelation. This
connectivity rule yields the basic cortical circuit structure within a single iso-orientation column
shown in cartoon form in figure 1.1A. For simplicity, the inhibitory cells received only thalamo-
cortical input. Previous simulations have demonstrated that intracortical excitatory connections
onto inhibitory cells do not have a significant effect on the behavior of the model (Krukowski, 2000;
Troyer et al., 1998). An important feature of the model is that the inhibition is dominant over
feedforward excitation, rather than precisely balancing it.

Simulations for a given grating or multi-grating stimulus were run as follows. We first allowed
the network to run for one second of simulated time while LGN cells fired at their background
rates. We then started the grating stimulus and allowed the simulation to run an additional 0.25
seconds to suppress transients, then recorded data for 1 second of simulated time as the grating
stimulus continued. PSTHs of 20 such simulations (each with different seeds for the random number
generator controlling the Poisson sampling of LGN spikes) were made for the spiking results. Cells
of all orientation preferences are represented in the cortical network. To be certain of avoiding
artifacts of alignment of the grid with the stimulus, the preferred-orientation stimulus was always
at an orientation of 128°, and we sampled our results from the 35 excitatory cells with preferred
orientations within +2.5° of 128°.

1.2.1 Toy rate model

In modeling responses to sums of two grating stimuli at the preferred orientation at different
temporal frequencies, we considered both the full model as described above and a simple toy
model. The toy model was based on the DC and F1 of the feedforward input (the LGN-driven
input, both direct LGN excitation and indirect inhibition via interneurons) observed in the full
model. We assumed that the feedforward inputs due to the two sinusoids were simply added and
the result passed through a linear threshold input/output curve. We considered 2 sine curves:
Y2H:(t) = sin(4nt/sec) — Banz, YsH:(t) = a(sin(167t/sec) — Bsp.), where « is the amplitude of the
8 Hz grating relative to that of the 2 Hz grating, and the ’s are the inhibitory total feedforward
DC (the sum of LGN excitation and inhibition from LGN-driven inhibitory interneurons). We
estimated the size of the $’s in the full model by examining the total synaptic current evoked when
the membrane potential is clamped at spike threshold. We considered response to a 2 Hz grating
alone and an 8 Hz grating alone, where grating contrasts were chosen so that evoked current F1’s
were comparable (2 Hz grating at 20% contrast, 8 Hz grating at 40% contrast, ratio of 2Hz F1
to 8 Hz F1 is 0.8). Defining 8 as DC/F1 of the resulting currents, we found fBgy, = 0.42 and



Bar. = 0.019. We considered a linear rectified model of response r(t) to an input waveform i(t):
r(t) = [i(t) — 6], where 6 is a threshold (values used given in Results) and [z]* = z, z > 0;
[z]* = 0, £ < 0. To model single sinusoids, i(t) is set equal to yop.(t) or ysu.(t); for double
sinusoids, i(t) = yop:(t) + ysy.(t). We then examined the Fourier component of r(¢) at 2 Hz
and/or 8 Hz.

1.3 Results

1.3.1 Basic concepts of the model circuit

To understand our results, it is important to recall the main ideas of our circuit model, which
will figure prominently in the following results (Fig. 1.1). We define feedforward input to
excitatory cells as the sum of the direct LGN excitatory input and the LGN-driven input from
inhibitory neurons. Due to the dominant antiphase inhibition, the mean feedforward input evoked
by grating stimuli is inhibitory. Cortical excitatory simple cells can only be driven to fire by the
temporal modulation of this input: inhibition and excitation are driven at opposite phases of the
modulation, so that one goes up when the other goes down. This modulation allows excitation to
periodically dominate over inhibition and drive responses, even though inhibition dominates in the
mean (Fig. 1.1B).

The mean LGN input evoked by a grating does not depend on grating orientation (because this
mean is just the weighted sum of the mean rates of the individual LGN inputs to the simple cell,
and the responses of LGN cells are assumed to be untuned for orientation). But the modulation of
the LGN input varies strongly with orientation. In response to a preferred orientation stimulus, all
of the LGN inputs to a cell modulate their firing rates together, so the total LGN input to the cell is
strongly modulated and the cell periodically fires (Fig. 1.1B). As the stimulus orientation is moved
away from the preferred, the different LGN inputs to a cell come to be increasingly desynchronized
in their rate modulations. These modulations at different phases wash out, so that the net input
to the cell becomes temporally steady and unmodulated, albeit with the same mean, and the cell
is inhibited (Fig. 1.1C).

The net feedforward input - that is, the sum of the LGN input and the antiphase inhibition -
is determined by the LGN input as follows. The mean LGN input evokes a net inhibitory mean
feedforward input, due to the dominance of inhibition in our circuit. The anti-phase inhibition
amplifies the modulation of the LGN input, yielding a stronger modulation of the net feedforward
input. We previously showed that this combination of net inhibitory mean feedforward input, which
is untuned for stimulus orientation, and the orientation tuning of the modulation of the feedforward
input could account for the contrast-invariance of cortical orientation tuning (Troyer et al., 1998).
Here we show that the same principles can explain suppression effects such as cross-orientation
inhibition.
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Figure 1.1:

A: Cartoon figure of the correlation-based local cortical circuitry used in our model. Four cell
pools - two excitatory (top) and two inhibitory (bottom), each with two opposite preferred spatial
phases (left vs. right) — are depicted. The four cell pools are at the same retinotopic position,
but have been separated for visibility. Light gray represents ON subfields and dark grey OFF
subfields. Cells receive input from LGN and from other cortical cells preferring similar orientations.
Connections are assigned probabilistically. ON-center LGN inputs with centers overlying a cell’s
ON-subregions, and OFF inputs with centers overlying OFF subregions, are likely to connect to
the cell. The cells receive excitatory intracortical connections with highest probability from other
excitatory cells they are most correlated with (same absolute placement of ON and OFF subfields).
Inhibitory connections are received with highest probability from inhibitory interneurons they are
most anti-correlated with (opposite absolute placement of ON and OFF subfields). Unlike the
cartoon, the actual model includes cells of all orientations and spatial phases and spanning a range
of retinotopic positions. The probabilistic sampling leads cells to receive input from other cells
differing in preferred orientation by up to about 30°, and differing in phase from identical (excitatory
connections) or opposite (inhibitory connections) by up to about 60°?; the cartoon illustrates the
most probable connections. The feedforward inhibition (LGN—inhibitory cell— excitatory cell)
is stronger than the feedforward excitation (LGN—excitatory cell). B: Membrane potential (top)
and synaptic currents (bottom) of a single cell as a function of time when stimulated by a drifting
grating at its preferred orientation. The excitatory (black) and inhibitory (gray) synaptic currents
are modulated out of phase with one another, resulting in an oscillatory membrane potential. The
cell spikes during the excitatory peak of the oscillations. C: Membrane potential (top) and synaptic
currents (bottom) of a single cell when stimulated by a drifting grating orthogonal to its preferred
orientation. There is little modulation of the synaptic current or membrane potential in time. Since

the feedforward inhibition is stronger than the feedforward excitation, the membrane potential does
not reach threshold.

Finally, we introduce our terminology. We characterize a response to a periodic stimulus by
the mean response, referred to as the “DC” of the response; and the amplitude of the response
modulation at the temporal frequency of the stimulus, referred to as the “F1” of the response (for



“first harmonic”). Note that the peak value of the response is roughly given by the sum DC+F1.

1.3.2 Cross-orientation inhibition

In the model circuit, the response to a base grating at the preferred orientation is suppressed by
simultaneous presentation of a mask grating at the null orientation (the orientation perpendicular
to the preferred). Two factors contribute to this suppression (Fig. 1.2) First, the preferred-

A LGN input to simple cell Figure 1.2:
=04 F1, DC and peak (F1+DC) input cur-
T |[CBase
%02 Base + mask rent to a model simple cell (mean over

g_ ) cells with similar orientation preference,
£ 9 ] LDD— 4 degree bins) from LGN alone (A) and
F1 DC F14DC

LGN + cortex (B) in response to stimu-

B Full circuit input to Simple cell lus grating at preferred orientation, 40%

0.4 contrast alone (base); or to superposi-
tion of preferred (base) and orthogonal

> H H (mask) orientation gratings, each at 40%
0 ) I_JD : ﬂ contrast.

F1 DC F1+DC

Input (nA)

orientation stimulus evokes synchronized modulation of the firing rates of the LGN inputs to a
simple cell, but superposition of the null stimulus disrupts this synchronization. This reduces the
F1 of the net LGN input to a simple cell. This is a small effect in this example, but can be more
significant, as we will see later (Fig. 1.10). Second, superposition of the null stimulus increases the
mean spiking rate of the LGN inputs and thus the DC of the net LGN input to a simple cell. This is
converted by the dominant antiphase inhibition in the circuit into an increased negative feedforward
DC input to the simple cell. The combination of these two effects provides sufficient suppression
to match many aspects of the suppression observed experimentally, including the illustrated cross-
orientation inhibition. Note that the superposition of the second grating yields an increase in the
peak input (DC+F1) of the LGN input, so that simple cell responses would be increased by addition
of the second grating if only LGN input were considered.



1.3.3 Contrast dependence of cross-orientation inhibition

The amount of suppression is dependent on the mask contrast. The mean spike response to a base
grating at the preferred orientation decreases with the contrast of a mask grating at a non-preferred
orientation, both in a cell from Bonds (1989) (Fig. 1.3A) and in simulations (Fig. 1.3C). The
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Figure 1.3:

Experiments reproduced from (Bonds, 89) (A, B - each shows data for a single simple cell), and
corresponding simulation results (C, D — mean over cells with similar orientation preference; error
bars in C show standard deviation, error bars omitted in D for visual clarity). A, C: Suppression
of mean spiking response to a base grating of optimal orientation (expt. 28% contrast, sim. 40%
contrast) with varying contrast of mask at non-preferred orientation (“inhibiting” orientation in
experiments; orthogonal to preferred in simulations). Dashed line is response with base alone. B, D:
Response versus log contrast of base shows downward shift that increases with mask contrast, with
little change in slope. Note, overall spiking rate differences are not meaningful: experimentally there
is high variability between cells (compare A,B); in simulations, overall spiking rate can be modified
by parameter changes without otherwise altering network behavior (Troyer et al., 1998).

curve of response vs. base contrast is shifted downward or rightward with increasing mask contrast,
with little change in slope, both in an experimental cell (Fig. 1.3B) and in simulation (Fig. 1.3D).
Both response vs. base contrast and suppression vs. mask contrast are stronger in the experimental
cells illustrated than in simulation, but the degree of suppression for a given ratio of base to mask
contrast is more comparable.

Recent experiments by Sengpiel et al. (1998) also addressed the effect of inhibition by a sec-



ond grating on the contrast-response curve. They described the contrast-response function by a
hyperbolic ratio function, R = Rmawcg:%v where R, is the maximal response, c¢5¢ is the con-
trast that elicts a half-maximal response, and n is the power exponent. For a majority of cells,
cross-orientation inhibition caused a rightward shift of the contrast-response function, that is, a
change in c59 but not in R, or n. This is seen in the normalized population response for 48 cells
(both simple and complex cells), with and without cross-orientation inhibition, from Sengpiel et al.
(1998) (Fig. 1.4A).  The inhibition in the model is similarly described well by a rightward shift

Figure 1.4:
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cross-orientation inhibition is well described by
a rightward shift of the contrast response func-
tion.

of the contrast response function (Fig. 1.4B).

1.3.4 Effect of cross-orientation inhibition on orientation tuning

We examined the effects of a mask stimulus at the null orientation on the response tuning for the
orientation of a base grating (Fig. 1.5).
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Orientation tuning Figure 1.5:

Model orientation tuning curves, with and with-

-
(3]

out mask stimulation. Solid line is orientation tun-

ing curve when stimulated with a single base grat-

-
o

ing alone (mean 1 SD). Dashed line is the tuning
(mean) for base grating orientation while simulta-

Response (Hz)
(4]

neously stimulating with a mask grating at the
orientation orthogonal to the cell’s preferred ori-

entation. Dotted line is the same as the dashed,

-60 -30 0 30 60
Orientation (degrees) except scaled so that the peak response matches

—— 40% base that of the tuning curve for the base grating alone.

— - 40% base + 40% mask The response reduction due to the mask grating is

- 40% mask + 40% mask normalized mainly multiplicative.

The mask-induced suppression does not significantly alter the orientation tuning in the model:
when the response tuning curve in the presence of the mask is scaled to have the same height
as the response tuning curve in the absence of the mask, the two curves become almost identical.
Thus, the effect of the suppressing grating on the orientation tuning curve is predicted to be mainly
divisive.

1.3.5 Dependence of suppression on mask orientation

The initial concept of cross-orientation inhibition has been broadened by several experiments to that
of a more general, nonspecific suppression of the response to a preferred stimulus by superposition
of a second stimulus (Bonds, 1989; DeAngelis et al., 1992). Here we focus on the experiments
of Bonds (1989), who used as stimuli superimposed pairs of sine gratings: a base grating at the
preferred orientation and 2 Hz temporal frequency, and a mask grating at 3 Hz (or other temporal
frequencies, considered later) and various orientations, as illustrated in figure 1.6. By
decomposing the cell’s response into two F1’s, one at each temporal frequency, as well as a DC,
the separate response to each grating was assessed: the F1 at 2 Hz represents response to the base
grating, while the F1 at 3 Hz represents response to the mask grating. This allowed Bonds (1989)
to determine the effect of the orientation of the mask grating on the suppression of the response to
the base grating.

We have mimicked this procedure in our simulations (Fig. 1.7). In both experiments
and simulations, the mask grating at non-preferred orientations suppressed the DC spike response,
and the tuning of this DC response with mask orientation is similar to the excitatory orientation
tuning curve to a single grating (Fig. 1.7A,E). Similarly, both experiment and simulation show
tuning of the 3 Hz (mask) F1 component of the response with the mask orientation, again following
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Compound

Base (2Hz)  Mask (3Hz) grating

Figure 1.6:
Bonds (1989) experimental procedure.

:
+
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Bonds created his compound gratings by
adding two simple gratings, a base grating al-

ways at the preferred orientation with a tem-
poral frequency of 2 Hz and a mask grating
at various orientations and a temporal fre-
quency of 3 Hz (in later experiments the mask

Ll

has other temporal frequencies). He could
then look at the mean (DC) response, the
2 Hz F1 response defined as the base response
and the 3 Hz F1 response defined to be the
mask response.

oo

the excitatory orientation-tuned response of the cell (Fig. 1.7B,F). The effects of the mask on the
2 Hz (base) F1 component of the response is more complex. Experimentally, Bonds (1989) found
11 of 14 cells showed suppression of the base component that was untuned for mask orientation
(Fig. 1.7C), while 3 of 14 cells showed broad tuning for mask orientation (Fig. 1.7D). In simulations,
we find that the 2 Hz component of the intracellular current shows suppression that is untuned for
mask orientation (Fig. 1.7G), but the 2 Hz component of the spiking response shows broadly tuned
suppression (Fig. 1.7H) akin to that seen in a minority of cells by Bonds. This tuning of the base
spike response arises from the addition of an untuned base current component and a tuned mask
current component followed by a rectification to give the spike response.

Neither simulation results nor experimental results (Bonds, 1989) depended on the relative
spatial phase of the two gratings (not shown).

1.3.6 Temporal frequency dependence of the suppression

By keeping the base grating at 2 Hz and varying the temporal frequency of the mask grating, Bonds
(1989) investigated the temporal characteristics of the cortical suppression. We first examine the
dependence of suppression on mask contrast and temporal frequency (Figure 1.8). In
the experiments, strong suppression is found for lower temporal frequencies (2 and 8 Hz), with a
decrease in suppression at 16 Hz. In simulations, 8 and 16 Hz masks evoke greater suppression
than the 2 Hz mask, but the suppression does decrease between 8 and 16 Hz.

We next examine the dependence of suppression on mask orientation and temporal frequency
(Fig. 1.9). In experiments, the total (DC) response (Fig. 1.9A) shows suppression for masks at
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Figure 1.7:
Experiments reproduced from (Bonds,

Experiments Simulations 1989) (A, B, C - data for a single simple cell,
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.- 14% mask tion, similar to type I cells. H: 2 Hz F1 com-

= = control (7% contrast . . . .
(7% ) ponent of spike response in simulations shows

tuning with the mask orientation, similar to
type II cells.

off-orientations that decreases with mask temporal frequency until, for a mask of 32 Hz, there is no
inhibitory effect at all. When the mask is at the preferred orientation, the lowest frequencies evoke
no suppression. The mask response (Fig. 1.9B) is, not surprisingly, tuned with mask orientation,
and the excitation decreases with temporal frequency. The excitation actually cuts off earlier than
the suppression: at 16 Hz there is little excitatory effect of the mask, while there is still a significant
inhibition of the DC and base responses. The suppression of the base response (Fig. 1.9C) is untuned
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Figure 1.8:

Experiments reproduced from (Bonds, 1989) (A - data for a single simple cell), and corresponding
simulation results (B — mean response over cells in simulation with similar orientation preference).
Plots show mean spike response vs. mask contrast for a combination of a 2 Hz base grating at
preferred orientation and a mask grating oriented at an inhibitory orientation (experiments), which
we have taken to be orthogonal to the preferred (simulations). Dashed lines, response to base grating
alone; solid lines, response with 2 Hz mask; dash-dotted lines, response with 8 Hz mask; dotted lines,
response with 16 Hz mask. The inhibitory effect of the mask grating decreases with the temporal
frequency of the mask in experiments, whereas in the simulations the inhibitory effect of the mask
grating is tuned towards higher temporal frequencies, thus peaking at 8 to 16 Hz, but decreasing
with further increase in temporal frequency (not shown).

with mask orientation, and the inhibition is highest for low temporal frequencies and decreases with
increasing temporal frequencies, as in Fig. 1.8. Our simulations (Fig. 1.9D-F) are similar except
that, again, 3 Hz gratings evoke less suppression than higher temporal frequencies, and the base
component of the spiking response shows orientation tuning (although again, the base component
of the current response is untuned).

To understand the temporal-frequency tuning of suppression in our model, we examined the

thalamocortical and full-circuit input to cells when adding a varying-temporal-frequency mask
grating at the orientation orthogonal to a preferred-orientation 2Hz base grating (Fig. 1.10).
We assume that the 2 Hz component of the response is roughly determined by the sum of the
DC and the 2 Hz F1, representing the peak reached by the 2 Hz component when ignoring the
other modulating components. The LGN input shows an increased DC component for 8 and 16
Hz masks relative to that for a 3 Hz mask, while the 2 Hz F1 component is slightly reduced. The
cortical circuit amplifies both the DC and 2 Hz F1 component and reverses the DC component. The
superposition of the 2 Hz F1 and DC then results in a peak input (F14+DC) that is lower for the
higher-temporal-frequency masks. According to the experiments, the peak input should increase
for the higher mask temporal frequencies, suggesting flaws in our models either of the LGN DC
and/or F1 or of inhibitory cell temporal tuning; we return to this in the discussion.
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Figure 1.9:

Dependence of suppression
on orientation and temporal fre-
quency of mask grating, added to
base grating at preferred orienta-
tion and 2Hz. Experiments repro-
duced from (Bonds, 1989) (A, B,
C - data for a single simple cell),
and corresponding simulation results
(D, E, F - mean response over cells
with similar orientation preference).
“Control” is response to base grat-
ing alone. A, D: Mean (DC) spike
response. B, E: F1 of the spike re-
sponse at the mask temporal fre-
quency. C, F: F1 of spike response at
the base temporal frequency. In gen-
eral, inhibition peaks at higher tem-
poral frequencies in the simulations
than in the experimental cell. As
earlier, the simulated base response
is tuned with the mask orientation,
while the experimental base response
is not. Simulated base current re-
sponse is untuned (not shown).

1.3.7 Spatial-frequency dependence of the suppression

Cortical cells show bandpass tuning for the spatial frequency of a grating. This bandpass tuning is
expected to also influence suppressive effects. Figure 1.11

show that tuning of the suppression for mask spatial-frequency is broader than the cell’s excita-
tory spatial tuning bandwith. Furthermore the bandwith of the suppression increases with mask
contrast. In our simulations, inhibitory cells and excitatory cells have identical spatial frequency
tuning (they have identical Gabor-functions defining their receptive fields), and as a result, the
suppression and excitatory tuning have similar bandwidth, again suggesting a flaw in our model of
inhibitory cell receptive fields. The simulations do show a bit of the broadening of inhibition with

contrast.

15

shows experiments (Bonds, 1989) and
simulations of cell responses with varying spatial frequency of the base and mask. The experiments



Figure 1.10:
Base (2 Hz) F1, DC, and peak (2 Hz F1+DC)
input current to a model simple cell from LGN
LGN input to simple cell alone (A) and LGN + cortex (B) in response
to stimulus grating at preferred orientation,
40% contrast alone (base); or to superposition

Input (nA) >
°© o
E

of preferred (base) and orthogonal orientation
2Hz F1 DC 2HzF1+DC

(mask) gratings of various temporal frequen-
cies, each at 40% contrast. The DC input from

Full circuit input to simple cell

0.4
< LGN alone increases with higher frequencies up
:‘;:,’ 02 to 16 Hz, following the tuning of our model
g o LGN cells (Sclar, 1987). This results in an
-0.2 : increased (inhibitory) DC for the full network
2Hz F1 DC 2Hz F1+DC .

which, added to a slightly smaller base modu-

(] Base (2Hz) . . ..
] Base + 3Hz mask lation (F1), results in a significantly decreased
2:2 M ?:,_z,zm :,:’;k peak input to the cell, thus explaining the tem-

@ Base + 32Hz mask poral tuning of the inhibition of the base com-

ponent of response in the simulations.

1.3.8 Modulation changes with multiple gratings

When stimulating simple cells with a superposition of a high- and a low-temporal-frequency grating,
the F1 of the spike response of the lower frequency is decreased relative to that evoked by the low
temporal frequency grating alone. At the same time the F1 of the high temporal frequency is
enhanced compared to its value for a single grating. This was shown by Dean et al. (1982), who
obtained results for 18 simple cells at 1.25 and 7.75 Hz temporal frequency using counter-phase
gratings. When restricted to cells for which the ratio of the response amplitudes to each frequency
presented alone was between 0.8-1.2, they found a mean relative response modulation (ratio of F1
when two gratings shown together to F1 of single grating alone) of 0.77 at 1.25 Hz and 1.23 at
7.75 Hz. Across all cells, they found mean changes in the same directions (Dean et al., 1982, fig
2). In our simulations we choose drifting gratings so the modeled responses will not depend on
the absolute spatial phase of the cells. Using 2Hz and 8Hz gratings with contrasts chosen to yield
similar responses to each grating alone, we find a relative response modulation of 0.60 at 2 Hz and
1.09 at 8 Hz (Fig. 1.12A). Thus the strength of suppression and the direction, though not the
strength, of enhancement are roughly replicated by our model.

This can be understood from a simple toy model as illustrated in figure 1.13. We assume
that each grating alone evokes both a sinusoidal oscillation and a negative DC; the superposition
of the gratings is modeled simply by adding their oscillations and DC’s. The resulting waveform
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is rectified at a threshold and the F1 of the rectified response is computed. The model has four
parameters: the threshold, expressed as a percentage of the amplitude of the 2 Hz oscillation; the
sizes fBop, and Pgy. of the negative DC’s, relative to the amplitude of their respective sinusoidal
oscillations; and the amplitude a of the 8 Hz oscillation relative to that of the 2 Hz. In simulations
of the full model, we find Bgy, = 0.4232 and B2y, = 0.0187 (see Methods), and so accordingly
in our toy model we initially consider Bgy, = 0.4 and B2y, = 0. We first choose a so that, after
rectification, the 2Hz grating alone and the 8Hz grating alone evoke similar F1’s. Examining results
across values of the threshold (Fig. 1.12B), we find that for thresholds less than 0.3, this simple
model replicates the basic result of the experiment: the low-frequency F1 decreases, and the high-
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Figure 1.12:

A: F1 response at 2 and 8 Hz for a single drifting grating at the preferred orientation, at a temporal
frequency of 2 Hz (20% contrast) and 8 Hz (40% contrast) respectively (white bars), compared with the 2
and 8 Hz F1 response to a superposition of the two gratings (both at the preferred orientation) (grey bars).
B-F: Toy model of the effect in A: see Results for details. B-C: Solid: 2 Hz F1 response to 2 Hz grating alone;
dash-dotted: 8 Hz F1 response to 8 Hz grating alone; dashed: 2 Hz F1 response to double grating; dotted:
8 Hz F1 response to double grating. Negative DC’s are matched to data from the full model; fop, = 0,
Psr. = 0.4. B: @ = 1.95. For thresholds less than around 0.3, the model displays the biologically observed
behaviour (Dean et al., 1982): the 2 Hz F1 for the double grating is less than for the single grating, while
the 8 Hz F1 for the double grating is higher than for the single grating. C: Threshold is fixed at 0.2. For all
values of a, the F1 responses are modified in the double gratings in the directions observed biologically. For
higher values of a, the double grating F1 responses approach their respective single grating F1 responses.
D-F: Dependence of results on the negative DC’s, 825 and fsgg -, for a fixed threshold (6 = 0.2) and relative
amplitude (e = 2). D: Contour plot of the relative change in the 2 Hz F1 (F1 given both sinusouds minus
F1 given 2 Hz sinusoid alone). Solid lines are positive values and dashed lines are negative values, each line
indicates an increment of 0.05 in relative values. The relative change is negative, as in the experiments,
for low values of 2. and high values of Ssy.. E: Relative change in the 8 Hz F1 is positive, as in the
experiments, for low values of A2p, and high values of Bgg.. F: Negative values in D are multiplied by
positive values in E, and the absolute value of the result is shown as a contour plot, with values increasing
toward lower right corner as indicated by lighter grays. The toy model behaves as in the experiments for
low values of ;. and high values of 3sy..
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2 Hz grating

Figure 1.13:
Model of the input and response to single gratings with a
temporal frequency of 2 and 8 Hz and to the superposition
of the two gratings. The solid curves are the inputs as a

function of time, the solid horizontal line is the threshold,
8, the dash-dotted line is the inhibitory DC, f2p. and
afgy. in the toymodel, subtracted from zero, the dotted
line. The black part of the curve above threshold is the
response of the cell. Since the inhibitory DC component is
larger for higher temporal frequencies, sy, is larger than

B2k, the input at 8 Hz need a higher amplitude, a, (a

higher contrast) to give the same F1 response. Adding
the two gratings results in a DC equal to the sum of the
two single gratings, B2x. + afsH., resulting in a decrease
of the 2 Hz F1 component and an increase of the 8 Hz
F1 component. (The values chosen in this figure are for
display only and do not correspond to those used to obtain
the results in the simulations).

time

frequency F1 increases, when the two sinusoids are added together. Next we fix the threshold at
0.2, and find that across all values of «, the same basic result is obtained (Fig. 1.12C).

Finally we examine the dependence of the results on the two 3’s, that is, on the size of the neg-
ative DC offset evoked by the two gratings, for fixed values of the threshold and relative amplitude.
(Fig. 1.12D-F). Small or negative values of S5, and high (positive) values of Bgy, yield changes
in the experimentally observed directions: for these values of the 3’s, the 2 Hz F1 is decreased
(negative “2 Hz F1 difference” in Fig. 1.12D) and the 8 Hz F1 is increased (positive “8 Hz F1
difference” in Fig. 1.12E) when the two sinusoids are added together. To better ascertain the pa-
rameter range over which each F1 is changed in the appropriate direction, we multiply the negative
region of the 2 Hz change (positive values set to zero) with the positive region of the 8 Hz change
(negative values set to zero), and take the absolute value of the result; contours of this result are
shown in Fig. 1.12F. The contours increase with approach toward the lower right corner, that is, as
Bgyz'increases and By, decreases. (The parameter region that gives the desired result increases
when the threshold is decreased or the relative 8 Hz amplitude is increased, not shown.) Thus, we
conclude that it is critical to the observed result that an 8 Hz grating evoke a larger negative DC,
relative to its F1, than a 2 Hz grating. (This occurs in our full model due to the slow time course
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of NMDA conductances, which lowers the F1/DC ratio for higher frequencies; see Discussion.)
Reid et al. (1992) studied the superposition of 8 counter-phase gratings of increasing temporal
frequencies. As in the two-grating paradigm of Dean et al. (1982), they found that the modulation
of low temporal frequencies is depressed and that of high temporal frequencies is enhanced in the
superposition relative to that of the constituent sinusoids. Again for drifting gratings, we examined
the F1 responses of our full model at each of 8 stimulus frequencies, in response to each of the
8 individual sinusoids alone and in response to their superposition (Fig. 1.14). As in the

Figure 1.14:

3 60 Normalized F1 response to eight single grat-
< X —x= Single sinusoid ings at the preferred orientation, at their respec-
g 507 X —— 8 sinusoids : : :

8 tive temporal frequencies (x, dashed line), and
: 40/ *‘ to the same temporal frequencies for a superposi-
L_; 30} tion of the eight gratings (+, solid line). The con-
.g_l) 20t trast of the single gratings are 20% when alone,
© and 12.5% each when superposed. The normal-
g 10¢ ized F1 response of the low temporal frequencies
Z 0 is higher for the single gratings than for the stim-

o

10 20 30
Temporal frequency (Hz)

ulus of eight superposed gratings, while the effect
is reversed for high temporal frequencies, as found
by Reid et al. (1992).

experiments, the F1's at lower temporal frequencies are decreased, while those at higher temporal
frequencies are increased, in the superposition compared to the single gratings. We find a cross-over
point from depression and elevation between 4 and 5 Hz, slightly lower than, but comparable to,
the experimentally found cross-over of 6 to 8 Hz (Reid et al., 1992).

1.4 Discussion

We have shown that a simple correlation-based local circuit can account for many aspects of cortical
response properties to multiple gratings, including many features of the dependence of suppression
or enhancement on a mask grating’s orientation, spatial frequency, and temporal frequency, as
well as the effects of mixing sinusoids of multiple temporal frequencies. The model predicts that
superposition of a mask grating orthogonal to the preferred orientation should cause little change
in orientation tuning to a base grating, having a primarily divisive effect on the orientation tuning
curve. It also predicts that high-temporal-frequency (e.g., 8 Hz) gratings should evoke a stronger
negative DC for a given F1 amplitude than low-temporal-frequency gratings (e.g., 2 Hz).

The circuit model that attains these results (Troyer et al., 1998) rests on two basic assumptions.

20



First, both the excitation and inhibition received by a simple cell come from other cells of similar
preferred orientation (Anderson et al., 2000a; Ferster, 1986), but the excitation and inhibition are
evoked by opposite polarities (light or dark) at any given point in the receptive field (Ferster,
1988; Hirsch et al., 1998). Second, the inhibition dominates, rather than balances, excitation
in the cortical circuitry. This dominance is supported by experiments showing that even slight
movement of a spot stimulus across a subregion boundary is sufficient to cause the spot to evoke
net inhibition (Hirsch et al., 1998), as well as by experiments showing that nonspecific shock of the
LGN evokes massive inhibition in cortex (Ferster and Jagadeesh, 1992). It is this excess inhibition
that accounts for the cross-orientation (or ‘second grating’) suppression. The model also agrees
with recent findings by Freeman et al. (2001) that cross-orientation suppression is not affected by
adaptation to a cross-oriented stimulus. The cells in our model do not receive input from cells
preferring orientations orthogonal to their own preferred orientation, thus their responses are not
affected by the activity of these.

While the model captures a wide array of results, it also fails in two notable ways. First,
suppression in experiments is more broadly tuned for mask spatial frequency (also seen in DeAngelis
et al., 1992), and is tuned to lower mask temporal frequencies, than in the model. Although recent
experiments by Durand et al. (2001) report the high-temporal frequency cutoff of suppression to be
between 16 and 20 Hz, similar to our findings. Second, the majority of cells studied experimentally
showed no tuning for mask orientation of the base component of response, whereas in the model
there is such tuning. It will be important to determine these properties for cells in layer 4, the layer
that we are modeling. If they hold in layer 4, it would suggest that two types of improvements
are needed in the model. First, inhibitory neurons in the model at present follow the tuning of
the LGN input for temporal frequency (and for orientation), and have the same spatial frequency
tuning (same Gabor RF shapes) as the excitatory neurons. We may need to consider inhibitory cell
models that show stronger responses at low temporal frequencies, and that have broader tuning or
a broader variety of tunings for spatial frequency. Second, the tuning for mask orientation of the
base response component is a threshold effect: the addition of the untuned base component and the
tuned mask component of current, followed by rectification by the spike threshold, yields a tuned
base component of the spiking response. Sufficient voltage noise can smooth away many threshold
effects, and voltage noise appears comparable in size to stimulus-induced voltage modulations
(Anderson et al., 2000b; Arieli et al., 1996; Paré et al., 1998; Tsodyks et al., 1999), suggesting that
exploration of higher-noise regimes might remove the threshold-induced tuning.

Cross-orientation suppression in the model depends both on the dominance of inhibition, and
on the fact that inhibitory neurons in the model respond to all orientations, although they are
orientation-tuned: their tuning curves resemble a tuned hill atop an untuned platform (Troyer
et al., 1998). Recent results find two types of inhibitory interneurons in cat V1 layer 4: simple
cells that show good orientation tuning, and complex cells that are untuned for orientation (Hirsch
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et al., 2000). It is possible that these separately embody the two components of inhibitory tuning
— the tuned hill and the untuned platform - that we are attributing to a single class of cells.

1.4.1 Suppression and contrast

The modeled experiments (Bonds, 1989), and other reported results (DeAngelis et al., 1992; Mor-
rone et al., 1982) display a wide range of suppression strengths. There does not seem to be any
systematic connection between suppression strengths and cell type (simple/complex), tuning width,
cortical position etc. Our cells often required higher contrasts of both base and mask than in ex-
periments to see a given level of response or suppression, although the relative contrast of base
vs. mask for a given strength of suppression was often similar. Strength of overall responses can be
varied without otherwise altering circuit behavior by varying circuit parameters in a coordinated
way (Troyer et al., 1998); thus the most robust issue seems to be the relative contrast required
to achieve a given degree of suppression, rather than the absolute contrasts. Furthermore, the
relative contrast necessary to achieve a given degree of suppression is also parameter-dependent in
the model, depending in particular on the overall strength of inhibition. We have used the model
as tuned for other experiments and not altered it to fit these data.

The strength of response and suppression also depends on our LGN model, which is currently
very simple: we assume LGN spike-rate responses to the two gratings add linearly, up to rectifi-
cation. Bonds (1989) shows results from a few LGN cells suggesting sublinear addition. It will be
important to determine both the degree to which the DC of the LGN input grows, and the manner
in which the F1 of the total LGN input received by a simple cell alters, when a mask grating is
added to the base grating.

1.4.2 Modulation changes with multiple gratings

Our model reproduces the qualitative effects of modulation changes for pairs of gratings found by
Dean et al. (1982) (with the difference that they used counter-phase gratings in their experiments
and we used drifting gratings in the simulations). The simple toy model we considered for this
paradigm accords well with this, showing the experimentally observed effect across parameters
provided that the 8 Hz grating evokes a stronger negative DC for a given F1 than the 2 Hz
grating. This stronger negative DC effect at higher frequencies arises in our full model due to the
presence of NMDA conductances in excitatory synapses; the slow time course of these conductances
suppresses the high-frequency F1 without altering the DC, resulting in a higher DC/F1 ratio (e.g.
Krukowski, 2000, Fig. 2.28). We have also found that an additional mechanism not considered
here, frequency-dependent synaptic depression (Abbott et al., 1997; Tsodyks and Markram, 1997)
in geniculocortical synapses, can play a similar role, by differentially lowering the DC/F1 ratio of
low-frequency stimuli (Krukowski, 2000).

Our result for the extension to 8 sine gratings, Fig. 1.14, agrees with the experimentally observed
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response amplitudes of cortical cells (Reid et al., 1992). Reid et al. (1992) further reported a decrease
in integration time of the response to the 8 sine gratings, as determined by the slope of the curve of
response phase vs. temporal frequency; the cells appear to respond faster. They argue that these
effects must be of cortical origin. We do not see a change in integration time in our simulations
(data not shown). We have found (Kayser et al., 2001a) that increases in contrast can advance
the phase of response, due to a number of mechanisms including synaptic depression, spike-rate
adaptation, and increases in conductance. We can speculate that such effects might contribute to
the experimental result, since there is greater overall contrast in the 8-grating stimulus than in the
single-grating stimuli, although we do not see an effect in the present simulations.

1.4.3 Conclusion

Correlation-based or “push-pull” connectivity with dominant inhibition has been shown to account
for many experimentally observed properties of layer 4 of cat primary visual cortex. These include
contrast-invariant orientation tuning (Troyer et al., 1998), cortical temporal frequency tuning that
cuts off at much lower frequency than LGN tuning (Krukowski and Miller, 2001), and various
contrast-dependent nonlinearities (Kayser et al., 2001a). The present results suggest that this
framework can also explain a range of suppression and enhancement effects observed with multiple-
grating stimuli. However, they also suggest some modifications may be needed; in particular, our
inhibitory cell models may need to be modified to explain the broader spatial-frequency tuning and
lower temporal-frequency tuning of suppression observed experimentally.
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Chapter 2

Different roles for simple- and
complex cell inhibition

Abstract

We have previously proposed a model of the circuitry underlying simple-cell responses in cat V1
layer 4. We argued that the ordered arrangement of LGN inputs to a simple cell must be supple-
mented by a component of feedforward inhibition that is untuned for orientation and that responds
to high temporal frequencies in order to explain the sharp, contrast-invariant orientation tuning and
low-pass temporal frequency tuning of simple cells. The temporal tuning also requires a significant
NMDA component in geniculocortical synapses. Recent experiments have revealed cat V1 layer
4 inhibitory neurons with two distinct types of receptive fields (RFs): complex RFs with mixed
ON/OFTF responses, lacking in orientation tuning; and simple RFs with normal, sharp orientation
tuning (although some respond to all orientations). We show that complex inhibitory neurons
can provide the inhibition needed to explain simple cell response properties. Given this complex
cell inhibition, antiphase or “push-pull” inhibition from tuned simple inhibitory neurons acts to
sharpen spatial frequency tuning, lower responses to low-temporal-frequency stimuli and increase
the stability of cortical activity.

24



2.1 Introduction

Understanding the circuitry underlying response properties in primary visual cortex (V1) remains
a central problem in systems neuroscience (e.g., Ferster and Miller, 2000) and serves as a model
problem for understanding cortical processing.

Hubel and Wiesel (1962) proposed that the orientation selectivity of simple cells in cat V1 layer
4 is shaped by an oriented arrangement of input from cells in the lateral geniculate nucleus (LGN)
that are not tuned for orientation. Such an input pattern has been verified experimentally (Alonso
et al.,, 2001; Reid and Alonso, 1995; Tanaka, 1983), but is not sufficient to explain simple-cell
response properties. In response to a drifting grating stimulus, the mean LGN input to a simple
cell grows with increasing contrast for all orientations, so that the mean input evoked by non-
preferred orientations at high contrast exceeds the peak input evoked by the preferred orientation
at low contrast (Troyer et al., 1998). Yet orientation tuning bandwidth remains roughly constant
across contrasts, a phenomenon known as contrast-invariant orientation tuning (Anderson et al.,
2000b; Sclar and Freeman, 1982; Skottun et al., 1987). Similarly, in response to a high-temporal-
frequency drifting grating (> 20 Hz) that produces little or no response in the great majority
of V1 cells (DeAngelis et al., 1993; Freeman et al., 2002; Holub and Morton-Gibson, 1981; Tkeda
and Wright, 1975; Movshon et al., 1978; Saul and Humphrey, 1992b), the great majority of LGN
cells fire strongly (at levels greater than half their response to their optimal temporal frequency)
(Freeman et al., 2002). Thus, a high-contrast, optimally oriented 20-Hz grating should evoke a high
mean rate of LGN input to a simple cell (even if mechanisms that act as low-pass filters remove
the input’s temporal modulation) that exceeds the peak LGN input in response to a sufficiently
low-contrast grating of optimal temporal frequency and orientation. Yet almost all simple cells
respond to the optimal low-contrast stimulus and not to the 20-Hz high-contrast stimulus.

We have previously suggested a model of cat V1 layer 4 that can account for the contrast-
invariant orientation tuning (Troyer et al., 1998), temporal frequency tuning (Krukowski and Miller,
2001), and other response properties (Kayser et al., 2001b; Lauritzen et al., 2001) of simple cells.
The essential idea is that strong feedforward inhibition (inhibition from cortical interneurons driven
by LGN inputs) that shows contrast-dependent responses to all orientations, and to all temporal
frequencies that drive LGN cells, supplements feedforward excitation from LGN inputs to account
for simple cell response properties. Given that most layer 4 cells are simple (Bullier and Henry, 1979;
Gilbert, 1977) and given one report of a simple layer 4 inhibitory neuron (Gilbert and Wiesel, 1979),
we assumed the inhibitory neurons providing this inhibition would be simple cells. The inhibition
and excitation received by a layer 4 simple cell have similar orientation tuning (Anderson et al.,
2000a; Ferster, 1986; Martinez et al., 2002), but are arranged in a spatially opponent or “push-pull”
relationship: in ON subregions, light evokes excitation and dark evokes inhibition, and vice versa in
OFF subregions (Anderson et al., 2000a; Ferster, 1988; Hirsch et al., 1998). Therefore, our model
was based on antiphase inhibitory connectivity: an inhibitory simple cell tended to connect to cells
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that preferred dark where it preferred light, and vice versa. These inhibitory simple cells were
predicted to respond to all orientations in a contrast-dependent manner, though showing a tuned
peak of response, and to show temporal frequency tuning like that of LGN cells.

Recently Hirsch et al. (2000) and J. Hirsch, private communication reported results of intra-
cellular in vivo recording of cells that were subsequently filled and reconstructed. A total of 10
anatomically identified inhibitory neurons in cat V1 layer 4 have been recorded. Four had complex
RF's with mixed ON/OFF responses throughout the responsive region. These cells showed roughly
equal responses to all orientations, with little (2 cells) or no (2 cells) sign of orientation bias. The
other six had simple RFs: segregated, oriented ON- and OFF-subregions with push-pull inhibition.
These cells were well tuned for orientation in response to high-contrast drifting bars, although 2
showed substantial response to all orientations. Reexamination of previous studies supports the
finding that a substantial fraction of cat V1 layer 4 interneurons are complex cells: of 9 previously
anatomically identified such neurons, 5 were simple and 3 complex (and one was unoriented center-
surround) (Ahmed et al., 1997; Gabbott et al., 1988; Gilbert and Wiesel, 1979; Kisvarday et al.,
1985; Martin et al., 1983). The orientation tuning of these complex cells was not discussed. In
addition, Azouz et al. (1997) anatomically identified one layer 4 interneuron, which was orientation
untuned, although its complex or simple nature was not discussed. These results suggest that the
broadly-tuned inhibition we posited indeed exists, but primarily in the form of orientation-untuned
complex, rather than simple, inhibitory neurons.

In this paper, we explore the hypothesis that complex inhibitory neurons lacking in orientation
tuning, and hypothesized to have temporal tuning that follows that of their LGN inputs, provide
the inhibition that explains the contrast-invariant orientation tuning and temporal frequency tuning
of simple cells. We also explore the role in this scenario of antiphase inhibition provided by the

sharply-tuned simple inhibitory cells. An abstract of this work has appeared previously (Lauritzen
and Miller, 2002).

2.2 Materials and Methods

The model we study is similar to a model previously described (“computational model” of Troyer
et al., 1998), with the major differences (1) that we have included two types of inhibitory cells:
simple inhibitory cells and the complex inhibitory cells recently described by Hirsch et al. (2000),
and (2) that we have included NMDA as well as AMPA receptors in excitatory synapses, as in
(Krukowski and Miller, 2001) but with a different Mg** concentration. The detailed methods are
as in (Troyer et al., 1998) except where otherwise described. Here we present the basics of the
model along with the present additions.
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2.2.1 Model Input.

The input to our model comes from 7200 LGN X-cells arranged in four overlying 30 x 30 sheets of
ON cells and four similar sheets of OFF cells, with ON and OFF lattices offset by one-half square
lattice spacing, covering 6.8 x 6.8° of the visual field. We use four overlying sheets because we
assume each LGN X-cell receives input from a single retinal ganglion (RG) X-cell, and each RG X-
cell projects to 4 LGN X-cells (as in Worgotter and Koch, 1991; this value is intermediate between
values from Sherman, 1985 and Peters and Yilmaz, 1993). LGN firing rates in response to a drifting
grating were calculated by assuming rates were sinusoidally modulated, up to rectification at zero
rate, about background rates of 10 and 15 Hz for ON and OFF cells respectively. The amplitude
of the sinusoidal modulation was chosen so that the first harmonic (F1) of the rectified responses
matched experimental values from one published X-cell (Fig. 1 Sclar, 1987). This is the LGN data
used in most of our later studies, Kayser et al. (2001b); Krukowski and Miller (2001); Lauritzen
et al. (2001); Troyer et al. (2002), but not in our original study, Troyer et al. (1998); this data is
used because it is the only published data of which we are aware that includes responses both at
multiple temporal frequencies and multiple contrasts. This LGN cell has a high-contrast temporal
frequency tuning curve (essentially identical to the curve illustrated in fig. 2.6b) that peaks at 16
Hz, which is on the high end for LGN X-cells (Derrington and Fuchs, 1979; Hamamoto et al., 1994;
Lehmkuhle et al., 1980; Saul and Humphrey, 1990; Sclar, 1987), but its overall range of temporal
tuning is more typical, e.g. the average tuning over all X-cells shows a broad peak extending from
4 to 16 Hz with responses still above half-maximal at 32 Hz (Fig. 5C Sclar, 1987), and almost all
LGN cells respond with greater than 1/2 their maximal response to stimuli of 20 Hz or greater
(Freeman et al., 2002) (but see (Lehmkuhle et al., 1980; Saul and Humphrey, 1990), who find lower
LGN cutoffs). The Sclar data determined the amplitude as a function of temporal frequency and
contrast; this amplitude was then scaled by a factor reflecting the spatial frequency of the grating,
given by the spatial frequency transfer function computed from the spatial receptive field of LGN
cells as given in (Troyer et al., 1998), with the transfer function scaled so that its peak value is 1.
Spikes were then generated from these LGN firing rates in a random (Poisson) fashion. Overlying
LGN cells have 25% correlation in their spike trains, matching data showing correlations among
LGN cells with overlapping RFs (Alonso et al., 1996).

2.2.2 Model architecture.

The model consists of a grid of 40 x 40 excitatory simple cells (E) and two grids of 15 x 15
inhibitory cells, one of simple cells (I5) and one of complex cells (I.) (Hirsch et al., 2000). All cells
represent layer 4 cells, representing a 2/3 x 2/3 mm patch of cortex, corresponding to 0.75 x 0.75°
in visual angle.

Each simple cortical cell was assigned a Gabor-function describing its RF, with orientation given
by a measured orientation map from cat V1, spatial frequency of 0.8 cycles/degree, retinotopic
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position progressing uniformly across the sheet, and spatial phase assigned randomly to each cell.
The precise parameters used for the Gabor functions were those specifying the “broadly tuned” cells
in Troyer et al. (1998), reproducing the observed (Anderson et al., 2000a; Ferster et al., 1996) 35°
half-width at half-height of the orientation tuning of intracellular voltage modulations in response
to optimal sinusoidal gratings. The connection strength from LGN cells to a cortical simple cell
was determined as in Troyer et al. (1998) by a probabilistic sampling of the cell’s Gabor function,
where positive regions of the Gabor are converted to probabilities of a connection from an ON-cell
centered on that point, and negative regions converted to probabilities of OFF-cells connecting.

The complex cell RFs were constructed to have dimensions comparable to the simple cells, but
round, by giving them a Gabor envelope with a diameter equal to the geometric mean of the length
and width of the simple cells. The LGN connections were determined with the same algorithm as
for the simple cells with the difference that a random number was assigned as the phase for each
possible connection; that is, a Gabor RF with the preferred orientation given by the orientation
map was assumed, but the phase of this RF was chosen randomly for each possible LGN connection
to determine the probability of that connection. This caused the cell to receive input from both
LGN ON- and OFF-cells at any given retinotopic point, resulting in mixed ON-OFF RF's untuned
for orientation, but overall to receive the same amount of LGN input as the simple cells.

Cortical cells were modeled as single-compartment conductance-based integrate-and-fire neurons
as in Troyer et al. (1998), and the two types of inhibitory cells had the same biophysical parameters.
Each cell received stimulus-independent background excitatory input (Poisson) at a rate of 4000 Hz.
This along with the spontaneous activity of the LGN inputs resulted in background firing rates of
approximately 0.7 Hz for excitatory cells, 1-2 Hz for simple- and 30-40 Hz for complex inhibitory
cells. The spontaneous rate for complex cells is somewhat high, but comparable to rates of around
20 Hz reported for similarly nonspecific inhibitory interneurons in other areas of cortex (Brumberg
et al., 1996; Simons and Carvell, 1989; Swadlow, 1989, 1990, 1991, 1994). The rates could probably
be decreased without substantial changes in overall model behavior by decreasing the background
inputs to complex cells (we kept these identical to all cortical cells for simplicity), or by including
inhibitory connections between complex cells (chemical synapses of Galarreta and Hestrin, 2002;
Gibson et al., 1999; Tamas et al., 1997, 1998) and/or lowering the strength of LGN inputs to
complex cells (we kept the strengths of LGN inputs identical on all cortical cells for simplicity),
either of which could be compensated by increasing the synaptic strengths of connections from
complex cells, but we have not explored any of these steps.

NMDA-mediated conductances (Krukowski and Miller, 2001; Lauritzen et al., 2001), in addition
to the AMPA-mediated conductances, were added to all of the excitatory synapses except for
the thalamocortical synapses onto inhibitory cells, which were purely AMPA-mediated following
evidence that there is little NMDA in excitatory synapses onto inhibitory cells (Angulo et al., 1999;
Ling and Benardo, 1995). The relative strength of NMDA and AMPA conductances were set in
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terms of the integrated current (i.e., the total charge transfer) through excitatory conductances
when the postsynaptic cell is clamped at the spike-threshold voltage. 75% of the integrated current
in all the synapses was mediated by NMDA, which is the value obtained by matching AMPA and
NMDA amplitudes to those observed at thalamocortical synapses at the oldest ages studied in
thalamocortical slices (Crair and Malenka, 1995), using a physiological level of extracellular Mg?*.
NMDA was modeled as in Krukowski and Miller (2001) except that a Mg?* concentration of 1.3mM
was used rather than 100 M as in that reference; the latter figure was an error, and led us to
conclude in that reference that over 90%, rather than 75%, of integrated current was carried by
NMDA.

The probability of forming a synapse between any pair of simple cells depended on the corre-
lation between their sets of LGN inputs, as in Troyer et al. (1998): the probability of a connection
from an excitatory cell monotonically increased with the degree of correlation, while the probability
of a connection from an inhibitory cell monotonically increased with the degree of anticorrelation.
As shown in Troyer et al. (1998, Fig. 8B), the result is that the distribution of orientation differences
between connected cell pairs peaks at zero difference and falls off to zero at differences of about
+30°; while the distribution of phase differences peaks at 0 difference for excitatory synapses and
at 180° for inhibitory synapses, and falls off to zero over about £60° from the peak. The result of
this connectivity pattern is that the excitatory currents and inhibitory currents received by a cell
in response to preferred-orientation drifting gratings modulate roughly at opposite phases across
spatial frequencies (e.g. see Fig. 2.4b) and across temporal frequencies (e.g. see Krukowski and
Miller, 2001, Figs. 1B,C).

Connections from complex cells only depend on the distance between the receptive fields of the
two cells, with probability 10% of forming a synapse onto cells less than ~ 150um away and zero
otherwise. For simplicity, complex cells only receive thalamocortical input; cortical connections
onto complex cells are to be explored in further studies. These connectivity rules yield the basic
cortical circuit structure within a single iso-orientation column shown in cartoon form in fig. 2.1a.
An important feature of the model is that the inhibition is dominant over feedforward excitation,
rather than precisely balancing it.

The thalamocortical and E — E synapses displayed depression, with f = 0.563, 7 = 99 msec
(LGN), and f = 0.875, 7 = 57 msec (E — E). Here, f is the synaptic efficacy immediately after a
presynaptic spike, and 7 the time constant of recovery, as in (Abbott et al., 1997). The experimental
basis for these depression parameters is discussed in (Kayser et al., 2001b, table 1). Connections
onto and from inhibitory cells may also express use dependent changes (Gupta et al., 2000), but
these have been omitted for simplicity.

As in Troyer et al. (1998), we define the total synaptic strength of a given type received by a cell
by (i) assuming the cell is voltage clamped at threshold; (ii) for each synapse, integrating over time
the synaptic current induced by one presynaptic spike; and (iii) summing over all synapses of the
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given type. Thus, total synaptic strength is expressed in units of nA msec. For simulations using
only simple-cell inhibition, I; — I; connections were set to zero (because I — I connections can
create instability in such a network unless they are very weak, (Krukowski, 2000)). The remaining
connection strengths were 20 nA msec (LGN); 5 nA msec (E — E); 5 nA msec (I, = E) as
used previously for networks containing only simple cell inhibition with the synaptic depression
parameters used here (Krukowski, 2000). When a mixture of complex- and simple-cell inhibition
was included, the total synaptic weight received by a cell from each type of connection were: 25
nA msec (LGN); 4 nA msec (I = E); 10 nA msec (I, — I;); 8.5 nA msec (E = E, I;); 8 nA msec
(Is = E, I,). For simulations using only complex-cell inhibition, strengths were identical to these
except that all connections from I, cells were set to zero. These strengths were set empirically, in
a stepwise manner. First, LGN strengths were set to yield discernible tuning in a network without
intracortical connections (this needed to be higher than in the case of simple-cell-inhibition only
to overcome the increased inhibition to a preferred stimulus from complex cells); then I, —-E
connections were set to give reasonably sharp orientation tuning of E cells without too much
dampening of preferred responses; then E—E connections were set to give reasonable overall spike
rates to a preferred stimulus, and E—I; connections were set equal for simplicity; then I. —I;
connections were increased to yield sharp orientation tuning of I, cells; finally connections from
I; cells were set to give a reasonable inhibitory current modulation in E-cell responses, and were
set equal onto E and I cells for simplicity. In simulations of fig. 2.7, as indicated in the text, all
intracortical synaptic strengths from I, and from E cells were increased by 20%; synaptic strengths
from LGN and, when present, from I; remained at default levels.

Each simulation was started with a ’blank screen’ for one second with LGN cells firing at their
background rates to equilibrate the network, followed by an additional 0.25 seconds with a grating
stimulus to suppress transients before actually recording data for 1 second of simulated time as the
grating stimulus continued. For all figures except figs. 2.2 and 2.3, simulations were run at 40%
contrast with a grating oriented at 128° to avoid artifacts of the grid with the stimulus. Tuning
curves were calculated from 20 such simulations (with different random seeds for the Poisson spike
trains of the LGN inputs) and from responses of all cells with preferred orientations within +5°
of 128°. To determine orientation tuning curves (figs. 2.2 and 2.3), responses were obtained from
1 repetition of gratings having each of 18 orientations, from 8° to 178° by 10°, at each of the
indicated contrasts. Cells were binned by preferred orientation in bins of +5° around each grating
orientation; each bin’s tuning curve was determined, and the tuning curves of the different bins
were averaged together by equating the central orientation of each bin (representing orientation 0°
in fig. 2.2).
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2.2.3 Toy model

To assess the stabilizing effect of the push-pull inhibition we constructed a simple model consisting
only of current input to a simple cell. The firing rate of the cell is, r(t) = [I;7(t) + ITez(t) —
I. — I(t) — 6]*; with Ips(t) = [sin(t)]*, the thalamocortical input current; Io;(t) = r(t) X wez,
the excitatory recurrent input current; I, = C, the constant complex cell inhibitory current; and
I(t) = [ws x sin(t + 7)]*, the simple inhibitory cell push-pull current. ¢ is time in cycles, 6 the
firing threshold, we; the recurrent excitatory input strength, w, the simple inhibitory cell input
strength. [z]t = {z if z > 0; 0 otherwise}. In the presented simulations we vary C and wez,
and fix w; = 15, and @ = 0. Changing w, varies the stable regime for simple cell inhibition, and
increasing 6 has the same effect as increasing I.. The value w, = 15 was chosen to make excitatory
and inhibitory currents of roughly equal amplitude in fig. 2.8b. Any value of w; greater than 0
increases the stable area (fig. 2.8c), with a greater increase in area for larger w;.

2.2.4 Computing the effect of variability in integration times

In the Discussion we state a rough estimate of the effects of variability of LGN integration times
(Mukherjee and Kaplan, 1995; Saul and Humphrey, 1990) on the amplitude of temporal modulation
of the LGN input to a simple cell. It is obtained as follows. We consider the change in amplitude
in changing from 2 to 8 Hz drifting grating stimulation. To simplify, we assume that all of a cell’s
inputs are perfectly in phase at 2 Hz, and that their integration times are uniformly distributed
between —7 and 7 about some central value. As a conservative assumption we will take 7 to cover
the full range of experimentally observed integration times, even though an individual simple cell
receives LGN inputs with correlated temporal response properties (Alonso et al., 2001). Then at 8
Hz the phases will be uniformly distributed between —¢ and ¢ where ¢ = 2n7(6Hz) is in radians.
The sum of the inputs at their peak at 8 Hz, ignoring the effects of temporal integration for
simplicity, is then proportional to ffa& df cos(0) = 2sin(¢), whereas the sum at 2 Hz is proportional
to ff¢ df cos(0) = 2¢. Thus, the ratio of 8-Hz peak modulation amplitude to 2-Hz peak modulation
amplitude is R = sin(¢)/¢.

To apply this result, we consider a simple cell receiving only input from nonlagged X-cells,
because this is the only kind of input considered in this paper, and because most cat V1 cells
receive largely or exclusively X-cell input (Ferster, 1990a,b) and the majority have only or nearly
only nonlagged-type timing in their receptive fields (Saul and Humphrey, 1992a). Nonlagged X-cells
have a range of integration times spanning +35 msec (Saul and Humphrey, 1990) or less (Mukherjee
and Kaplan, 1995); setting 7 = .35 msec yields R = .73. Lagged X-cells have a broader range of
integration times ((£50 msec Saul and Humphrey, 1990), yielding R = .50. Cells that receive
a mix of nonlagged and lagged input appear to receive them in spatially segregated subregions
(Saul and Humphrey, 1992a), and could show greater demodulation due to the relative phase shift
between nonlagged and lagged inputs, which differ in mean integration time by 70 msec (Saul
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and Humphrey, 1990). However such cells are also likely to change their direction selectivity with
increasing temporal frequency (Saul and Humphrey, 1992b), thus analysis of the modulation to an
" optimal stimulus with changing temporal frequency becomes more complicated because the optimal
stimulus may change with temporal frequency.

2.3 Results

2.3.1 Model Overview

The model contains three cortical cell types found in cat V1 layer 4: orientation-tuned excitatory
and inhibitory simple cells with separate ON and OFF subfields, and inhibitory complex cells
untuned for orientation with ON-OFF receptive fields (RFs) (Hirsch et al., 2000). All cells receive
thalamocortical input selected probabilistically, the simple cell inputs chosen from ON-center inputs
overlying ON-subregions and OFF-center inputs overlying OFF subregions (Alonso et al., 2001;
Hubel and Wiesel, 1962; Reid and Alonso, 1995; Tanaka, 1983), and the complex cell inputs chosen
from all LGN cells whose RFs overlap. Cortical connectivity is also determined probabilistically,
with the most probable connections illustrated in the cartoon in fig. 2.1a. The simple
cells form synapses primarily to other cells with similar preferred orientation, according to the
correlation of their RFs. Excitatory synapses are formed to cells with correlated RFs (similar
preferred orientation and similar absolute spatial phase, meaning that ON-subregions of the two
cells tend to overlap in visual space and similarly OFF-subregions tend to overlap), and inhibitory
synapses are formed to cells with anti-correlated RFs (similar preferred orientation and opposite
absolute spatial phase, meaning that ON-subregions of one cell tend to overlap OFF subregions
of the other cell). The complex cells project randomly with equal (10%) probability to all simple
cells within 150 pm, and, for simplicity, do not receive any cortical input. The model contains
simple cells preferring all orientations and all spatial phases and a range of retinotopic positions.
In particular, the relative spatial phase (which refers to the locations of ON and OFF subregions
relative to the receptive field center) of each simple cell is assigned randomly; only receptive fields
with even symmetry are illustrated in Fig. 2.1, but these are not favored over other relative spatial
phases in the model.

We designed the architecture so that complex inhibitory cells would lack orientation tuning,
as observed, and the feedforward inhibition from the complex cells would cause both inhibitory
and excitatory simple cells to have sharp orientation tuning without responses to orientations
orthogonal to the preferred. As described in the Introduction, some simple inhibitory cells, while
sharply tuned, respond to all orientations (and thus could provide some of the untuned inhibition
needed to explain sharp orientation tuning of other simple cells). Similarly, some excitatory simple
cells in cats respond to all orientations (e.g. Azouz et al., 1997). For simplicity, we ignore these
facts and assume that the only orientation-untuned component of inhibition comes from complex
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Figure 2.1:

Overview of the model and its behaviour with different types of inhibition. (a) Cartoon of model circuit.
(b-d) Example synaptic current traces for a single excitatory cell when stimulating with a drifting grating;
excitatory input in black, inhibitory input in gray. Left, cell preferring the orientation of the grating;
right, cell preferring the orientation orthogonal to the grating. (b) Simple cell inhibition only. At the
preferred orientation, inhibitory current modulates with time in anti-phase with excitatory current. (c)
Complex cell inhibition only. Inhibitory current is unmodulated with time. (d) Both simple- and complex
cell inhibition. Inhibitory current at the preferred orientation has an unmodulated part arising from the
complex cell inhibition and a part modulated with time arising from the simple cell inhibition. The cell can
reach threshold when the excitatory synaptic current is larger than the inhibitory synaptic current, so the
response at the preferred orientation is similar in all three cases. At the orthogonal orientation the inhibitory
current dominates the excitatory current at all times and the cell will not fire.

cells; for further discussion, see section “Model homogeneity versus physiological heterogeneity” of
the Discussion.
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2.3.2 Background: The LGN Input to a Simple Cell

Before examining the effects of the model circuit, it is useful to review the nature of the LGN input
received by a simple cell in response to drifting gratings of various orientations (Troyer et al., 2002,
1998). In response to a preferred-orientation grating, the cell receives LGN input that is strongly
temporally modulated (e.g., see excitatory traces (black lines) in Figs 2.1b-d, left, although these
include intracortical as well as LGN excitation). This occurs because the preferred-orientation
grating causes all the LGN inputs to the simple cell to modulate their firing rates roughly in
phase with one another — peaking together, and reaching low or zero firing rates together - so that
the temporal modulations of the individual LGN inputs add constructively to produce a strongly
modulated total LGN input. In response to a grating oriented orthogonal to the cell’s preferred
(which we will refer to as the cell’s null orientation), the cell instead receives a roughly constant,
temporally unmodulated rate of LGN input (excitatory traces in Figs 2.1b-d, right). This input
is temporally unmodulated because the null-oriented grating drives different LGN inputs to the
cell at different times — some are reaching their peak rates when others are at their lowest rates
and others are in the middle — and so the temporal modulations of the individual LGN inputs
add destructively. Thus the total LGN input arrives at a constant, temporally unmodulated rate
corresponding to the sum of the mean firing rates of all the LGN inputs to the cell. This mean
rate of total LGN input is the same for gratings of any orientation, because the mean rates of the
individual LGN cells are independent of orientation. Thus, gratings of different orientations are
distinguished, not by the mean rate of LGN input they elicit, but by the temporal modulation
of that input, with the strongest temporal modulation elicited by a grating of the cell’s preferred
orientation and little or no modulation at the null orientation.

The mean rate of total LGN input to a simple cell grows with stimulus contrast, because the
mean rates of the individual LGN cells grow with contrast. This is a nonlinear effect: because the
mean luminance does not change with changes in contrast, the mean response also would not change
if LGN responses were linear in the image. It is induced by the fact that LGN firing rates cannot
decrease below zero, whereas they can increase to 100 Hz or higher, many times their background
level (10-15 Hz, e.g. Kaplan et al., 1987).

Because the mean input grows with contrast for all orientations, even a null-oriented stimulus
can elicit a high rate of LGN input at high contrast, higher even than the peak of the temporally
modulated input elicited by a preferred-orientation grating at sufficiently low contrast. Yet simple
cells show contrast-invariant tuning (Anderson et al., 2000b; Sclar and Freeman, 1982; Skottun
et al., 1987), so that they respond to their preferred orientation even at very low contrast and
often do not respond to the null orientation even at high contrast. This problem is solved by the
feedforward inhibition in our model network, as we now examine.
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2.3.3 Orientation tuning

In simulations using drifting grating stimuli, we can block the inhibition coming from one of the
two inhibitory cell types. If we block the complex cell inhibition, leaving only simple-cell inhibition,
we also have to turn off the I; — I; connections to avoid instabilities (Krukowski, 2000). (Unless
these connections are very weak, they lead to a winner-take-all competition between inhibitory
cells of similar preferred orientation and opposite spatial phase: between inhibitory cells of two
such opposite phases, only the one receiving more LGN input at any given time would be active.
Orientation tuning in the simple-cell-only model depends on the graded strength of antiphase
inhibition, so such winner-take-all behavior would greatly broaden the orientation tuning of the
excitatory cells.)

In this case, excitatory cells stimulated at their preferred orientation receive excitatory and
inhibitory synaptic input currents that modulate out of phase with one another, thus allowing the
cells to reach threshold and fire at some point in their cycle (fig. 2.1b, left). Cells preferring the
orthogonal orientation will receive a temporally unmodulated synaptic input from the LGN, re-
gardless of their preferred phase. Thus, an excitatory cell will receive both temporally unmodulated
LGN excitation and temporally unmodulated inhibition from inhibitory neurons of similar preferred
orientation and roughly opposite absolute spatial phase, which are equally driven by the LGN stim-
ulus; because the inhibition is dominant, the excitatory cells will not fire (fig. 2.1b, right). This
yields contrast-invariant orientation tuning for excitatory cells, while the inhibitory simple cells,
which do not receive inhibition, have responses that mirror the tuning of the LGN input: a response
component tuned for orientation atop a component untuned for orientation (fig. 2.2a and b).

As previously reported (Krukowski, 2000; Troyer et al., 1998), this result holds and responses are
stable for a wide parameter regime.

These inhibitory simple cells are largely simple according to the classical criteria of Hubel
and Wiesel (1962), in that they have spatially segregated ON and OFF subregions from which
their responses can be largely understood. Furthermore their responses to a preferred-orientation
drifting grating have a ratio of first harmonic to mean (F1/DC ratio) greater than 1, another
standard criterion for simple-cell behavior (Skottun et al., 1991). However, because they do not
themselves receive feedforward inhibition to counter the nonlinear nature of their LGN input, they
show several nonlinear response characteristics that are not typical of simple cells: their orientation
tuning is not invariant with stimulus contrast (Troyer et al., 1998), and they show a period-doubled
response to a counter-phase grating 90° out of phase with the cell’s receptive field (Wielaard et al.,
2001).

If we instead block the simple cell inhibition (both onto other simple inhibitory cells and onto
simple excitatory cells), leaving only complex-cell inhibition, the inhibitory synaptic current from
the complex cells into the excitatory simple cells at the preferred orientation is temporally unmod-
ulated. Since the excitatory synaptic current is temporally modulated, the membrane potential is
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Figure 2.2:

Orientation tuning of cells in the network. (a, b) Simple cell inhibition only. (a) Excitatory simple
cells display contrast-invariant orientation tuning. (b) Inhibitory simple cells have a component
tuned for orientation atop a component untuned for orientation, thus they have a response to all
orientations that increases with contrast. (c, d) Complex cell inhibition only. Both excitatory simple
cells (c) and inhibitory simple cells (d) display contrast-invariant orientation tuning. Complex cells
are untuned for orientation by design. When both complex- and simple-cell inhibition are included,
simple cell responses remain as in (¢, d) (not shown). Error bars in this and subsequent figures are
+1 standard error of the mean. Here and in subsequent figures tuning curves show the mean (DC)
response of the cells. Tuning of the first harmonic (F1) of the response is similar in all cases.

still able to periodically reach threshold so the cell will respond (fig. 2.1c, left). For cells preferring
the orthogonal orientation, both synaptic currents are unmodulated, so that the dominant inhibi-
tion prevents responses (fig. 2.1c, right). The only difference from the previous case (fig. 2.1b, right)
is that the inhibitory synaptic current is now coming from the complex inhibitory cells rather than
from the simple inhibitory cells. The inhibitory simple cells receive the same type of input, both
excitatory and inhibitory, as the excitatory simple cells, so both types of simple cells now display
contrast-invariant orientation tuning (fig. 2.2c and d).

If both types of inhibition are used, there is an extra contribution of temporally modulated in-
hibitory synaptic current at the preferred orientation (fig. 2.1d left). This extra current is antiphase
with the excitatory synaptic current at the preferred orientation, and goes away at non-preferred
orientations (because the inhibitory simple cells do not respond at these orientations, fig. 2.2d)
and so does not affect the orientation tuning curves, which remain the same as in figs. 2.2¢c,d (not
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shown).
Achievement of sharp, contrast-invariant orientation tuned responses via complex-cell inhibition

requires relatively tight tuning of inhibitory strength (fig. 2.3). If the complex-cell inhibition

Figure 2.3:
Tuning of the excitatory cell responses
as a function of complex cell inhibition,
for constant excitatory strength and no

Exc. cell responses simple cell inhibition. Left axis and black
curve show half-width at half height of

75 100 ﬁ the orientation tuning curve (x 10% con-

o I
— = trast, x 20% contrast, o 40% contrast,
o 80 o . . L
.8 50 » o 80% contrast). Orientation tuning is
; kg 60 8 lost when the inhibition is below about
I ¥ LI 40 % 3.5 na msec. For high levels of inhibition
< 25 * ) e the response to low contrasts is close to
T 20 é the spontaneous activity of the cells, so
0 0 = the orientation tuning appears broader.
3 4 5 6 Right axis and gray curve show the re-
Total complex cell inhibition sponse to a preferred.-orlentatlon stimulus
(n A msec) at 80% contrast. This response decreases

sharply with inhibition, and has a physio-
logically realistic level of 20-40Hz for com-
plex cell inhibition around 4 nA msec, a
level that also produces contrast-invariant
orientation tuning. 4nA msec is the value
used in the simulations.

is too weak, responses at non-preferred orientations are not suppressed and orientation tuning
becomes very wide (fig. 2.3, black line). If the complex-cell inhibition is too strong, responses at
preferred orientations are suppressed, so overall responses become very weak (fig. 2.3, gray line), and
contrast-invariance of tuning is lost at low contrasts. Only a relatively narrow range of complex-
cell inhibitory strengths around the value of 4 nA-msec used in our simulations achieves sharp
contrast-invariant tuning with realistic response levels. This is quite different from the case in which
inhibition comes only from simple cells. In that case, because simple-cell inhibition is antiphase to
excitation, even very strong inhibition does not interfere with preferred-orientation responses, so
a wide range of inhibitory strengths give realistic responses (Troyer et al., 1998). Physiologically,
homeostatic mechanisms (Turrigiano and Nelson, 2000) can adjust the overall level of a cell’s

inhibition (and excitation) to keep its firing rate within a reasonable range, so such mechanisms may
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provide the relatively fine tuning of overall inhibitory strength required by complex-cell inhibition.

2.3.4 Spatial frequency tuning

Given complex-cell inhibition, what role does simple-cell inhibition play? For simple-cell inhibition
to play a role in shaping the responses of the cells, it must interfere with the excitatory drive
underlying responses. At the preferred orientation and spatial frequency, the antiphase simple-
cell inhibition is significant only during temporal phases in which complex-cell inhibition already
dominates excitation, and so it has little effect. However, if the spatial frequency of the stimulating
drifting grating does not match the spatial frequency preference of the cells (roughly given by the
spatial frequency component of the Gabor filter, 0.8 cycles/degree), then simple-cell inhibition can
impact responses. For example, for a drifting grating stimulus of 0.4 cycles/degree, simple-cell
inhibition rises (fig. 2.4b) at times when complex cell inhibition and excitation are comparable
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Figure 2.4:

Spatial frequency tuning of simple cells is sharpened by simple cell inhibition. (a, b) Excitatory
(black) and inhibitory (gray) synaptic currents vs. time for a grating at a low spatial frequency
(0.4 cycles/degrees). (a) Complex cell inhibition only. (b) Simple- and complex cell inhibition.
The modulated component of the inhibition interferes in time with the excitatory current, thus
decreasing the firing rate of the cells. (c) Response of the excitatory simple cells when stimulating
with gratings of different spatial frequencies. Complex cell inhibition only in black; simple- and
complex cell inhibition in gray. Arrow shows frequency of the Gabor function defining simple cell
receptive fields. Adding simple cell inhibition suppress the response for frequencies away from this
Gabor frequency, thus sharpening the spatial frequency tuning of the simple cells. (d) Response of
inhibitory simple cells, conventions as in (c).
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(fig. 2.4a), so that responses away from the preferred spatial frequency are somewhat suppressed by
the addition of simple-cell inhibition (fig. 2.4c,d). Thus, the simple-cell inhibition serves to sharpen
the spatial frequency tuning of the simple cells. ,

To study how this inhibition serves to sharpen the spatial frequency tuning, we examined the
dependence of spatial frequency tuning on the strength of simple-cell inhibition. The half-width
at half height (HWHH) of the spatial frequency tuning curve decreases with increasing simple-cell
inhibitory strength until this strength reaches around 8 nA msec, the default level of simple-cell
inhibitory strength used in our simulations with a mix of simple- and complex-cell inhibition, at
which point the HWHH reaches a plateau level (fig. 2.5). This sharpening is primarily due to an
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increase in the low spatial frequency cut-off of the cells, defined as the spatial frequency below the
peak at which spike response is 50% of the peak response. There was no systematic change in the
high spatial frequency cut-off with simple cell inhibition (not shown). So there is a maximal level
of simple cell inhibition beyond which further increases do not further sharpen spatial frequency
tuning, and this sharpening is mainly achieved by reducing the response to gratings of low spatial
frequency.

2.3.5 Temporal frequency tuning

We have previously shown that the model with only simple-cell inhibition can explain the fact that
cortical neurons have temporal frequency high-cutoffs at much lower frequencies than LGN cells
(Krukowski and Miller, 2001). The explanation relied on two elements: NMDA-receptor-mediated
conductances (which we will abbreviate simply as “NMDA”) in synapses from LGN to excitatory
cells act as a low-pass filter, reducing the temporal modulation of the excitatory input at higher
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frequencies and thus largely reducing this input to its mean; and the dominant inhibition prevents
responses to the mean excitation. Note that this explanation requires that some inhibitory neurons
respond to the high temporal frequencies that drive LGN cells.

This explanation of temporal frequency tuning also works with complex-cell inhibition, and in
this case is even more powerful: because complex-cell inhibition is not modulated at the opposite
phase as the excitation, less demodulation of the excitation is required for the inhibition to domi-
nate the excitation, and so temporal frequency high-cutoffs occur at lower frequencies than in the
previous model. Assuming that NMDA constitutes 75% of the current in LGN synapses onto ex-
citatory cells, which corresponds to observations in rat thalamocortical slices (Crair and Malenka,
1995), the resulting temporal frequency tuning of excitatory simple cells shows little or no response

above 4 Hz (fig. 2.6a). The complex inhibitory cells, in contrast, have temporal frequency
a Exc.simplecells ¢ Response to 1Hz grating
£ 50 e Complex cell inh. only £ 40'
P Simple and complex cell inh. g
§ 30 @ a5
20
T o == 28

-

2 4 8 16 32 5 10 15
Temporal frequency (Hz) Total simple cell inh. (nA msec)

(=)

b Inh. complex cells d High-frequency cutoff
gwo ) T2
g 75 - /\ Zs -
g = g !
T O 2 & 1 a2 Y %2 os o8 o8
Temporal frequency (Hz) Fraction NMDA

Figure 2.6:

Temporal frequency tuning of simple cells is not dependent on simple cell inhibition. (a) Response of
the excitatory simple cells when stimulating with gratings of increasing temporal frequency. Black,
only complex-cell inhibition; gray, both simple- and complex-cell inhibition. Temporal frequency
cut-off is similar in both cases. Temporal frequency cut-off for inhibitory simple cells is the same
(not shown). (b) Temporal frequency tuning for the complex inhibitory cells follows the tuning of
the LGN input. (c) Response to stimulation with a drifting grating at 1 Hz for increasing simple
cell inhibition. The response decreases until simple cell weights reach around 6 nA msec, and then
levels off. (d) The high temporal frequency cut-off as a function of the NMDA fraction in the
thalamocortical synapses. The cut-off is similar both for complex cell inhibition only (black) and
combined simple- and complex cell inhibition (gray).

tuning that follows that of our model LGN input, cutting off above 16 Hz (fig. 2.6b). Defining the
high-frequency cutoff as the temporal frequency above the peak at which the mean spike response
is reduced to 50% of the peak response, the cutoff of simple cells is close to 2 Hz. This is on the
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low side, but still within the range of cells reported experimentally (e.g., Freeman et al., 2002;
Movshon et al., 1978). Decreasing the fraction of NMDA in the thalamocortical synapses to the
excitatory cells decreases the demodulation of the excitatory input at higher temporal frequencies,
and hence causes the high-frequency cutoff to increase (fig. 2.6d). If the proportion of NMDA is
halved from the amount we have assumed, then the cutoff is around 6 Hz, which is a representative
experimental cutoff value for cortical cells (DeAngelis et al., 1993; Freeman et al., 2002; Holub and
Morton-Gibson, 1981; Ikeda and Wright, 1975; Movshon et al., 1978; Saul and Humphrey, 1992b).
In simulations without NMDA, we find that cortical temporal tuning closely follows LGN tuning
(not shown).

Addition of simple-cell inhibition up to about 6 nA msec causes a decrease in the response to
gratings at low temporal frequencies (fig. 2.6c). Because the simple-cell inhibition does not affect
the response at higher temporal frequencies, it does not have a significant effect on the temporal
frequency cut-off (fig. 2.6d).

Temporal frequency tuning of inhibitory simple cells in the model is largely identical to that of
excitatory simple cells (not shown). This is easily understood since the inhibitory simple cells in the
model receive the majority of their excitatory drive from excitatory simple cells, and so their overall
tuning follows that of this excitatory drive. We have not included NMDA in LGN synapses onto
inhibitory cells, so the LGN-driven component of excitation does not demodulate with increasing
temporal frequency and hence yields tuning like that of the LGN inputs, adding a small excitatory
component at higher temporal frequencies to inhibitory simple-cell responses. Both factors, the
relative strength of their feedback vs. feedforward excitatory drive and the proportion of NMDA, if
any, in their LGN synapses, shape the temporal frequency tuning of inhibitory simple cells. Since
these are not well experimentally constrained, we cannot make strong predictions as to the exact
temporal frequency tuning of the inhibitory simple cells, other than to point out how it will be
controlled by these two factors.

2.3.6 Network stability

The network including only simple cell inhibition is stable for a fairly large parameter regime (Troyer
et al., 1998). Here we show that the network including only complex cell inhibition is fragile and
prone to at least one form of instability, and that simple cell inhibition can help to expand the
stable parameter regime.

If we increase all intracortical synaptic weights, both excitatory and inhibitory, by 20% in a
network with only complex-cell inhibition, a drifting grating of one orientation evokes tonic firing
from cells preferring all orientations (fig. 2.7a). The recurrent excitatory synaptic current builds
up over time, resulting in uncontrolled firing (fig. 2.7c and e). Adding simple cell inhibition restores
the network to a stable firing state (fig. 2.7b, d, f). The increased inhibitory synaptic current from
the simple cells acts to 'reset’ the network during non-responsive phases of the stimulus, shutting
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down overactive cells and stabilizing the network.

To explore the conditions for this stabilization effect to occur, we constructed a toy model
of a simple cell receiving four input currents: a thalamocortical input modulated with time, a
recurrent excitatory input proportional to the activity of the cell, a complex-cell inhibitory input
that is constant with time, and an antiphase simple-cell inhibitory input modulated with time. The
response of the cell, r, is the difference between its excitatory and inhibitory inputs, rectified over a
threshold, 6. For fixed threshold and simple cell inhibitory strength we can determine the stability of
the model for a range of excitatory recurrent strengths and inhibitory complex strengths. Defining
the stable regime as one in which the response of the cell is larger than a minimum response, but
does not grow indefinitely, we can compare the size of the stable regime with- and without simple
cell inhibition (fig. 2.8c¢). For both scenarios, the minimum desired activity is found for the
same parameters, since simple-cell inhibition is out of phase with excitation. But the size of the
parameter regime in which the activity does not grow indefinitely is significantly increased when
including antiphase simple-cell inhibition. For the fixed parameters used here, the ratio of the area
of the two stable regimes is about 2:1. The degree of this increase depends on the strength of the

simple-cell inhibition, but even very weak simple-cell inhibition causes an increase in area of the
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Figure 2.8:
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stable regime (not shown). So qualitatively we can conclude that simple-cell inhibition increases
the size of the stable regime, though we cannot draw a parameter-free conclusion as to the size
of this increase. Comparing the relative size of the inhibitory and excitatory traces in fig. 2.7f to
those in fig. 2.8b indicates that the simple-cell inhibitory strength in the toy model that achieves a
2:1 increase in stability is comparable to the strength in the full model.

2.4 Discussion

We have shown that feedforward inhibition from complex inhibitory cells that are untuned for
orientation, as observed by Hirsch et al. (2000) in cat V1 layer 4, can combine with feedforward
excitation from LGN inputs to explain the sharp, contrast-invariant orientation tuning of layer 4
simple cells. Assuming that these inhibitory cells follow the LGN inputs in their temporal frequency
tuning, and given NMDA-receptor-mediated conductances in LGN synapses, this can also explain
the low-pass temporal frequency tuning of simple cells. However, the parameter regime where this
is achieved is restricted. Given complex cell inhibition, antiphase simple-cell inhibition acts to

somewhat sharpen the spatial-frequency tuning of simple cells, to reduce their responses to low-
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temporal-frequency stimuli, and to help stabilize the network, somewhat expanding the allowable
parameter regime.

2.4.1 Model Predictions

Predictions of the model include:

1. Simple cells receiving significant thalamic excitation should receive a comparable level of
orientation-untuned inhibition, yielding detectable conductance changes in response to a stim-
ulus oriented perpendicular to the preferred. Such conductance changes were seen in some
but not all simple cells studied by Anderson et al. (2000a); cells receiving little thalamic input
could inherit their tuning from cells receiving such input and hence would not require such
conductance changes.

2. Complex inhibitory cells should have temporal frequency tuning like that of the LGN inputs,
responding to high temporal frequencies to which few other cortical cells respond. This
gains some support from results in rabbit somatosensory (Swadlow, 1989, 1991) and motor
(Swadlow, 1994) cortex that suspected interneurons follow much higher temporal frequencies
of peripheral stimulation than other cortical cells.

3. Thalamocortical synapses onto excitatory cells should include a significant NMDA-receptor-
mediated component. This agrees with slice studies of thalamocortical synapses (Crair and
Malenka, 1995; Gil and Amitai, 1996) and with some (Miller et al., 1989) but not other (Fox
et al., 1989) studies of V1 physiology.

In addition, assumptions as to circuit structure need testing. We assumed that simple inhibitory
cells in layer 4 receive strong LGN input that is specifically arranged like that of other simple cells
(Alonso et al., 2001; Reid and Alonso, 1995; Tanaka, 1983) and make connections that tend to be
antiphase (Anderson et al., 2000a; Ferster, 1988; Hirsch et al., 1998); and that complex inhibitory
cells in layer 4 receive strong LGN input that is nonspecific, and project nonspecifically to other
cortical cells.

2.4.2 Complex-cell feedforward inhibition as a solution to the problem posed
by the LGN inputs

The problem posed by the LGN inputs to a simple cell is that the mean rate of LGN input grows with
contrast both at non-preferred orientations and at high temporal frequencies, yet most excitatory
simple cells do not respond to these stimuli. The solution we have proposed is that broadly-tuned
feedforward inhibition cancels this mean input, allowing responses only to the peaks of temporally
modulated excitatory input. This inhibition might arise from orientation-untuned complex cells
(this paper) or simple cells that respond to all orientations (previous work). Since Hirsch (private

44



communication) found a minority of inhibitory simple cells respond strongly to all orientations (see
Introduction), both types of inhibitory cells may actually contribute; we have focused on a single
type for simplicity.

We argue that a significant part of this inhibition must be feedforward, for two reasons. First,
in response to the positive pulse of LGN input evoked by transient non-preferred stimuli such as a
high-contrast flashed bar or grating of the cell’s null orientation, the inhibition must arrive in time
to prevent spiking (e.g., see Felsen et al., 2002; Gillespie et al., 2001, for evidence that many cat
V1 cells do not respond to such stimuli). The stimulus evokes a positive pulse of input because it
excites some LGN inputs to the simple cell and inhibits others, and those that are excited can raise
their firing rates much more strongly than those that are inhibited can lower theirs. Fast-spiking
inhibitory cells have higher resistances and lower thresholds than excitatory cells (McCormick et al.,
1985) and thus can respond very rapidly (e.g., within 0-1 msec after thalamic action potentials
reach cortex in rabbit somatosensory cortex, Swadlow, 1995), hence these cells can spike in time to
prevent spiking in excitatory cells (Somers et al., 1995). Consistent with this, shocks to LGN elicit
in LGN-recipient cortical cells a short depolarization followed, before spike threshold is reached, by a
massive hyperpolarization (e.g., Ferster and Jagadeesh, 1992) induced by inhibitory neuronal firing.
Second, the required inhibition seems likely to be driven by LGN rather than cortical excitation
because it must be driven by stimuli that excite LGN cells but do not excite most cortical cells.
However, the minority of excitatory simple cells that do respond to the stimulus - a very small
minority in the case of high-temporal-frequency stimuli (Freeman et al., 2002) - might provide
this excitatory drive for steady-state rather than transient stimuli. The inhibitory cells may of
course also receive excitation from cortical cells; we only argue that the LGN-driven component of
inhibition seems necessary and is sufficient to shape simple cell orientation and temporal-frequency
tuning.

The solution via complex-cell inhibition requires relatively fine tuning of overall complex-
inhibitory strength. However, no further specificity of these connections is needed - it suffices that
complex cells receive topographic but otherwise nonspecific LGN input and project nonspecifically
to nearby cortical cells. Thus, homeostatic mechanisms that can control overall inhibitory strength
(Turrigiano and Nelson, 2000) could suffice to guide development of this inhibition. Hebbian mech-
anisms can guide development of inhibitory and excitatory simple-cell connections (Kayser and
Miller, 2002).

The inclusion of complex-cell inhibition is consistent with experiments suggesting a “push-
pull” arrangement of excitation and inhibition onto simple cells. Dark elicits inhibition in the RF
where light elicits excitation and vice versa (Ferster, 1988; Hirsch et al., 2000). This is consistent
with inhibition that is antiphase to excitation, but also with partly or entirely phase-nonspecific
inhibition along with phase-specific excitation - excitation, when evoked, overwhelms inhibition,
and otherwise inhibition is seen. In response to optimal drifting gratings, the evoked inhibitory
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conductance in simple cells shows both a mean or DC component, and a temporal modulation that
is nearly antiphase to that of excitatory conductance (Anderson et al., 2000a). This is consistent
with a circuit containing only antiphase simple-cell inhibition, because factors that cause inhibitory
simple-cell firing rates to increase from background more strongly than they decrease, such as
excitatory feedback and the minimum firing rate of zero, induce a DC. However, it is also consistent
with a combination of antiphase simple-cell inhibition and complex-cell inhibition.

The orientation tuning of inhibition to simple cells is strongly peaked at the preferred orienta-
tion, dropping to low values at the orthogonal orientation (Anderson et al., 2000a; Ferster, 1986;
Martinez et al., 2002, but see Monier et al., 2003). This suggests that orientation-tuned simple-cell
inhibition is much stronger than orientation-untuned complex-cell inhibition.

2.4.3 Alternative solutions to the problem posed by the LGN inputs

With respect to orientation tuning, an alternative possible source of inhibition is cross-orientation
inhibition: inhibition, in response to non-preferred orientations, arising from more distant tuned
neurons preferring those orientations. Such inhibition would have to be weak since inhibition
driven by the cross orientation is typically weak in layer 4 (Anderson et al., 2000a; Ferster, 1986;
Martinez et al., 2002). There is no need to invoke such inhibition given the presence of untuned
local inhibition (Hirsch et al., 2000). Such local inhibition can also explain temporal frequency
tuning, which could not be explained by cross-orientation inhibition.

Related proposals were made in a model of monkey V1 layer 4 (McLaughlin et al., 2000; Wielaard
et al., 2001). In this model, all cortical cells, both excitatory and inhibitory, receive simple-cell
patterns of LGN input and nonspecific, inhibition-dominated input from other cortical cells, both
excitatory and inhibitory, within a given radius. The result is that cells receive phase-nonspecific
feedforward inhibition, similar to our complex cell model. However, the absence of a phase-specific
inhibitory component is inconsistent with findings in cats that inhibitory conductance to a drifting
bar or grating is temporally modulated, roughly antiphase to excitatory conductance (Anderson
et al., 2000a; Ferster, 1986, 1988). Furthermore, this connectivity scheme predicts that cells in
linear zones of the orientation map respond to all orientations, while cells near orientation pinwheels
show sharp orientation tuning (but see Kang et al., 2003). This is incorrect in cats, where pinwheel
and linear zone cells show spiking orientation tuning of the same width (Maldonado et al., 1997;
Schummers et al., 2002). Pinwheel cells show broader voltage orientation tuning than linear zone
cells (Schummers et al., 2002); while it is unclear whether this holds in layer 4, this is suggestive of a
distance-dependent component of connectivity that is excitation- rather than inhibition-dominated,
which we have neglected. Finally, this connectivity scheme predicts that simple cells showing sharp
orientation tuning should receive roughly equal intracortical inhibition in response to stimuli of all
orientations, whereas cat layer 4 simple cells have inhibitory tuning that is strongly peaked at the
preferred orientation (Anderson et al., 2000a; Ferster, 1986; Martinez et al., 2002).
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Synaptic depression acts in some respects as a high-pass filter (Abbott et al., 1997; Tsodyks and
Markram, 1997) and so might eliminates changes in the mean LGN input, leaving only temporal
modulations of that input. This could reduce or eliminate the need for feedforward inhibition. Our
explorations to date suggest that, while synaptic depression can reduce the stimulus-induced mean
LGN input to a simple cell, it cannot eliminate it except at the lowest temporal frequencies (1-2
Hz) with very strong depression (‘train’ parameters of Kayser et al., 2001b; vs. the weaker ‘pulse’
parameters used here, which do not eliminate the untuned mean LGN input, e.g. see Fig. 2.2b).
In the course of a previous study (Kayser et al., 2001b), we found that even with strong (‘train’)
depression, inhibition was required to obtain contrast-invariant orientation tuning. Furthermore,
including such strong depression tends to eliminate the differences between stimulus contrasts, so
that, after incorporating the contrast saturation of LGN responses (e.g., Cheng et al., 1995; Sclar,
1987), cortical cells tend to saturate at significantly lower contrasts than observed experimentally
(Kayser et al., 2001b).

Strong depression might render voltage responses to high-temporal-frequency stimuli small
enough that an appropriate threshold could explain the high-frequency cutoff of cortical cells with-
out requiring that such stimuli evoke inhibition. However, preliminary investigations suggest that,
in this scenario, an appropriate threshold for high-contrast stimuli will unrealistically suppress
responses to low-contrast stimuli.

2.4.4 Inhibitory neurons in other systems and the function of simple inhibitory
neurons

Studies in a variety of cortical systems in rodents and rabbits have identified “suspected interneu-
rons” (SINS) in extracellular recording and found that SINS are broadly tuned or untuned for the
parameters for which other nearby cells are tuned (Bruno and Simons, 2002; Miller et al., 2001;
Simons and Carvell, 1989; Swadlow, 2003; Swadlow and Gusev, 2002; Swadlow, 1988, 1989, 1990,
1991, 1994, 1995; Swadlow and Weyand, 1987). In particular, in rabbit V1, SINS are untuned for
orientation and have mixed ON/OFF receptive fields like the complex cells studied here, whereas
most other cells are tuned (Swadlow, 1988). The basis of this, at least in rat S1 whisker barrels (layer
4), is that SINS unselectively pool large numbers of functionally diverse thalamic inputs, receiving
input on average from 65% of the thalamic neurons representing the same whisker (Bruno and Si-
mons, 2002; Swadlow and Gusev, 2002). The high probability (> 0.6) of gap junction connections
between nearby interneurons of a given physiological type (fast-spiking or low-threshold-spiking)
(Galarreta and Hestrin, 1999, 2001, 2002; Gibson et al., 1999) also suggests that rodent interneu-
rons are functionally nonspecific. (Note that the simple/complex interneuron distinction in cat V1
does not correspond to this FS/LTS distinction, J. Hirsch, private communication.)

These unselective inhibitory neurons receiving unselective thalamic input seem analogous to
the complex inhibitory neurons reported by (Hirsch et al., 2000). In contrast, simple inhibitory
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neurons, which have equally selective orientation tuning and subregion structure as their excitatory
neighbors, are likely to receive specifically arranged ON and OFF LGN inputs like other simple
cells (Reid and Alonso, 1995; Tanaka, 1983). It seems unlikely that they could show extensive gap
junction coupling without losing their phase specificity, since simple cells of all preferred spatial
phases are likely to be present in a local region (e.g., DeAngelis et al., 1999). We suggest that the
complex-cell interneurons correspond to the rodent and rabbit SINS, while simple-cell interneurons
either correspond to an as yet unreported type of interneuron in, or are an evolutionarily new type
of interneuron not found in, rodents and rabbits.

If simple-cell interneurons are evolutionarily new, the question arises what function they serve.
The answers we have found here - sharpening spatial frequency tuning, reducing low-temporal-
frequency responses and increasing network stability — are not large effects. The question remains
open.

2.4.5 Model homogeneity versus physiological heterogeneity

In our model, all LGN cells have identical response properties except for ON vs. OFF structure
and retinotopic position, and all cortical cells receive LGN inputs specified by an identical Gabor
function except for orientation, phase and retinotopic position. In reality, there is much variability in
LGN spatial (Cheng et al., 1995; So and Shapley, 1981) and temporal (Derrington and Fuchs, 1979;
Freeman et al., 2002; Hamamoto et al., 1994; Lehmkubhle et al., 1980; Mukherjee and Kaplan, 1995;
Saul and Humphrey, 1990; Sclar, 1987) response properties and in cortical Gabor filters (DeAngelis
et al., 1999, 1993; Jones and Palmer, 1987) and temporal response properties (Albrecht, 1995;
DeAngelis et al., 1999, 1993; Freeman et al., 2002; Ikeda and Wright, 1975; Movshon et al., 1978;
Saul and Humphrey, 1992b). By ignoring this diversity, we are able to focus on basic principles: how
feedforward inhibition can eliminate the orientation-untuned and high-temporal-frequency mean
LGN input to yield sharp orientation tuning and, along with thalamocortical NMDA receptors,
low-pass temporal frequency tuning.

These same principles would apply in the presence of response heterogeneity. However, het-
erogeneity might lessen the problem to be solved. For example, some simple cells respond to all
orientations (e.g. Azouz et al., 1997), suggesting that they receive less feedforward inhibition rela-
tive to feedforward excitation (and perhaps less recurrent excitation to keep response strength in a
reasonable range) and/or have more broadly tuned Gabor functions describing their LGN inputs.
Simple cells with lower temporal frequency cutoffs might receive LGN inputs with lower cutoffs;
consistent with this, Alonso et al. (2001) found significant correlation between the temporal proper-
ties of a cortical cell and its LGN inputs. This could lessen the amount of NMDA and/or strength
of inhibition needed to explain the discrepancy between LGN and cortical cell tuning. However,
a significant discrepancy would almost certainly remain, given the large overall difference between
LGN and cortical temporal tuning (Freeman et al., 2002). Variation in integration times of LGN
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inputs would cause dispersal in phase of LGN responses at higher temporal frequencies, yielding
temporal demodulation of LGN input and thus reducing the required NMDA. However, one can
estimate (see Methods) that this decrease in amplitude between 2 and 8 Hz should be 27% or less
for the majority of V1 cells. In contrast, NMDA levels that mimic cortical tuning (1/2 our default
level, see Results) yield 60% diminution under comparable conditions (LGN firing rate amplitudes
constant across frequency; no synaptic depression), suggesting significant NMDA would remain
required. Diversity in cortical temporal tuning could be explained by inter-cell diversity in the
tuning or the range of integration times of LGN inputs, in the degree of NMDA on thalamocortical
synapses, and/or in the strength of feedforward inhibition received. In sum, the principles found
here would not be undermined by considering heterogeneity, and conversely they suggest means by
which heterogeneity might be achieved.

Thalamic-recipient simple cells receiving relatively little feedforward inhibition should (1) re-
spond well to all orientations and (2) have higher temporal frequency cutoffs than typical. Although
each response property can have other causes, it would be intriguing to search for a correlation

between these response properties in layer 4 cells.
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Chapter 3

Effects of noise and its correlations

Abstract

The orientation tuning bandwith of cells in V1 is invariant to contrast stimulus. We have previoulsy
shown that this can arise from the combination of feedforward LGN input and dominant feedforward
inhibition. Recent results from Ferster’s group suggest that the combination of voltage noise and
contrast-invariant tuning of the mean membrane potential yields contrast-invariant spike responses.
In a single cell model we have found that balanced or dominant intracortical inhibition is necessary
for the voltage tuning to become contrast invariant, and that as expected, voltage noise converts
this voltage tuning into contrast-invariant spiking tuning.

Here we introduce the physiological noise levels in a network model of spiking neurons and
verify the single cell results. Further we show that increased synchronization of the noise between
the cells decreases the spontaneous activity of the cells, while it increases their gain as well as shifts
their temporal-frequency tuning in the presence of visual stimuli.
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The orientation selectivity of the spiking of cells in primary visual cortex (V1) remains constant
with contrast, a phenomenon known as contrast-invariant orientation tuning. Understanding the
circuitry underlying these response properties remains a central problem in systems neuroscience
(e.g., Ferster and Miller, 2000) and serves as a model problem for understanding cortical processing.

Recent results from the Ferster group reveal that the combination of voltage noise and contrast-
invariant tuning of the voltage yields contrast-invariant spike responses. We have previously shown
that the voltage fluctuations in the Ferster group’s raw data are reasonably described by an
Ornstein-Uhlenbeck process and, in a single-cell model, that the contrast-invariant spike tuning
is only achieved when the inhibition received by a cell balances or dominates the excitatory input
to it (Palmer and Miller, 2002, 2003). This inhibition is required to cancel the untuned mean (DC)
component of the LGN input and thus allow voltage tuning to be contrast-invariant. However, in
a single-cell model the voltage DC did not show the orientation tuning seen in Ferster’s data.

Here we include the in vivo noise level in a large-scale network model previously introduced
(Lauritzen and Miller, 2003a). We show that the network connectivity can provide the contrast-
invariant voltage tuning, including an orientation-tuned voltage DC, and verify that this yields
contrast-invariant spike tuning. We further address the effect of correlation of noise in the network
and find that the contrast-invariance of orientation tuning is stable even for large correlations
between the membrane potential fluctuations of individual cells. Correlations in the noise input to
the network has two different effects on the membrane potential of the cells in the presence and
absence of stimuli: in the absence of stimuli they reduce the amplitude of the noise fluctuations
and lower the mean. These effects occur because the increased correlation of the inhibition in the
network acts to suppress fluctuation-induced responses. Both effects work to reduce the firing rate
of the cells. In the presence of stimuli, correlations of the noise input increase the gain of the cells.

An abstract of this work has appeared previously (Lauritzen and Miller, 2003b).

3.1 Materials and Methods

The model we study is similar to a model previously described (Lauritzen and Miller, 2003a) (which
was a modification of a previous model (Troyer et al., 1998)), with the major differences (1) that
we have included physiological noise conductances governed by the Ornstein-Uhlenbeck process,
and (2) that we have introduced different levels of correlation between the noise conductances of
the cells in the model. The detailed methods are as in (Lauritzen and Miller, 2003a) except where
otherwise described. Here we present the basics of the model along with the present additions.

3.1.1 Model Input.

The input to our model comes from 7200 LGN X-cells arranged in four overlying 30 x 30 sheets of
ON cells and four similar sheets of OFF cells, with ON and OFF lattices offset by one-half square



lattice spacing, covering 6.8 x 6.8° of the visual field. We use four overlying sheets because we
assume each LGN X-cell receives input from a single retinal ganglion (RG) X-cell, and each RG X-
cell projects to 4 LGN X-cells (as in Worgotter and Koch, 1991; this value is intermediate between
values from Sherman, 1985 and Peters and Yilmaz, 1993). LGN firing rates in response to a drifting
grating were calculated by assuming rates were sinusoidally modulated, up to rectification at zero
rate, about background rates of 10 and 15 Hz for ON and OFF cells respectively. The amplitude
of the sinusoidal modulation was chosen so that the first harmonic (F1) of the rectified responses
matched experimental values from one published X-cell (Fig. 1 Sclar, 1987). We used this data as
it, to our knowledge, is the only published data that includes responses both at multiple contrasts
and temporal frequencies. This data determined the amplitude as a function of temporal frequency
and contrast; this amplitude was then scaled by a factor reflecting the spatial frequency of the
grating, given by the spatial frequency transfer function computed from the spatial receptive field
of LGN cells as given in (Troyer et al., 1998), with the transfer function scaled so that its peak
value is 1. Spikes were then generated from these LGN firing rates in a random (Poisson) fashion.
Overlying LGN cells have 25% correlation in their spike trains, matching data showing correlations
among LGN cells with overlapping RFs (Alonso et al., 1996).

3.1.2 Model architecture.

The model consists of a grid of 40 x 40 excitatory simple cells (E) and two grids of 15 x 15
inhibitory cells, one of simple cells (I5) and one of complex cells (I.) (Hirsch et al., 2003). All cells
represent layer 4 cells, representing a 2/3 x 2/3 mm patch of cortex, corresponding to 0.75 x 0.75°
in visual angle.

Each simple cortical cell was assigned a Gabor-function describing its RF, with orientation given
by a measured orientation map from cat V1, spatial frequency of 0.8 cycles/degree, retinotopic
position progressing uniformly across the sheet, and spatial phase assigned randomly to each cell.
The precise parameters used for the Gabor functions were those specifying the “broadly tuned” cells
in Troyer et al. (1998), reproducing the observed (Anderson et al., 2000a; Ferster et al., 1996) 35°
half-width at half-height of the orientation tuning of intracellular voltage modulations in response
to optimal sinusoidal gratings. The connection strength from LGN cells to a cortical simple cell
was determined as in Troyer et al. (1998) by a probabilistic sampling of the cell’s Gabor function,
where positive regions of the Gabor are converted to probabilities of a connection from an ON-cell
centered on that point, and negative regions converted to probabilities of OFF-cells connecting.

The complex cell RFs were constructed to have dimensions comparable to the simple cells, but
round. The LGN connections were determined with the same algorithm as for the simple cells
with the difference that a random number was assigned as the phase for each possible connection,
resulting in mixed ON-OFF RFs untuned for orientation, with the same amount of LGN input as
the simple cells(Lauritzen and Miller, 2003a).
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Cortical cells were modeled as single-compartment conductance-based integrate-and-fire neurons
as in Troyer et al. (1998), and the two types of inhibitory cells had the same biophysical parameters.
Each cell received stimulus-independent background excitatory (AMPA) and inhibitory (GABA A
and B) conductances, mimicking membrane potential fluctuations observed in vivo. These were
created by adding fluctuating noise conductances to the cells (Palmer and Miller, 2002, 2003). The
noise conductances were made up of a part constant in time, ggkg"d (AMPA and GABA A only),
and a part fluctuating in time, 7)., governed by the Ornstein-Uhlenbeck process (Uhlenbeck and

Ornstein, 1930):

dns(t) = —kno(t)dt + /DodW (t),
where D is the diffusion constant, dW (t) is Gaussian white noise, and the term —x7,(t) represents
decay with a characteristic time scale 1/x = 34 ms (Palmer and Miller, 2002, 2003). z = AMPA,
GABA A or GABA B indicate the type of conductance. This gives an update rule (Destexhe et al.,

2001):
elt 4 81) = €~1,(1) + 1/ ZE(1 =~ BN (O, 1),

where N(0,1) is a Gaussian white noise process with mean zero and unit standard deviation.
We define two diffusion terms, as well as two background conductances, one excitatory and one
inhibitory. Noise parameters are chosen to achieve voltage fluctuations as measured intracellularly
by David Ferster’s group, with a standard deviation around 4 mV for excitatory cells. The noise
input is the same for all cell types resulting in voltage fluctuations with standard deviations of
4-5 mV for inhibitory simple cells and 7-8 mV for inhibitory complex cells. The fluctuations in
the model are larger than for excitatory cells since the inhibitory cells have different biophysical
properties and the complex inhibitory cells do not receive intracortical input. To our knowledge
there is no data reporting noise fluctuations for any of the inhibitory cell types, so we kept the
noise conductances the same for all three cell types for simplicity. The values were as follows:
Dapmypa =0.7- 10—1552/3, Dgapaa = Dgapap = 4.2- 10_1552/3, g:kle;lgA = ggcggiA =0.2-107°S.
The inclusion of both types of inhibitory conductances with reversal potentials Vg = —70mV
(GABA A) and Vi = —90mV (GABA B) is in accordance with (Palmer and Miller, 2002, 2003).
Further, all of the three total conductances were rectified at zero to avoid negative conductances.
The correlations in the noise input were created by simply making a fraction of the noise
conductances common to all cells in the network and the rest individual for each cell. This rather
crude choice of correlations was inspired by findings from Paré et al. (1998), who reported that
intracellular recordings of cat pyramidal neurons in vivo were correlated with the overall fluctuations
of the local field potential measured with EEG, indicating that all cells in a small area of cortex get
somehow correlated inputs. Other studies reveal that cells with similar, overlapping receptive fields
receive correlated input (Lampl et al., 1999). In our noise correlations we have not included this
type of correlations, but the structure of the connections in the model result in such a correlation
pattern. However, we tested other types of correlations: correlation of noise to excitatory cells and
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correlation of input to inhibitory cells, but uncorrelated between the populations; only correlations
and/or noise to one type of cells. All these gave qualitatively the same type of results as with the
above correlations and will not be discussed further.

The noise conductances with 0% correlation along with the spontaneous activity of the LGN
inputs resulted in background firing rates of approximately 0.7 Hz for excitatory cells, 3 Hz for
simple- and 15-20 Hz for complex inhibitory cells. The spontaneous rate for complex cells is
comparable to rates of around 20 Hz reported for similarly nonspecific inhibitory interneurons in
other areas of cortex (Brumberg et al., 1996; Simons and Carvell, 1989; Swadlow, 1989, 1990, 1991,
1994).

NMDA-mediated conductances (Krukowski and Miller, 2001; Lauritzen et al., 2001), in addition
to the AMPA-mediated conductances, were added to all of the excitatory synapses except for
the thalamocortical synapses onto inhibitory cells, which were purely AMPA-mediated following
evidence that there is little NMDA in excitatory synapses onto inhibitory cells (Angulo et al., 1999;
Ling and Benardo, 1995). The relative strength of NMDA and AMPA conductances were set in
terms of the integrated current (i.e., the total charge transfer) through excitatory conductances
when the postsynaptic cell is clamped at the spike-threshold voltage. 35% of the integrated current
in all the synapses was mediated by NMDA. This is lower than the the value used previously ((75%)
Lauritzen and Miller, 2003a) that was obtained by matching AMPA and NMDA amplitudes to those
observed at thalamocortical synapses at the oldest ages studied in thalamocortical slices (Crair and
Malenka, 1995), using a physiological level (1.3mM) of extracellular Mg?*. The previously used
high levels of NMDA caused a low temporal-frequency cutoff, and decreasing the NMDA to 35%
increased the cutoff to more physiological levels. Even though slice experiments (Crair and Malenka,
1995) indicate a 75% fraction of NMDA, some physiological studies indicate that this number might
be lower (Fox et al., 1989). Our choice of 35% is purely empirical chosen to be about half of the
slice value to get higher temporal-frequency cutoffs while still having a significant amount of the
input carried by NMDA-mediated conductances.

The probability of forming a synapse between any pair of simple cells depended on the corre-
lation between their sets of LGN inputs, as in Troyer et al. (1998): the probability of a connection
from an excitatory cell monotonically increased with the degree of correlation, while the probability
of a connection from an inhibitory cell monotonically increased with the degree of anticorrelation.
As shown in Troyer et al. (1998, Fig. 8B), the result is that the distribution of orientation differences
between connected cell pairs peaks at zero difference and falls off to zero at differences of about
+30°; while the distribution of phase differences peaks at 0 difference for excitatory synapses and
at 180° for inhibitory synapses, and falls off to zero over about +£60° from the peak. The result of
this connectivity pattern is that the excitatory currents and inhibitory currents received by a cell
in response to preferred-orientation drifting gratings modulate roughly at opposite phases.

Connections from complex cells only depend on the distance between the receptive fields of the
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two cells, with probability 10% of forming a synapse onto cells less than 150 ym away and zero
otherwise. For simplicity, complex cells only receive thalamocortical input. These connectivity
rules yield the basic cortical circuit structure within a single iso-orientation column. An important
feature of the model is that the inhibition is dominant over feedforward excitation, rather than
precisely balancing it.

The thalamocortical and E — E synapses displayed depression, with f = 0.563, 7 = 99 msec
(LGN), and f = 0.875, 7 = 57 msec (E — E). Here, f is the synaptic efficacy immediately after a
presynaptic spike, and 7 the time constant of recovery, as in (Abbott et al., 1997). The experimental
basis for these depression parameters is discussed in (Kayser et al., 2001b, table 1). Connections
onto and from inhibitory cells may also express use dependent changes (Gupta et al., 2000), but
these have been omitted for simplicity.

As in Troyer et al. (1998), we define the total synaptic strength of a given type received by a
cell by (i) assuming the cell is voltage clamped at threshold; (ii) for each synapse, integrating over
time the synaptic current induced by one presynaptic spike; and (iii) summing over all synapses
of the given type. Thus, total synaptic strength is expressed in units of nA msec. The total
synaptic weight received by a cell from each type of connection were: 42 nA msec (LGN); 16 nA
msec (I, = E); 40 nA msec (I, = I;); 12 nA msec (E — E, I;); 10 nA msec (I; — E, I;). These
strengths were set empirically, in a stepwise manner as in (Lauritzen and Miller, 2003a) after the
noise parameters had been set to give the right voltage fluctuations at 0% contrast. Because of
the increased conductance from the physiological noise levels the connections strengths had to be
stronger in this study.

Each simulation was started with a 'blank screen’ for one second with LGN cells firing at their
background rates to equilibrate the network, followed by an additional 0.25 seconds with a grating
stimulus to suppress transients before actually recording data for 1 second of simulated time as the
grating stimulus continued. Orientation tuning curve responses were obtained from 1 repetition of
gratings having each of 18 orientations, from 8° to 178° by 10°, at each of the indicated contrasts.
Cells were binned by preferred orientation in bins of £5° around each grating orientation; each bin’s
tuning curve was determined, and the tuning curves of the different bins were averaged together
by equating the central orientation of each bin (representing orientation 0°). For other figures,
simulations were run at a grating oriented at 128° to avoid artifacts of the grid with the stimulus.
PSTH’s were calculated from 5 such simulations (with different random seeds for the Poisson spike
trains of the LGN inputs) and from responses of all cells with preferred orientations within +5°
of 128°. For voltage histograms a total of 50 of the above simulations were made and membrane
potentials were truncated at threshold and binned for every 0.25ms.
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3.2 Results

3.2.1 Model Overview

The model contains three cortical cell types found in cat V1 layer 4: orientation-tuned excitatory
and inhibitory simple cells with separate ON and OFF subfields, and inhibitory complex cells
untuned for orientation with ON-OFF receptive fields (RFs) (Hirsch et al., 2003). All cells receive
thalamocortical input selected probabilistically, the simple cell inputs chosen from ON-center inputs
overlying ON-subregions and OFF-center inputs overlying OFF subregions (Alonso et al., 2001;
Hubel and Wiesel, 1962; Reid and Alonso, 1995; Tanaka, 1983), and the complex cell inputs chosen
from all LGN cells whose RF's overlap. Cortical connectivity is also determined probabilistically.
The simple cells form synapses primarily to other cells with similar preferred orientation, according
to the correlation of their RFs. Excitatory synapses are formed to cells with correlated RF's (similar
preferred orientation and similar absolute spatial phase, meaning that ON-subregions of the two
cells tend to overlap in visual space and similarly OFF-subregions tend to overlap), and inhibitory
synapses are formed to cells with anti-correlated RFs (similar preferred orientation and opposite
absolute spatial phase, meaning that ON-subregions of one cell tend to overlap OFF subregions
of the other cell). The complex cells, lacking in orientation tuning (Hirsch et al., 2003), project
randomly with equal (10%) probability to all simple cells within 150 pm, and, for simplicity, do
not receive any cortical input. The model contains simple cells preferring all orientations and all
spatial phases and a range of retinotopic positions. We have previously showed that this model
architecture can explain contrast invariant spike tuning as well as other response properties observed
in V1 (Lauritzen and Miller, 2003a).

Membrane potential fluctuations observed in vivo where created by adding excitatory and in-
hibitory fluctuating conductances to the cells (Palmer and Miller, 2002, 2003). The noise conduc-
tances were made up of a part constant in time, and a part fluctuating in time, resulting in voltage
fluctuations as measured (Anderson et al., 2000b) with standard deviations around 4 mV. The
fluctuating noise conductances where governed by the Ornstein-Uhlenbeck process (Uhlenbeck and
Ornstein, 1930) as Gaussian white noise fluctuations with a decay towards zero on a time scale of
34ms.

Based on findings from Paré et al. (1998), who reported that intracellular recordings of cat
pyramidal neurons in vivo were correlated with the overall fluctuations of the local field potential
measured with EEG, indicating that all cells in a small area of cortex get somehow correlated
inputs, correlations in the noise input were created by simply making a fraction of the conductances
common to all cells in the network and the rest individual for each cell.
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3.2.2 No noise correlations

In the absence of visual stimuli simple cells in layer 4 of V1 have a low sponataneous rate (usually
less than 1 spike/s), but cells measured in vivo show membrane potential fluctuations with a
standard deviation around 4 mV (Anderson et al., 2000b). In general in vivo fluctuations are much
larger than those observed in vitro in all cortical areas (e.g. Destexhe et al., 2001; Paré et al., 1998),
presumeably from a barriage of cortical input to the cells. Our noise conductances replicates this
in vivo behaviour (fig. 3.1).
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In response to a preferred-orientation grating, a cell receives LGN input that is strongly tem-
porally modulated since the grating causes all the LGN inputs to the simple cell to modulate their
firing rates roughly in phase with one another so that the temporal modulations of the individual
LGN inputs add constructively to produce a strongly modulated total LGN input. In response
to a grating oriented orthogonal to the cell’s preferred (which we will refer to as the cell’s null
orientation), the cell instead receives a roughly constant, temporally unmodulated rate of LGN
input because the null-oriented grating drives different LGN inputs to the cell at different times, so
the temporal modulations of the individual LGN inputs add destructively. This mean rate of total
LGN input is the same for gratings of any orientation, because the mean rates of the individual
LGN cells are independent of orientation. Thus, gratings of different orientations are distinguished,
not by the mean rate of LGN input they elicit, but by the temporal modulation of that input, with
the strongest temporal modulation elicited by a grating of the cell’s preferred orientation and little
or no modulation at the null orientation.

The mean rate of total LGN input to a simple cell grows with stimulus contrast, because the
mean rates of the individual LGN cells grow with contrast. This is a nonlinear effect: because the
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mean luminance does not change with changes in contrast, the mean response also would not change
if LGN responses were linear in the image. It is induced by the fact that LGN firing rates cannot
decrease below zero, whereas they can increase to 100 Hz or higher, many times their background
level (10-15 Hz, e.g. Kaplan et al., 1987).

Because the mean input grows with contrast for all orientations, even a null-oriented stimulus
can elicit a high rate of LGN input at high contrast, higher even than the peak of the temporally
modulated input elicited by a preferred-orientation grating at sufficiently low contrast. Yet simple
cells show contrast-invariant tuning of their firing (Anderson et al., 2000b; Sclar and Freeman, 1982;
Skottun et al., 1987) as well as their membrane potential (Anderson et al., 2000b), so that they
respond to their preferred orientation even at very low contrast and often do not respond to the
null orientation even at high contrast.

In our model this is excess DC input is neutralized by the feedforward inhibition from the com-
plex cells (Lauritzen and Miller, 2003a), so the mean of the membrane potential display contrast-
invariant orientation tuning (fig. 3.2 B). Here the total mean (DC) membrane potential at

A Spike tuning B Voltage DC tuning C Voltage F1 tuning
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Figure 3.2:

Orientation tuning of the cell responses in the model. Full and normalized responses of the
spike tuning (A), mean, DC, of the membrane potential (B), and modulation, F1, of the membrane
potential (C). Light gray to black are 2.5%, 10%, 20% and 60% contrasts. All three measurements
display contrast-invariant orientation tuning as found by Anderson et al. (2000b). Error bars in (A)
and all of the following figures are £ 1 SEM, error bars have been omitted from the rest of the
subplots for clarity.
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the null orientation is practically constant, while the mean membrane potential at the preferred
orientation increase because of cortical amplification. The fundament of the modulation (F1) of
the membrane potential (fig. 3.2 C) is made by the LGN input. Given contrast-invarience of the
membrane potential, contrast-invariant spike tuning follows naturally (fig. 3.2 A), as also suggested
previously (Anderson et al., 2000b; Palmer and Miller, 2002, 2003).

The circular variance of the spike tuning, defined as 1 — F1/DC, with DC = ) r(0) and
F1 = /(3 ,r(0)sin(0))2 + ()_, (o) cos(0))2, where r(0) is the response at a given orientation,

decreases slightly with contrast (fig. 3.3). A decrease in circular variance has been reported in

Circular variance of spike tuning.
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macaque monkey (Shapley et al., 2002) and ferret (M. Usrey, personal communication).

The F1 tuning curves of the excitatory and inhibitory currents onto cortical cells have nearly
identical shapes (fig. 3.4 A)  as observed in experiments (Anderson et al., 2000a; Ferster, 1986).
Similarly, the total input conductance in the model grows by 22% at the nul orientation and 108%
at the preferred orientation when the stmulus contrast is increased from 0 to 60% contrast (fig. 3.4
B), in accordance with experimental results showing a 40-300% increase at the preferred orientation
and ~20% at the null for simple cells (Anderson et al., 2000a).

3.2.3 Increased noise correlation

In the absence of correlation in the noise conductances the network can explain the basic properties
of cortical cell responses discussed above.

If we now increase the noise correlations in the absence of visual stimuli we see two major effects
of the behavior of the cells. One, the fluctuations of the membrane potential decrease by ~33%
(fig. 3.5 A-D),  and, two, the mean of the membrane potential decreases (fig. 3.5 E). The result
of these changes is a decrease of the spontaneous rate of the cells in the network (fig. 3.5 F).
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If we look at the fluctuations of the synaptic input to the cell with increased noise correlations,
one would expect that increased correlations in the cells input would increase the fluctuations of
their input as more cells connecting to a given cell would have correlated firing and thus give rise to
correlated intracortical inputs. This is the case, both with and without stimuli (fig. 3.6 A-D), but
their effects on the membrane potential are different. Without visual stimuli the fluctuations in the
membrane potential decrease (fig. 3.5 D). This is easy to understand: The statistics of the outside
noise conductance received by a given cell does not change, but the activity of all the cells are more
correlated. So when the membrane potential of a cell is close to threshold, so is the membrane
potential of most of the other cells, especially the inhibitory cells that would prevent the cell from
firing, and since inhibition is dominant this also decreases the mean of the membrane potential. So
the excitatory effect of the correlations are basically shielded by the dominant inhibition.

On the other hand, in the presence of visual stimulus, the push-pull connectivity separates the
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arrival of the excitation and (som of) the inhibition, since inhibitory simple cell input arrives at the
opposite temporal phase as the one the cell would be firing. So here it is possible to unshield the
excitatory effect of the correlations. At points in the stimulus cycle where the membrane potential is
close to threshold this causes the cell to fire more frequently, while at the opposite temporal phase,
when the cell mainly receive “pull” inhibition, increased noise correlations causes further, noisy,
reductions in the membrane potential (fig. 3.6 E-F). Because of this, increased noise correlations
yields higher responses to visual stimuli with drifting gratings (fig. 3.7 A), without changing
the shape of the mean membrane potential and the spike tuning (fig. 3.7 B-D).

In all, the basic cell responses with increased noise correlation can be explained by the correlation-
based connectivity in the cortical model.
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Figure 3.6:

Synaptic currents in a single cell.

A-B) Excitatory (gray) and in-
hibitory (black) synaptic current in

a cell in the absence of stimulus for

0 and 50% correlation in the noise.
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1000 nificantly with increased correla-
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3.2.4 Temporal frequency tuning
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crease the fluctuations in the mem-

brane potential.

We have previously suggested a method to explain the temporal frequency high-cutoffs of cortical
cells (Krukowski and Miller, 2001; Lauritzen and Miller, 2003a).
elements: NMDA-receptor-mediated conductances (which we will abbreviate simply as “NMDA")
in synapses from LGN to excitatory cells act as a low-pass filter, reducing the temporal modulation
of the excitatory input at higher frequencies and thus largely reducing this input to its mean; and
some dominant feedforward inhibition responding at high temporal frequencies prevents responses
to the mean excitation. This explanation is still valid in the physiological noise regime, but, sur-

prisingly, increasing the correlation in the noise increase the response to stimuli at higher temporal

The explanation relied on two
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Figure 3.7:

Increased noise correlation increases the response of the cells in presence of visual stimuli. (A) the
response at the preferred orientation with increased correlation. Light gray to black are 10%, 20%
and 60% contrast respectively. Full and normalized responses of the spike tuning (B), mean, DC, of
the membrane potential (C), and full responses of the modulation, F1, of the membrane potential
(D) for 0% (black) and 50% correlation (gray) with a stimulus of 10% contrast. The increase in
response is multiplicative.

frequencies (fig. 3.8). Defining the high-frequency cutoff as the temporal frequency above
the peak at which the mean spike response is reduced to 50% of the peak response, the cutoff of
simple cells is close to 3.5 Hz for no noise correlation and increases by ~60% to 5.6 Hz for 100%
noise correlations. Both values are within the range of cells reported experimentally (e.g., Freeman
et al., 2002; Movshon et al., 1978). This indicates that correlations change the gain of the cells by
an uneven amount to different stimuli, and can thus affect the tuning properties of the cells.

3.3 Discussion

We have shown that feedforward inhibition from complex inhibitory cells, untuned for orientation,
observed in layer 4 (Hirsch et al., 2003), can combine with feedforward excitation from LGN to
explain the sharp contrast-invariant orientation tuning of the membrane potential of layer 4 simple
cells. Given the contrast-invariant orientation tuning of membrane potential, physiological noise
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fluctuations can explain contrast-invariance of the spiking orientation tuning. Adding noise cor-
relations in the model gives different results in the presence and absence of visual stimuli: In the
absence of stimuli, correlations result in a decrease in the mean and fluctuations of the membrane
potential, reducing the firing rate; while in the presence they act to increase both the membrane
potential and the firing rates of the cells. The basics of these findings can be explained by the
correlation-based circuitry of the network. The temporal frequency tuning of the cells in our net-
work shifts with increased correlations, opening up for the possibility that correlations can alter

Figure 3.8:

Increased noise correlation increases
the temporal-frequency tuning cutoff of
the cells in the network. Full (A) and
normalized (B) response with increased
tempral frequency of a stimulating grat-
ing of 60% contrast with 0% (black)
and 50% (gray) correlation of the noise
input. Temporal-frequency cutoff, de-
fined as the temporal frequency above
the peak at which the mean spike re-
sponse is reduced to 50% of the peak re-
sponse, of the cells with increased noise

correlation (C).

the receptive field properties of neurons in favor of specific features.
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3.3.1 Model Predictions

Predictions of the model include:

1. Simple cells receiving significant thalamic excitation should receive a comparable level of ori-
entation untuned inhibition to provide for contrast invatiance of their voltage tuning, yielding
detectable conductance changes in response to non-preferred stimuli. Some cells reported by
(Anderson et al., 2000a) show such changes.

2. The spontaneous firing of cells should decrease with increased levels of balanced noise con-
ductances. This have been found in slice experiments (Chance et al., 2002).

3. The spontaneous firing of cells should decrease with increased levels of correlation between
their input. In particular, in slice experiments similar to (Chance et al., 2002), correlating
the induced excitatory and inhibitory conductances, but fixing the total induced conductance
(injected current), would decrease the gain of the cell response to a driving current.

4. The gain of the response to visual stimuli should increase with the correlation of the input to
the cells. These cortical correlations could be an effect of top-down influences on V1, such as
attention, and will be discussed further in “Correlations in physiology”.

3.3.2 Correlations in physiology

The correlations in our cortical model are somewhat artificial, changing the correlation of the in-
duced noise conductances. In cortex we propose these correlation changes induced by top-down
influence from higher cortical areas. A classical example is attention; in awake experiments neu-
rons activated by attention to a visual stimulus show increased synchronization and oscillations
(e.g. Fries et al., 2001). Such oscillations have the same effect on cortical cells as the noise conduc-
tances in the model, increasing the gain of their response multiplicatively (McAdams and Maunsell,
1999). However, other results (Martinez-Trujillo and Treue, 2002; Reynolds et al., 2000) show that
attention can cause a shift, rather than a gain change, in the contrast response function of these
neurons. This is in agreement with our findings that the temporal-frequency tuning changes with

increased correlation.

3.3.3 Conclusion

Given basic assumptions of the connectivity on layer 4 of V1 and physiological background con-
ductances, we deduce that intracortical inhibition is necessary for contrast-invariance of voltage
orientation tuning that is the basis for contrast-invariance of spike tuning given cortical input-
output power laws provided by the physiological noise fluctuations (Anderson et al., 2000b; Hansel
and van Vreeswijk, 2002; Miller and Troyer, 2002). Increased correlations in the noise conductance
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give qualitatively the same type of response changes as seen in physiology and the main reason for

these is an increase in the synaptic conductance fluctuations. So we conclude that an increase in .
correlation or synchrony in cortex alter responses by changing the gain of the cortical cells (Chance

et al., 2002; Murphy and Miller, 2003).
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