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Abstract

In this report, the role of somatostatin-expressing (SOM+) interneurons in the
generation of cortical surround suppression is studied using a model network com-
posed of conductance-based leaky integrate-and-fire neurons. The model network
consisted of three representative types of cortical neurons, i.e., excitatory pyra-
midal (Pyr) cells, and inhibitory parvalbumin-expressing (PV+) and SOM+ in-
terneurons. The structure of the model network is specified by a simple connec-
tivity rule that reflects the actual connectivity patterns of cortical neurons, which
have recently been shown in [1]. This study demonstrates that a simple distance-
dependent connectivity rule for SOM+ interneurons, in which a SOM+ model
neuron spatially integrates the activities of neighboring Pyr cells and locally sup-
presses both the Pyr and PV+ cells, is sufficient to fully reproduce the character-
istic size-tuning curves for each neuron types in the model network.

1 Introduction

In a recent study [1], Adesnik et al. demonstrated that somatostatin-expressing inhibitory interneu-
rons (SOMs) play an essential role in the generation of surround suppression in the superficial lay-
ers of the mouse primary visual cortex (V1). Since surround suppression is already present in the
earlier stages along the visual hierarchy, it has been controversial whether the surround suppres-
sion observed in V1 is entirely relayed from these earlier stages, or the cortex itself is capable of
contributing to surround suppression. Adesnik et al. exploited cell type-specific optogenetic manip-
ulation to investigate the specific role of SOMs in the generation of cortical surround suppression,
which is not surprising because such technique has already been prevalently employed by a wide
range of systems neuroscience research.

What makes this paper [1] striking is that cortical layer-specific optogenetic manipulation was ad-
ditionally employed to examine how the differential connectivity patterns of SOMs with respect to
the different cortical layers can contribute to a specific type of cortical computation, that is, sur-
round suppression. The fact that SOMs are mainly driven by the horizontal excitatory inputs from
the neighboring pyramidal (Pyr) cells within the same cortical layer, not by the vertically ascending
excitatory projections from the Pyr cells located in the different layers, is critical to the generation
of surround suppression, because such differential connectivity patterns directly enable SOMs to
spatially integrate the activities of surrounding Pyr cells, providing a straightforward mechanism for
surround suppression.

This direct relationship between connectivity and function underscores the importance of connectiv-
ity analysis at the microscopic level, and such effort to combine structural analysis with functional
one can be found in a recent study by Bock et al. [2], in which large-scale electron microscopy was
coordinated with in vivo two-photon calcium imaging to analyze the relationship between structure
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and function. The precise coordination between in vivo functional imaging and ultrastructural EM
imaging could successfully reveal the convergent excitatory input to inhibitory interneurons with
an unprecedented level of detail, opening the possibility to the complete mechanistic understanding
of cortical microcircuitry in terms of both structure and function. However, there was no attempt
to distinguish between different subtypes of interneurons, precluding the cell-type specific investi-
gation of inhibitory interneurons. Although, in theory, the cell-type identification based solely on
morphological characteristics might be possible, as of now it is difficult to identify specific sub-
types of interneurons depending solely on the EM microscopy. This limitation necessitates a close
interplay between the structural and functional analyses, in combination with the cell-type specific
genetic manipulation.

Another striking thing that can be found in [1] is that targeted loose-patch recordings were performed
in awake, behaving animals, not in anesthetized ones. In particular, it was shown in this paper that
size tuning was substantially affected by anesthesia, providing critical evidence for the significant
dependence of neuronal responses on the active status of the brain. Given the fact that the activities
of inhibitory interneurons are largely modulated by an animal’s attentional status, the significant
decrease in the neuronal responses of SOMs in anesthesia can be thought of as a manifestation
of decreased top-down attentional modulation. Interestingly, although the neuronal responses of
parvalbumin-expressing inhibitory interneurons (PVs) slightly reduced in anesthesia, the magnitude
of decrease was not statistically significant. This difference between two subtypes of interneurons
may reflect the difference in their connectivity within the top-down and bottom-up hierarchy of
information processing, such that PVs are largely driven by the bottom-up feedforward stimulus
drive that remains relatively stable in anesthesia, whereas SOMs depend largely on the top-down
attentional modulation that is substantially perturbed by the anesthetized status.

However, there have been evidence that driving PV+ interneurons induces gamma-frequency rhyth-
micity [3, 4], which has been suggested as a manifestation of top-down attentional modulation. To
resolve a discrepancy between these seemingly conflicting interpretations, close scrutiny over the
structural connectivity of different subtypes of interneurons should be further employed in addition
to the sophisticated functional analysis. Although Bock et al. [2] could successfully reconstructed
the local connectivity patterns between pyramidal cells and inhibitory interneurons, long range con-
nections between different cortical layers and columns, which can be critical in the top-down and
bottom-up information processing hierarchy, are far from being closely examined at the microscopic
level. In this regard, an analysis on larger scale network anatomy should be further combined with
the local structural and functional connectivity analyses.

Although both [1] and [2] clearly demonstrate the important role of structural connectivity at the
microscopic level in the functional specification of cortical microcircuitry, Rivlin-Etzion et al. [5]
recently showed a striking result that compromises the importance of the claim that network struc-
ture directly determines its function. In this study, it was shown that adaptation with short visual
stimulation of a direction-selective ganglion cells in the retina can reverse this cell’s directional pref-
erence, which has been thought of as being hard-wired in the retinal circuitry. This result strongly
indicates that dynamic interactions within a neuronal circuit can change a default mode of compu-
tation that is specified by an anatomical structure of the circuit. In this sense, Rivlin-Etzion et al.
claim that “a wiring diagram does not predict the function of a circuit but rather provides a substrate
that constrains the possible computations [5]”. Therefore, researchers who study the direct relation-
ship between structure and function in the cortical microcircuitry should be cautious not to unfairly
overemphasize the direct role of network structure in the functional specification in an invariant
manner, and should put a reasonable emphasis on the dynamic circuit modulation.

In this report, the role of SOM+ interneurons in the generation of surround suppression in the cortical
microcircuitry is studied using a model network consisting of three representative types of cortical
neurons, i.e., excitatory pyramidal cells, and inhibitory PV+ and SOM+ interneurons. A canonical
conductance-based leaky integrate-and-fire neuron model is used as a basic component of the model
network [6]. The structure of the model network is specified by a simple connectivity rule that
reflects the actual connectivity patterns of cortical neurons, which have recently been demonstrated
in [1].
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2 Materials and Methods

2.1 Neuron Model

The simulated network were composed of N = 12,500 (10,000 excitatory, 1,250 SOM+ inhibitory,
1,250 PV+ inhibitory) conductance-based leaky integrate-and-fire neurons. Each integrate-and-fire
neuron is characterized by a membrane time constant τm = 20 ms, and a resting membrane potential
V rest = −60 mV. Whenever the membrane potential crosses a spiking threshold V thresh = −50 mV, a
spike is generated and the membrane potential is clamped to the resting potential during a refractory
period of duration τ ref = 5 ms.

The synaptic connections between these neurons were modeled using a canonical conductance-based
(COBA) model [6, 7], in which the membrane voltages are calculated as the following equation:

τm
dV

dt
= (V rest − V ) + gexc(Eexc − V ) + ginh(Einh − V ) (1)

Reversal potentials are Eexc = 0 mV and Einh = −80 mV. The synaptic conductances gexc and
ginh were modeled as an instantaneous rise followed by an exponential decay, obeying the following
equations:

τ exc
gexc

dt
= −gexc, τ inh

ginh

dt
= −ginh (2)

with synaptic time constants τ exc = 5 ms and τ inh = 10 ms. When a neuron fires, the appropriate
synaptic variable of its postsynaptic targets are instantaneously increased, gexc → gexc + ∆gexc for
an excitatory presynaptic neuron and ginh → ginh + ∆ginh for an inhibitory presynaptic neuron, with
∆gexc = 4 nS and ∆ginh = 16∆gexc = 64 nS. The main parameters are summarized in Table 1
(Appendix).

2.2 Network Architecture

A square patch of size L × L = 1 mm2 of layer 2/3 in the primary visual cortex was mod-
eled with a salt-and-pepper organization, and an excitatory/inhibitory neuron number ratio of 4:1
(N exc = 10,000 and N inh = 2,500). All excitatory neurons were aimed to model layer 2/3 pyrami-
dal cells. For inhibitory neurons, the ratio between SOM+ type and PV+ type interneurons was set
to 1:1 (NSOM+ = 1,250 and NPV+ = 1,250). Neurons were arranged on a grid in which the position
of neurons was calculated as in [8], without periodic boundary conditions for simplicity.

To model the spatial summation property of SOM+ interneurons, only the connections associated
with SOM+ cells were set to be depending on the distance rij between two neurons in the network.
The wide spatial extent of horizontal layer 2/3 projections from excitatory pyramidal cells to SOM+

interneurons was modeled with a connection probability that depends on rij according to a Gaussian
profile:

pij = εe
−
r2ij

2σ2c (3)

with a connection density ε = 2% and the spatial spread of the Gaussian profile σc = 250 µm.
On the other hand, the inhibitory connections from SOM+ to other cell types (excitatory and PV+

inhibitory) were confined within a narrow range, resulting in a localized suppression with the spatial
spread of the Gaussian profile σlocal = 50 µm. Recurrent connections among SOM+ interneurons
were omitted, because such recurrent connections might greatly interfere with the desired behavior
of SOM+ interneurons in the model network, in which a relatively small number of SOM+ interneu-
rons with spatially localized projections were used. In the same sense, inhibitory connections from
PV+ to SOM+ cells were also excluded.

Other connections between excitatory and PV+ cells were not distance-dependent, but instead these
cells were connected to each other randomly. To match the connection density ε = 2%, a connection
probability for excitatory interconnections in pyramidal and PV+ cells (i.e., recurrent connections
among pyramidal cells and excitatory projections from pyramidal to PV+ cells) was set to 1%,
because the rest 1% of excitatory connections for pyramidal and PV+ cells were compensated by
vertically ascending excitatory projections from a input layer, which will be explained in the follow-
ing subsection.
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Figure 1 | External input layer used to drive the model network. (a) Schematic view of the
input layer (taken from [7]). An additional 2D layer of input neurons (N stim = 10,000) generating
independent Poisson spike trains, where each neuron connects to the model network with a Gaussian
profile of standard deviation σlocal = 50 µm in a divergent manner. (b) Left, an example of spatial
arrangement of input neurons with a stimulus diameter of 400 µm. White dots, input neurons; Black
dots, spontaneously spiking background neurons; x and y axes, grid indices. Right, a raster plot
showing the activity of an example input layer (tonset = 100 ms, FRstim= 20 Hz, FRbase= 1 Hz). y
axis, neuronal index.

2.3 External Input Layer

To model the stimuli with varying sizes for driving the model network, an external input layer,
which consisted of a set of input neurons (N stim = 10,000) generating independent Poisson spike
trains, was added to provide input to the model network. These input neurons were also arranged
in a grid within a square patch of size L × L = 1 mm2. The shape of the stimuli was circular,
and the diameter of these circular stimuli was systematically varied from 80 to 800 µm with a
step size of 80 µm, resulting in 10 different sizes. All of these circular stimuli were concentric,
sharing a common center point with the square patch within which the stimuli were located. All
neurons in this external input layer were connected to the pyramidal and PV+ cells in the model
network with a distance-dependent connection probability, according to a Gaussian profile with a
connection density ε = 1% and the spatial spread σext = 50 µm, which represents a very localized
projection from ascending vertical axons. The connections from the external input layer to the PV+

model neurons can be rationalized by the observation that layer 2/3 PV+ cells are largely driven by
ascending vertical cortical projections [1]. Neurons within the circular extent of the stimulus had
a common firing rate FRstim = 20 Hz, and the remaining neurons were set to have a firing rate of
FRbase = 1 Hz, representing a spontaneous background spiking. A schematic view and an example
firing pattern of this external input layer are illustrated in Fig. 1.

2.4 Data Acquisition and Analysis

To determine the tuning to the size of a input stimulus, model neurons whose distance to the center
point of the stimulus was less than 50 µm were taken into account for data analysis. As a result, 69
model pyramidal cells, 9 model SOM+ cells, and 9 model PV+ cells were collected for data analysis.
A representative size-tuning curve for a ceretain neuron type was obtained by simply averaging the
responses for each size across all model neurons belong to that type, and then normalizing those
averaged responses for each size to the preferred size. On the other hand, average size-tuning curves
with standard error bars (Fig. 2, 3, 4, Insets) were produced by individually normalizing each model
neuron’s responses for each size to the preferred size, and then averaging across all model neurons.
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Figure 2 | Size-tuning curve of pyramidal cells. Left, size-tuning curve of averaged responses of
model pyramidal neurons (n = 69, normalized to the mean firing rates in response to the preferred
stimulus (FRPS)). Inset, average of the normalized but not peak-aligned 69 size-tuning curves. Right,
average size-tuning curve from the real data (taken from [1]).

3 Results

To determine the size-tuning curves of different types of model neurons, the size of a circular stim-
ulus was varied systematically through a series of simulations of a model network. Notably, the
size-tuning curves of three types of model neurons (Pyr, SOM+, PV+ cells) were fully reproduced
in the simulation of the model network (Fig. 2, 3, 4). While the size-tuning curves of Pyr and PV+

cells exhibited marked surround suppression (Fig. 2, 4), the firing rate of SOM+ cells increased
monotonically as a function of the size of the circular stimulus. Although the shape of the size-
tuning curves of three types of model neurons was similar to that of the real data, the numerical
ranges of firing rates were substantially different between the model neurons and the real data. For
the mean firing rates in response to the preferred stimulus (FRPS), model Pyr cells exhibited a sub-
stantially higher FRPS (6.97 Hz, compared to 0.47 Hz from the real data [1]), and model SOM+ cells
also showed a significantly higher FRPS (63.22 Hz, compared to 26 Hz from the real data [1]). In

Figure 3 | Size-tuning curve of SOM+ cells. Left, size-tuning curve of averaged responses of
model SOM+ interneurons (n = 9, normalized to the mean firing rates in response to the preferred
stimulus (FRPS)). Inset, average of the normalized but not peak-aligned 9 size-tuning curves. Right,
average size-tuning curve from the real data (taken from [1]).

5



Figure 4 | Size-tuning curve of PV+ cells. Left, size-tuning curve of averaged responses of model
PV+ interneurons (n = 9, normalized to the mean firing rates in response to the preferred stimulus
(FRPS)). Inset, average of the normalized but not peak-aligned 9 size-tuning curves. Right, average
size-tuning curve from the real data (taken from [1]).

contrast, model PV+ cells exhibited a dramatically decreased level of FRPS (9.44 Hz, compared to
45 Hz from the real data [1]). Substantially higher firing rates of SOM+ cells can be attributable to
the omission of inhibitory connections to the SOM+ cells in the model network. Other differences
in firing rates could be a natural consequence reflecting an abstract nature of the model network.

It is also notable that the variance of firing rates in model neurons was substantially large compared
to the real data (Fig. 2, 3, 4, Insets), which also can be attributable to the abstract nature of the
model network. Since most of the connections between model neurons, except for those of SOM+

cells, were sparse and random, individual model neurons could exhibit substantially different local
connectivity patterns from one another, which is in sharp contrast with relatively regular patterns of
local connectivity within a certain neuronal subtype in the real cortical network. Therefore, the high
variability of firing rates in the model neurons can be thought of as directly reflecting the variability
in local connectivity patterns among individual model neurons. In line with this interpretation,
the variance of firing rates of SOM+ model neurons was relatively small compared to other types
of model neurons, reflecting relatively even (non-random, distance-dependent) local connectivity
patterns of SOM+ cells in the model network.

4 Discussion

This study demonstrates that a simple distance-dependent connectivity rule for SOM+ interneu-
rons, in which a SOM+ model neuron spatially integrates the activities of neighboring Pyr cells and
locally suppresses both the Pyr and PV+ cells, is sufficient to fully reproduce the characteristic size-
tuning curves for each neuron types in the model network. This faithful reproduction of surround
suppression in the model network is quite remarkable considering that the total number of model
neurons incorporated in the model network was relatively small, and that an even simpler connec-
tivity rule, in which each neuron was randomly and sparsely connected to each other without any
discrimination, was applied to the neuron types other than the SOM+ type. Therefore, this modeling
study can be regarded as a powerful demonstration of the important role of network structure in the
functional specification of a certain neuron type.

Although surround suppression could be successfully reproduced in the model network, the model
is far from being physiologically realistic. First, even though the random and sparse connections
between Pyr and PV+ model neurons can be considered as a reasonable simplification for balancing
excitation and inhibition in a small patch of cortical network [6], PV+ interneurons have local dense
connections that depend on the distance to the neighboring cells [9]. In order to construct physi-
ologically more realistic network model, not only the number of model neurons incorporated into

6



the model network should be increased, but also new connectivity rules for Pyr and PV+ cells that
are based on the actual experimental results should be employed. Second, in this study, inhibitory
connections to SOM+ cells were omitted because in such a small model network, random inhibition
from PV+ cells or local recurrent inhibition from the same cell type (SOM+) could significantly dis-
rupt the desired behavior of SOM+ cells. However, this discriminative connectivity rule for SOM+

type interneurons should be modified in order to be more realistic, and this modification would not
interfere with the characteristic behavior of model neurons in the scaled-up model network in which
the number of neurons is increased and a new realistic connectivity rule for PV+ neurons is added.

Since SOM+ interneurons are known to be tuned to the orientation of visual stimuli, and they may
also respond differentially to specific stimulus properties including contrast [1], it would be desir-
able to include these additional features for SOM+ interneurons to construct an advanced model
network that exhibits the orientation and contrast dependence of surround suppression. In addition
to this, extending the model network to incorporate multiple cortical columns and layers can also be
desirable. Although the external stimulus drive from an additional input layer in this study can be
regarded as a feedforward drive from cortical layer IV as a first approximation, it is far from being a
formal extension that includes multiple cortical columns and layers. Incorporating multiple columns
and layers, as well as an explicit component of thalamocortical projections, into a model network
may lead to a better understanding of structure and function of cortical network. In particular, such
model network can be useful to examine the relative contribution to cortical surround suppression
between the relayed component from the earlier stages of visual processing and the local processing
of cortical SOM+ interneurons
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Appendix

Table 1 | Parameter table summarizing all the cells and network parameters used in the simulations

τm 20 ms
τ ref 5 ms
τ exc 5 ms
τ inh 10 ms
V rest −60 mV
V thresh −50 mV
Eexc 0 mV
Einh −80 mV
∆gexc 4 nS
∆ginh 64 nS
ε 2 %
N 12,500
N stim 10,000
N exc 10,000
N inh 2,500
NSOM+ 1,250
NPV+ 1,250
FRstim 20 Hz
FRbase 1 Hz
tonset 1,000 ms
tduration 1,000 ms
σc 250 µm
σlocal 50 µm
σext 50 µm
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