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Primary visual cortex: brain region responsible for early visual processing located in the occipital region of 

the neocortex
Peripapillary inhibition: a phenomenon in which an increase in visual stimulus size is accompanied by a 
response of decreased activity of excitatory neurons within the stimulus range. An important function 
in perception that has been pointed out to be related to detection of object curvature. LIF model: A 
model in which neurons are constructed as simple electrical circuits

Spike: electrical signal indicating a sudden increase in voltage in a neuron

Simulation of peri-receptive field inhibition in primary visual cortex

Simulation of Surround Suppression in Primary Visual Cortex

Department of Materials and Systems 
Science  Instructor Shunryo 

Yoshida  Michelette Ruggiero

Research Background and Objectives
The brain is responsible for diverse information processing related to sensation and movement in living 

organisms. Therefore, investigation of the information processing mechanisms of the brain will lead to an 
understanding of the perception and behavior of living organisms, including humans. Moreover, clarifying the 
information processing mechanisms that support such biological activities will lead to the elucidation of the 
computational mechanisms of neurological diseases and the development of medical and engineering fields 
such as artificial intelligence and brain-learned computers.

In order to investigate the phenomenon called peri-receptive field suppression from a computational 
approach, we will develop a new model of the primary visual cortex that is faithful to the cell density and 
binding probability of the actual mouse brain. Furthermore, the developed model will be used to reproduce 
peri-receptive field inhibition and to analyze responses and neural oscillation states in regions not investigated 
experimentally. Specifically, we will develop a model of the primary visual cortex of the resting state mouse, 
reproduce peri-receptive inhibition under stimulus presentation in column 2/3 of the primary visual cortex, 
and analyze the effects in other layers not observed in experiments and the neural oscillation state during the 
occurrence of peri-receptive inhibition. Through this analysis, we aim to gain a more detailed understanding of 
peri-receptive inhibition.

[Claire] How do you do it?
The mouse primary visual cortex model in this study is based on data such as cell density, connectivity 

probability, synaptic connectivity strength, and axonal delay in [1], and the LIF model is used to construct a 
network of primary visual cortex models.

The LIF model has parameters such as firing time constants for four types of neurons: excitatory Pyr, 
inhibitory SOM, PV, and Htr3A. The primary visual cortex model has a columnar structure, consisting of layers 1, 
2/3, 4, 5, and 6, with layer 1 containing Htr3A and layers 2/3 to 6 containing Pyr, SOM, PV, and Htr3A (Figure 
1 left). Each combination of each neuronal population is coupled according to coupling parameters (coupling 
probability and coupling weight). The network was created by NEST simulator, a neural circuit simulation 
software. The cellular arrangement of the network was set up in a lattice shape in order to have uniform 
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connections (Figure 1, right).
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Figure 1.  Model size and number of neurons (left) and partial regions of the created model (right)

Results and Discussion
In order to reproduce the unstimulated state during waking, the firing rates of neurons in the waking state 

of mice are used as a reference, and spike trains following a Poisson process are input to Pyr, SOM, PV, and 
Htr3A. The activity firing rates of the neural network are adjusted based on the results of physiological 
experiments [2].

The created model was simulated for 2500 ms with a time step of 0.1 ms, and the average firing rate 
change for the entire column was analyzed, excluding the first 500 ms. Figure 2 Left: Raster showing the firing 
timing of each neuron
The plots are. The colors correspond to those of the neuron types shown in the left panel of Figure 1. The spike 
counts were determined as the change in spike counts every 5 ms from the left side of Figure 2, and then the 
changes were analyzed by Fourier transform to identify the peak of synchronous gamma oscillation at 35-40 
Hz. Since synchronous oscillation is a characteristic neural activity, w e  defined this as the state during 
waking and unstimulated condition in this study.

Figure 2.  Raster plot (left) and frequency spectrum (right) showing ignition timing

In the replication of peri-receptive field inhibition, current stimuli of different ranges and intensities were 
applied to layer 2/3 of the model as shown on the left side of Figure 3. Simulations were performed for all 
combinations of range and intensity, and the results are summarized on the right side of Figure 3, where the 
minimum and maximum average firing rates of Pyr, SOM, PV, and VIP within the range of layer 2/3 
stimulation were normalized to 0 and 1, respectively. The figure shows that at a current intensity of 40 pA, 
the activity of Pyr and PV decreases in response to the increased activity of SOM, well replicating the 
results of physiological experiments [2]. However, as the current intensity increases away from 40 pA, they 
also depart from the experimental results. Especially when the stimulus range is 720 um, the experimental 
results are significantly different from the experimental results.
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The response is often out of line with the results, but this is thought to be due to the fact that the model is 
750 um square, which is close to the model boundary, and thus exhibits unstable behavior. In addition, 
simulations showed that Htr3A responds similarly to Pyr and PV, which had not been experimentally 
confirmed. In addition, we confirmed that inhibitory cells respond differently in deeper layers, which have not 
been investigated in physiological experiments.

Figure 3.  Stimulus conditions and schematic of peri-receptive field inhibition (left) and response to each stimulus 
condition (right)

Furthermore, a frequency analysis similar to Figure 2 was performed based on the raster plots under peri-
receptive field suppression and the temporal changes in the number of spikes, but no differences were found. 
Therefore, we developed the frequency analysis and analyzed the temporal frequency change by spectrogram. 
A spectrogram is a method to visualize the temporal change of frequency as an image in which the horizontal 
axis represents time, the vertical axis represents frequency, and the color represents intensity. The spectrogram 
created by the Fourier transform using a time window is shown in Figure 4 (left). Here, we used the intensity in 
units of decibels calculated as log10 𝐴 when the original signal intensity is 𝐴. The left side of this figure 
corresponds to unstimulated and the right side to peri-receptive field inhibition. To clarify the difference, the 
signal intensities under unstimulated and peri-receptive field suppression are 𝐴1 and 𝐴2 , respectively, and the 
output intensity, log10  𝐴 /𝐴21 , is shown in Figure 4, right. After conversion to logarithm, it is the same as 
calculating the intensity difference in Figure 4 left. The way we see it is that, with reference to the unstimulated 
condition, a red color indicates a strong synchronous oscillation under peri-receptive field inhibition in that 
frequency band, and a blue color indicates a weak one. The results show that the peaks under peri-receptive 
inhibition are relatively stronger at various frequencies up to around 1 second. On the other hand, after that, 
the peaks around 40 Hz and 80 Hz gradually become stronger, and the peak under non-stimulation is stronger 
over a wider range. Thus, it is clear, therefore, that in the present simulation, the peaks in the specific 
frequency bands as described above are particularly stronger under peri-receptive field suppression.

No stimulus  Suppressed

Figure 4.  Spectrograms under unstimulated and peri-receptive field inhibition (left) and their intensity 
differences (right)
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Finally, the temporal relationship between firing rates was analyzed by visualizing them on a two-
dimensional plane. The temporal variation of firing rates can be obtained from the change in the number of 
spikes every 5 ms in Figure 2 and the number of cells in the column. Figure 5(a) visualizes the firing rate (FR) 
at one time and the next time on the horizontal and vertical axes, respectively. The results show that when the 
point cloud is under suppression between 500 and 1500 ms, it is characterized by a blank space in the 
interior of the point cloud. To investigate this feature quantitatively, we used persistent homology, a method of 
topological data analysis, to examine the hole structure present in the point cloud over the entire time for each 
state (Fig.
5(b)). The characteristic hole structure found in Figure 5(b) was obtained by inverse analysis, as shown in 
Figure 5(c), revealing that there is indeed a blank structure inside the point cloud under the peri-receptive 
field suppression.

(a) Top: No stimulusBottom : Suppressed

(b)  (c)
No stimulus  Suppressed  No stimulus  Suppressed

Figure 5.  (a) Temporal relationship between firing rates; (b) Persistent diagram analysis of the point cloud in (a),

(c) Group of points (black dots) corresponding to the characteristic structure obtained by inverse analysis from the 

persistent diagram.

[References
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1 introduction
1.1 background

The brain is responsible for diverse information processing related to sensation and movement in living 
organisms. Therefore, investigation of the information processing mechanisms of the brain will lead to an 
understanding of the perception and behavior of living organisms, including humans. In addition, clarifying the 
information processing mechanisms that support such biological activities will lead to the elucidation of the 
computational mechanisms of neurological diseases and the development of medical and engineering fields 
such as artificial intelligence and brain-learned computers.

In the field of neuroscience, recent breakthroughs in measurement technology have provided many clues 
about the brain's information processing from physiological findings. On the other hand, another approach is to 
develop theoretical and computational models of the brain and to understand brain information processing by 
studying its behavior. These approaches support the development of neuroscience on both fronts: theory to 
explain experiments and experiments to find phenomena predicted by theory.

1.2 Objective.
In order to investigate the phenomenon called peri-receptive field suppression from a computational approach, 

we will develop a new model of the primary visual cortex that is faithful to the cell density and binding probability 
of the a c t u a l  mouse brain. Furthermore, the developed model will be used to reproduce peri-receptive field 
inhibition and to investigate its effects and neural oscillatory state in regions that have not been experimentally 
investigated. Specifically, we will develop a model of primary visual cortex in awake and unstimulated mice, 
reproduce peri-receptive inhibition under stimulus presentation in column 2/3 of primary visual cortex, and 
analyze the effects and neuronal oscillation state during peri-receptive inhibition in other layers that have not been 
observed in experiments. Through these analyses, we aim to gain a more detailed understanding of the 
mechanism of peri-receptive inhibition.
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2 Fundamentals of Computational Neuroscience
In the following, we will introduce some of the neurophysiological terminology and representative neuronal 

models used in computational neuroscience that will be required in this study.

1.1 neurophysiology
Although differences exist among species, the brains of organisms have basically similar functions and 

structures. In this section, we will mainly discuss brain structures related to mammals.
The brain is composed of three major regions: cerebrum, cerebellum, and brainstem. The cerebrum is 

primarily responsible for sensory processing, the cerebellum for motor coordination, and the brainstem for basic 
life support [1-4].

In particular, in the neocortex, the part of the cerebrum treated in this study, there is a hierarchical structure 
with distinctive structures at each scale. The first hierarchies to appear are those that designate rough locations, 
such as the frontal and occipital lobes. Next are the scales specialized for each sensory information processing, 
which are called the foveas. In particular, the primary visual cortex, the area responsible for early visual 
information processing, is located in the occipital lobe. Furthermore, within a region, regions that respond to 
specific stimuli are grouped together and called columns. Columns are six-layered (the six-layer structure is not 
hierarchical, but a common feature of the entire neocortex), and within each layer, many neurons connect with 
each other and exchange electrical signals called spikes. The structure of a neuron consists of dendrites that receive input 
from other neurons, cell bodies that integrate stimuli, and axons that provide output to other neurons. Neurons 
are broadly classified into excitatory cells, which activate brain activity, and inhibitory cells, which deactivate 
brain activity, depending on the type of stimulus transmission. This difference is determined by the type of 
synaptic connections, which are the connections between neurons.

1.2 Typical Neural Circuit Model
Neural circuit modeling is a method to computationally and theoretically investigate neural activity by 

considering neurons and their populations in sensory organs and the brain as physical models, such as electrical 
circuits, and then formulating differential equations to calculate them [5-7].

Historically, Hodgkin and Huxley investigated the propagation of action potentials in squid giant axons in 
1952 and obtained it as a four-variable nonlinear differential equation [8]. This model was called the HH 
model, but because it was a nonlinear differential equation in four variables, its response was difficult to 
understand intuitively.

In this context, FitzHugh and Nagumo considered the HH model as a kind of Van der Pol oscillator and 
obtained simplified neuronal behavior as a bivariate nonlinear differential equation [9,10]. This transformation 
into equations of few variables allowed the dynamics of neurons to be studied as a dynamical system using 
phase diagrams and other methods.

On the other hand, the Leaky Integrated and Fire model (LIF model) exists as a model that qualitatively 
reproduces the behavior of neurons, rather than biophysically quantitative and precise equations like the HH 
model. It was first developed by Lapicque in 1907 [11], and has been used in a number of studies, such as model 
refinement and efficiency improvement.
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Research has been undertaken for a long time (Figure 1). This model is often used in large-scale simulations 
because of its advantage of computational simplicity due to its simple differential equations [7].

Furthermore, in a similar modeling vein to the LIF model, Izhikevich in 2003 developed a bivariate 
differential equation (with fewer variables than the HH model) that is known to reproduce neuronal behavior 
well [12].

Figure 1.  Representation of the LIF model in terms of electrical circuit and differential equations 
(left) and response (right)
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3 previous work
In this chapter, we will discuss previous studies that are directly related to our research topic. The previous 

studies can be divided into two broad categories: experimental evidence on peri-receptive field suppression and 
studies on models of primary visual cortex based on actual cell densities.

3.1 primary visual cortex model

Because the primary visual cortex is responsible for early visual processing, it has been the subject of much research in 
neurophysiology. Early work by Hubel a n d  Wiesel, who found neurons in the primary visual cortex of cats that 
responded selectively to line segments in specific directions [13], led to the investigation of the relationship 
between visual input and the primary visual cortex. In this context, physical and computational methods using 
neuronal models were introduced to gain a deeper understanding of the relationship between specific visual inputs 
and the neurons that respond selectively to them, allowing us to infer the processing taking place in the brain 
[14,15]. One of the early challenges in these fields was that simulating neuronal models and their networks 
required the numerical solution of a number of differential equations proportional to the size of the network, and 
only simple models could be handled due to computational limitations.

In recent years, however, large-scale simulations have become possible with the development of computers. For example, in 
[16], a large-scale simulation of the primary somatosensory cortex in rats was conducted using a neuronal 
model called the multicompartment model. In this vein, [17] performed a large-scale simulation of a primary 
visual cortex model in both the LIF model and the multi-compartment model based on actual mouse cell 
density and other data. However, this primary visual cortex model was adjusted to the average firing rate under 
specific visual stimulus presentation and did not reproduce the condition under non-stimulus conditions during 
waking. Therefore, it is necessary to construct a network based on the waking state under non-stimulus 
conditions in order to compare neural activity between the waking state under non-stimulus conditions and the 
state under some visual stimulus presentation.

3.2 periaqueductal inhibition

In the brains of mammals such as humans, cats, and mice, the retina and brain regions that respond to different 
types of stimuli are called classical receptive fields [1]. However, there is a response that cannot be interpreted by such 
classical receptive fields alone, a phenomenon called ambient modulation [18]. This is a phenomenon in which the 
response is modulated by differences in contextual information such as the size and number of visual stimuli, even 
when the types of visual stimuli being viewed are the same. Among these, the phenomenon of inhibitory 
responses due to ambient modulation is called receptive field ambient suppression. Such non-intuitive responses 
are pointed out to be related to perceptual functions such as curvature detection, motion, and speed of objects 
captured by the eye [18-20], and require basic understanding. As a specific example, in the visual cortex, an 
increase in visual stimulus size causes a decrease in the response of pyramidal cells (Pyr), which are excitatory cells 
inside the stimulus. However, there are cases in which the opposite is true for contour integration, where the response 
is facilitatory [20]. In addition, information-theoretic perspectives
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from the Efficient Coding Hypothesis [21] and Sparse Coding [22].
Although many experimental facts exist, there is no unified view on what mechanism is responsible for the 

occurrence [18]. For example, several patterns have been proposed for the brain networks that cause ambient 
modulation: coupling with the retina and LGN in primary visual cortex [23,24], horizontal coupling within 
primary visual cortex [25], and coupling with higher-order areas such as secondary visual cortex [26]. The fact 
that there are experimental facts for all patterns suggests that they are complex, but the main elements, etc., are 
currently unknown [18].

Several models have been proposed that can explain such ambient modulation phenomena. Among those 
widely applicable to neural computation in general are the Normalization model [27], the Inhibition-stabilized 
networks model [28], and the Stabilized supralinear networks model [29]. These are characterized as explanatory 
models for explaining phenomena in that they can explain a wide range of neural activity but are phenomenologically 
structured and are not constrained to physiological data [30]. On the other hand, there are also computational 
models that reflect more physiological data [18,30]. Many of these are based on some assumption and simulations 
are performed by taking out a portion of the column structure of interest, and the entire column structure and neuron 
counts are not faithful to the physiological data.

In a previous study, which is the subject of this replication, it was shown in experiments on layer 2/3 of the mouse 
primary visual cortex that an increase in visual stimulus size increases the activity of somatostatin-expressing 
inhibitory neurons (SOM) and suppresses the excitatory Pyr, resulting in perireceptive field inhibition [31]. The 
mechanism was explained as an increase in stimulus range producing an increase in active Pyr in the periphery, 
which in turn increases the activity of SOM within the stimulus range and decreases the activity of Pyr within 
the stimulus range. However, these detailed responses have only been found in limited locations, such as layer 
2/3, as described above, and how they respond in other locations and to different intensity stimuli has not been 
investigated. In addition, 5-hydroxytryptamine receptor 3A-expressing inhibitory neurons (Htr3A) have not 
been the subject of any experiments, although parvalbumin-expressing inhibitory neurons (PVs) have been 
simultaneously examined.

Figure 2.  Joint probabilities (left) and joint weights (right) for [17)
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Figure 3 Response of Pyr, PV, and SOM during t h e  occurrence of peri-receptive field suppression [31].
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4 Development of a primary visual field model
The mouse primary visual cortex model in this study is based on data such as cell density, connectivity 

probability, synaptic connectivity strength, and axonal delay in [17], and the LIF model is used to construct the 
primary visual cortex model.

In the previous study, the LIF model parameters were determined for each cell type, which were further 
subdivided than Pyr, SOM, PV, and Htr3A. The LIF model was developed by setting parameters such as time 
constants for firing for the four neuron types (Pyr, SOM, PV, and Htr3A) in the LIF model. The main difference is 
that PV is faster than SOM and PV is slower than SOM. The main difference is that PVs are called fast spiking 
neurons and fire more frequently, while Pyr and SOMs are called regular spiking neurons and fire less frequently 
than PVs [32]. which is the largest proportion of both types of Htr3A [33,34]. The primary visual cortex model has a 
column structure similar to that of [17] and consists of layers 1, 2/3, 4, 5, and 6, with layer 1 containing Htr3A 
and layers 2/3 through 6 containing Pyr, SOM, PV, and Htr3A (Figure 4). Each combination of neuronal 
populations is coupled according to coupling parameters (Figure 5). Among the coupling parameters, the coupling 
weights are given by the postsynaptic currents in [17], so the conductances were determined so that the 
postsynaptic currents agree with the data in the paper within 1% error by simulating and numerically exploring 
the conductance values in each combination by gradually changing them from 0 to The coupling probability 
depends on the horizontal distance. The coupling probability was set so that the coupling probability decreases in 
a Gaussian fashion depending on the horizontal distance. In addition, synaptic plasticity was not introduced in the 
present model.

The network thus configured is used in NEST, a neural circuit simulation software.
It was created using version 3.3 of simulator [35] (Figure 6). Here, the cellular arrangement of the network was 
set to a lattice shape in order to have uniform connectivity.

Figure 4.  Column Structure and Number of Cells in Each Layer
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Figure 5.  Schematic diagram of intra- and interlaminar coupling (left) and cell population coupling parameter 
settings (right)

Figure 6.  Model of primary visual cortex with neurons arranged in a grid pattern

In order to reproduce the unstimulated state during waking, we used [31, 36,37] as the firing rate of 
neurons in the waking state of mice as a reference and adjusted the activity state of the neural network by 
inputting spike trains following a Poisson process to Pyr, SOM, PV, and Htr3A. For layer 2/3, which is the main 
target in this study, the firing rates were adjusted to be within 60% error range of the experimental values 
(Table 1). For the other layers, the Pyr values were also within the experimental error range. On the other 
hand, due to the lack of information on the average firing rate of each inhibitory neuron type in layers 2/3 
and below, the firing rates were adjusted to have a similar trend to the large and small average firing rates 
according to cell type in layer 2/3 and the average firing rate of Pyr in each layer. The model created as 
described above was simulated using the fourth-order Runge-Kutta method with a time step set to 0.1 ms. The 
simulation time was 2500 ms, except for the first 500 ms to remove transient responses, and the average firing 
rate change over the entire column was analyzed. First, a raster plot showing the firing timing of each neuron 
is created in Figure 7. To see, the horizontal axis is time and the vertical axis is an index designating which 
neuron is which, arranged from the top starting with the first layer. The dotted area indicates the neuron with 
the index specified on the vertical axis.

The timing of cell firing is shown, and the colors correspond to the colors for each cell type shown in Figure 6. 

Results in Figure 7
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To determine the change in the number of spikes from the spike number, the total change in the number of 
spikes per 5 ms was obtained (Figure 8). Frequency analysis of the spike count change by Fourier transform 
revealed a peak of γ oscillation, which is a synchronous oscillation of about 35-40 Hz (Figure 9).

These synchronous oscillations are characteristic activities of neuronal populations in the actual brain [38], 
and it has been pointed out that γ oscillations, in particular, facilitate information processing among 
synchronous oscillations [39]. For example, it has been shown that γ oscillations define the timing of the 
transmission of sensory information to Pyr [40] and that noise is reduced in the transmission of information 
from Pyr to PV [41] [42].

Thus, γ-synchronous oscillations are an effective neural activity in information processing, and we will use this as 
the waking and unstimulated state in this study.

Table 1.  Comparison of experimental and model firing rates for each neuron type in layers 2/3

Figure 7.  Raster plot after firing rate adjustment
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Figure 85 Change in total spikes per ms

Figure 9.  Frequency analysis results of total spike count change
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5 Simulation of peri-receptive field inhibition
5.1 Reproduction of peri-receptive field inhibition by primary visual cortex model

We aim to reproduce peri-receptive field inhibition by applying stimuli corresponding to physiological 
experiments to a resting state model of the primary visual cortex that we have constructed and tuned. In the 
experiment of [31], which is the subject of this study, experiments are conducted in mice that have been 
modified by optogenetics to cause depolarization by exposing neurons to laser light, resulting in neural spikes. In 
this study, what was stimulation by laser light in the actual experiment is given to the model as electric current 
stimulation to simulate the physiological experiment. In addition, we will investigate the response of the model in 
detail by varying not only the stimulus range as in the physiological experiments but also the intensity of 
the current stimulus corresponding to the intensity of the laser light.

The specific stimulation range this time was the 2nd/3rd layer, and as shown in Figure 10, the results of current 
stimulation of various intensities were analyzed in four different circular areas with diameters of 180 um, 360 
um, 540 um, and 720 um, located at the center in the x-y plane. The current stimulation intensity was set at 10 
pA, 20 pA, 30 pA, 40 pA, 50 pA, and 60 pA.

Figure 10. Schematic diagram of stimulus presentation to primary visual cortex model

Figure 11 summarizes the results of running the simulations for all combinations of stimulus range and 
intensity, normalizing the minimum value of the average firing rate of Pyr, SOM, PV, and VIP within the 
second/third layer stimulus range to 0 and the maximum value to 1. Figure 11 shows that at a current intensity 
of 40 pA, the Pyr and PV activity decreases in response to the increase in SOM activity, a result that well 
replicates the results of the physiological experiments. However, it can be seen that as the current intensity 
increases away from 40 pA, the results also diverge from the experimental results. In particular, when the 
stimulus range is 720 um, the response often deviates significantly from the experimental results, but this is 
thought to be due to the fact that the model range is 750 um square, which is close to the model boundary, 
and thus the response shows unstable behavior. The simulation results also show that Htr3A responds 
similarly to Pyr and PV, which had not been experimentally confirmed.
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Figure 11. Simulation results of peri-receptive field suppression in layer 2/3

Suppression Index (SI) exists as a method to evaluate peri-receptive field inhibition by index values, in addition 
to judging it by the figure and firing rate. This method is calculated as the difference between the mean firing 
rate normalized by a different rule than Figure 11 and the mean firing rate under non-stimulus conditions. 
Specifically, the normalized firing rate is obtained by dividing all the average firing rates by the maximum 
value of the average firing rate for each stimulus intensity, and then the difference between 1 and the normalized 
firing rate under unstimulated conditions (A) is divided by the difference between 1 and the normalized firing rate 
in the maximum stimulus range (B) to obtain the SI (Figure 9). The SI for each neuron type is calculated in 
Figures 12 to 15.

Figure 11: Suppression Index Calculation Method
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Figure 12Pyr's response including reference value and SI

Figure 13 SOM response including reference value and SI
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Figure 14PV response including reference value and SI

Figure 15Htr3A response including reference value and SI
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The figure also shows that the effect of peri-receptive field inhibition is well reproduced at 40 pA stimulation. 
30 pA for Pyr is indicatively more effective for inhibition, but this may be due to the fact that the results of 
the boundary condition are greatly influenced by the maximum stimulation range of 540 um, which is much 
closer to the actual results. However, the results of Htrs. However, for Htr3A, which was not observed in the 
experiment, the index values differ significantly from those of other neuronal cell types because the standard 
unstimulated firing rate is located between the maximum and minimum firing rates under stimulation. The SI 
may be insufficient to capture these Htr3A responses as well. By comparing the SI obtained in the above 
manner with the SI obtained from the experiment, it became clear that the SI had a similar trend to the value 
obtained from the simulation in this study, and the effect of peri-receptive field inhibition could be 
quantitatively verified by the index value.

Table 2Comparison of Suppression Index with experimental values

Pyr SOM music video VIP

Experimental values [31]. 0.92 0.10 0.46 -

Simulated value (40 pA) 0.44 0.0 (0.0) 0.28 2.77

5.2 Analysis of peri-receptive field inhibition outside of layer 2/3 and synchronous oscillation under peri-

receptive field inhibition
So far, we have analyzed the response of layer 2/3 only, but here we will analyze the response of deeper 

layers. Specifically, we examine the response of the deeper layers while simulating the peri-receptive field 
inhibition in the 2nd/3rd layer. The analysis method is the same as for the 2nd/3rd layer, with the minimum 
value of the average firing rate set to 0 and the maximum value set to 1, to investigate the effect of peri-receptive 
field suppression (Figs. 1 6 - 1 8 ). In this section, we mainly consider the responses to circular stimuli with 
diameters of 180 um, 360 um, and 540 um in order to exclude unstable behavior when stimuli are applied to 
the vicinity of the model boundary.

Figure 16 shows the response of layer 4, and it can be seen that the peri-receptive field inhibition of Pyr occurs 
in layer 4 as in layer 2/3. However, in layer 2/3, the peri-receptive inhibition of Pyr was caused by the SOM, 
whereas in layer 4, the inhibitory neurons dominant for the peri-receptive inhibition of Pyr were changed to PV 
and Htr3A. This reverses the role of inhibitory neuron types in layers 2/3. A possible factor in the present 
simulation is that the role reversal may be caused by inhibitory neurons interfering with each other due to 
differences in the density of each cell and interlaminar connections not only within layers. Next, looking at the 
response of layer 5 from Figure 17, it can be observed that the SOM is effective in peri-receptive field inhibition, 
although its detailed behavior differs from that of layer 2/3. However, in layer 2/3, all neurons are inhibited at the 
same time during 40 pA stimulation, which is the best replication of the experiment, and this phenomenon 
cannot be treated simply by the intralaminar relationship. Finally, layer 6 in Figure 18 shows that Htr3A 
behaves effectively as a peri-receptive field inhibitor. This is interesting in that a neuron type not observed in 
the experiment plays an effective role.

A common feature of the deep layers that distinguishes them from layers 2/3 is that the response of Pyr's peri-
receptive field inhibition is more pronounced in the stimulus range.

The shift to the broad directional side of the In particular, in a related study, the receptive field circumference of 

layer 6
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Since this shift in response to the right side was even confirmed as a result of the simulation of enclosure 
inhibition, we believe that the results are consistent with other computational models as well [30]. Thus, we 
have confirmed that not only the role of inhibitory neurons changes as the stimulus is transmitted through 
interlaminar connections, but also that such a shift occurs simultaneously.

Figure 16.  Layer 4 response during simulation of peri-receptive field inhibition

Figure 17. Layer 5 response during simulation of peri-receptive field suppression
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Figure 18. Layer 6 response during simulation of peri-receptive field inhibition

Figure 19.  Raster plot of peri-receptive field suppression onset

Synchronous oscillations during peri-receptive field suppression (40 pA, 540 um) were also analyzed. As in 
the development of the model, we examined the frequency analysis of the total spike number change and 
synchronous oscillation for each 5 ms raster plot, and obtained the results shown in Figures 19-21. The frequency 
analysis of the synchronous vibration in Figure 21 shows that the strong peak of the γ vibration remains 
unchanged during peri-receptive field suppression, but the peak intensity of the γ vibration is reduced. In 
addition, the peak of the γ vibration became slightly broadened. In addition, there was a slight broadening of 
the γ vibration peak.
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Overall, the results are interesting in that the average firing rate of each neuron type under peri-receptive field 
inhibition is greatly modulated from the unstimulated state, yet the synchronized oscillation state remains 
unchanged.

Figure 20: Change in total number of spikes per 5 ms during peri-receptive field suppression

Figure 21. Frequency spectrum during peri-receptive field suppression
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5.3 Comparative analysis under unstimulated and peri-receptive field suppression onset
In previous analyses, no significant differences were found in the activity of the entire column under 

unstimulated conditions and during the occurrence of peri-receptive field suppression. In this section, we 
compare the activity of the primary visual cortex model under unstimulated and peri-receptive inhibition (40 
pA, 540 um condition) in more detail by using two-dimensional visualization and topological data analysis 
techniques.

First, the frequency analysis we have done so far is expanded to analyze temporal frequency changes by means 
of a spectrogram. A spectrogram is a method to visualize the temporal change of frequency as an image in which 
the horizontal axis represents time, the vertical axis represents frequency, and the color represents intensity, by 
conducting frequency analysis while sliding a time window. Figure 22 shows a spectrogram created by the Fourier 
transform using a time window. Here, as the signal intensity, we used the intensity in decibels calculated as log10 
𝐴 when the transformed value is 𝐴. The left side of the figure shows the spectrogram under non-stimulation and 
the right side shows the spectrogram under peri-receptive field suppression, and although the visually different 
parts can be seen, they are not clear. Therefore, Figure 23 shows the intensity output for the ratio log10  𝐴2 /𝐴1   
when the Fourier transformed value under unstimulation is 𝐴1 and that under peri-receptive field suppression is 
𝐴2 . The way to look at Figure 23 is to use the non-stimulus condition as a reference, with the red color indicating 
strong synchronous oscillations under peri-receptive field inhibition in that frequency band, and the blue color 
indicating weak synchronous oscillations. By looking at the figure, it can be confirmed that the peaks under peri-
receptive field inhibition are stronger at various frequencies up to 1 second. After that, however, the peaks around 
40 Hz and 80 Hz gradually become stronger, indicating that the non-stimulated condition has stronger peaks in a 
wider range. Thus, in the present simulation, it is clear that the peaks in the specific frequency range as described 
above become particularly strong under peri-receptive field suppression.

These results are in line with related studies [39], such as that γ-vibration improves information processing 
functions related to perception

If we consider the above, we can present the possibility that peri-receptive field inhibition improves perceptual 
information processing function, as γ oscillations are relatively stronger than in the unstimulated state. It is 
also consistent with the fact that peri-receptive field inhibition is a function that has advantages in the efferent 
coding hypothesis [21].

No stimulus  Suppressed

Figure 22. Spectrograms under unstimulated (left) and peri-receptive field inhibition (right)
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The average firing rate (FR) and its rate of change for the entire column are then visualized in two dimensions 
to compare the trajectories on the plane. The average firing rate was obtained by using the change in the number of 
spikes every 5 ms seen so far and the total number of cells in the column. Figure 24 shows the trajectories of the 
average firing rate on the horizontal axis and the rate of change per unit time on the vertical axis, with the left side showing 
the trajectories under unstimulated conditions and the right side under inhibited conditions. As can be seen, both 
trajectories form elliptical trajectories inclined in the plane. Both orbits are similar and could be modeled as nonlinear 
oscillators like the van der pol oscillator [43]. One difference is that under unstimulated conditions, the orbit with 
the longest diameter takes place around 1500 ms, whereas under suppressed conditions, the orbit takes place 
around 800 ms. Furthermore, under suppression, the trajectory changes to take a smaller diameter trajectory at a 
time close to 2000 ms. For visibility, only the points on the orbit are enlarged and displayed in Figure 25.

Figure 23. Spectrogram under peri-receptive field inhibition with reference to unstimulated

No stimulus  Suppressed

Figure 24.  Average firing rates under unstimulated and inhibited conditions and trajectories of their rates of 
change
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No stimulus  Suppressed

Figure 25.  Average firing rates under unstimulated and inhibited conditions and points on the trajectory of 
the rate of change

Next, the average firing rate change described above is analyzed in a different way. The analysis method is 
simple: when focusing on a certain time, the average firing rate of the time of interest is taken on the horizontal 
axis and the average firing rate of the time following the time of interest is taken on the vertical axis, and dots 
are dotted across the entire average firing rate data. The output figure of this analysis is shown in Figure 26. 
Since dotting a single figure for all times would reduce the visibility of the point cloud structure, a figure was 
created for each 500 ms here. The upper part of the figure shows under unstimulated and the lower part under peri-
receptive field inhibition. One of the geometric features common to both groups is that the relationship between 
firing rates is contained within a triangle with the origin at the apex. After 500 ms, the triangle gradually 
expands in the unstimulated condition, while it gradually narrows in the condition under peri-receptive field 
inhibition, indicating the difference between the two conditions. Furthermore, it can be confirmed that the 
points under peri-receptive inhibition are located on the boundary of the triangle, which is particularly 
prominent in the 500-1000 ms and 1000-1500 ms periods. These analyses suggest that the two states may also 
be distinguished by these geometric features.

Top: No stimulusBottom : Suppressed

Figure 26. Relationship between time of focus and average firing rate at adjacent times.
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The analysis of Figure 26 suggests that some geometric features may be relevant. Therefore, we will address the 
quantitative analysis of geometric features. The target is the result that a group of points under the peri-
receptive field suppression is located on the boundary of the triangle, which is noticeable at 1000-1500 ms. 
Abstractly speaking, we can say that there is a hole in the boundary because there are almost no points inside 
the boundary. Therefore, topological data analysis is a powerful tool to quantitatively investigate whether or not 
there is a hole and what kind of hole it is. The method we will use is called persistent homology [44,45]. This is 
a method that gradually increases the diameter of a point cloud and examines when holes are created and when 
they disappear. This provides quantitative information about the holes that are characteristic of the point cloud. 
For all times in Figure 26
Figure 27 is the result of applying the persistent homology technique to a summary of the point cloud in 
Figure 27, and such a diagram is called a persistent diagram. The left side of the figure corresponds to the 
unstimulated and the receptive field peri-inhibited areas. The horizontal axis shows the diameter of the 
connecting points that can be regarded as holes, the vertical axis shows the diameter of the collapsed holes, and 
the color indicates the frequency of the collapses. In other words, the higher the hole is located above the 
diagonal, the longer the time between the creation of the hole and its disappearance, and thus the more 
characteristic the hole (structure) is. Conversely, holes closer to the diagonal are those that disappeared soon 
after their occurrence, and thus cannot be considered very characteristic. The present results show that the 
basic structures of both are similar, but the most characteristic hole structures are more common under the 
peri-receptive field suppression. Here, we examined the most characteristic structure of both as the one with the 
largest difference between onset time and disappearance time, and found that it corresponds to a point located 
near the coordinate value of (0.069, 0.27). Figure 28 shows a back-analysis and display of which part of the 
original point cloud this structure corresponds to. Figure 28,
Output of point clouds near the boundary of the triangle under the peri-receptive field suppression identified in 
Figure 26 as characteristic
The unstimulated cells are small hole structures, whereas the stimulated cells are small hole structures. This 
confirms the existence of such structures in a quantitative manner. Although it is not clear why such structures 
and point clusters exist, we believe that we have demonstrated the possibility of finding geometric features in 
the behavior of peri-receptive field inhibition.

No stimulus  Suppressed

Figure 27. Persistent diagram based on the point cloud in Figure 26 under unstimulated (left) and peri-receptive 
field inhibition (right)
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No stimulus  Suppressed

Figure 28. Characteristic hole structures under unstimulated (left) and peri-receptive field inhibition (right) 
obtained from persistent diagram
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6 Conclusion.
In this study, we developed a new mouse model of the primary visual cortex in the waking state and reproduced 

peri-receptor inhibition for the first time in a model faithful to the cell density of the actual mouse brain by simulating it on 
the developed model. In the development of the model of the primary visual cortex in the waking state, we 

used a model with one to six layers of cusps based on the number of cells faithful to physiological experiments.
A network with a Ram structure was constructed and adjusted to a state close to the average firing rate of the 
waking state by the background stimulus. The adjusted network was simulated for 2000 ms, and raster plots 
showing the timing of firing for each cell were generated. To determine the frequency of the synchronous 
oscillation, the firing rate of the entire network was determined every 5 ms, and Fourier analysis revealed a 
peak of γ oscillation at 35-40 Hz.

In the simulation of peri-receptive field suppression, current stimuli of various intensities corresponding to 
the stimulus range of physiological experiments were applied to the resting state primary visual cortex model 
we developed in layer 2/3. The simulation results were most consistent with the results of the physiological 
experiments when electrical stimulation of 40 pA was applied to layer 2/3. However, as the current intensity 
increased away from 40 pA, the response became different. There was also a departure from experimental values 
when the stimulus diameter was closer to the model's range. This is thought to be due to the fact that as one 
approaches the range of the model, one is more likely to deviate from the boundary conditions to reality. This 
suggests that responses may also change when stimulus intensity is different. The simulation results showed 
that the suppression index, a measure of the degree of peri-receptive inhibition, showed a similar trend to 
the results of the physiological experiments. The simulations also showed that Htr3A, which was not observed 
in the physiological experiments, responded similarly to PVs when peri-receptive field suppression was 
reproduced.

In addition, we simultaneously examined the response in the deeper layers, which had not been investigated 
experimentally: when the 2/3 layer was stimulated at 40 pA

The results showed that Pyr also produced peri-receptive field inhibition in the deeper layers in the 2/3 layer. 
However, the response of inhibitory cells was different from layer 2/3. This suggests that although peri-
receptive field inhibition occurs in all layers, the role of inhibitory cells may differ from layer to layer. At the 
same time, FFT frequency analysis of the whole column activity under peri-receptive field inhibition did not reveal 
any significant difference from that under non-stimulation.

In order to clarify the difference between the behavior under unstimulated and peri-receptive field 
suppression, we analyzed the temporal variation of frequency by spectrogram, visualized the temporal 
relationship of average firing rate on a two-dimensional plane, and analyzed topological data using persistent 
homology. The spectrograms revealed that the peaks around 40 Hz and 80 Hz in the columns under peri-
receptive field inhibition became larger with time than in the unstimulated condition. In addition, the method 
of examining the temporal relationship of the average firing rate on a two-dimensional plane pointed out the 
existence of nonlinear oscillatory trajectories and characteristic geometric structures. By using topological data 
analysis to confirm the existence of the characteristic geometrical structures, we were able to quantitatively 
demonstrate the existence of such structures. Although the reason why such structures are generated is 
unknown, we have presented the possibility that the geometric features can be used to examine the behavior of 
the phenomenon of peri-receptive field inhibition.

From the above, it is clear that the role of inhibitory cells in peri-receptive field inhibition changes depending on 

the intensity and layer of the stimulus
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The results of the study were This is something that cannot be interpreted by the qualitative explanations given in 
previous studies. Furthermore, by analyzing the behavior of the peri-receptive field suppression phenomenon in 
an appropriate manner, we were able to capture its geometric features. This approach may lead to the discovery of 
more detailed physics in peri-receptive field inhibition. In the future, we would like to elucidate the function of 
peri-receptive field inhibition in more detail by expanding the size of the network and simulating different 
stimulation methods.
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