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High-frequency synchronization has been found in many real neural systems and is conﬁrmed by excitatory/inhibitory (E/I)
network models. However, the functional role played by it remains elusive. In this paper, it is found that high-frequency
synchronization in E/I neuronal networks could improve the ﬁring rate contrast of the whole network, no matter if the network
is fully connected or randomly connected, with noise or without noise. It is also found that the global ﬁring rate contrast
enhancement can prevent the number of spikes of the neurons measured within the limited time window from being confused
by noise, thereby enhancing the information encoding eﬃciency (quantiﬁed by entropy theory here) of the neuronal system.
The mechanism of ﬁring rate contrast enhancement is also investigated. Our work implies a possible functional role in
information transmission of high-frequency synchronization in neuronal systems.

1. Introduction
High-frequency synchronization of neural ﬁring is believed
to be one possible origination of high-frequency brain oscillations and gamma oscillations, which reside in the frequency
band between 30 and 90 hertz and are found in many regions
of the cerebral cortex [1]. Synchronization of neural ﬁring
may be relevant to some disorders of neural systems [2],
but more importantly, the high-frequency oscillations (synchronization) are found to be related with many cognitive
behaviors such as the processing of sensory signals, learning
and memory, and attention in many biological experiments
[3–7]. To reveal the underlying mechanisms of functional
roles of the high-frequency synchronization (oscillations)
on these cognitive behaviors, neural network models are constructed. Some functional roles of the high-frequency oscillations are hypothesized and tested with neural network

models. One of the possible functional roles of the highfrequency oscillations is the feature binding [8–10]. Various
features of the object such as shape, color, and motion are
represented by diﬀerent groups of neurons in diﬀerent
regions of the cerebral cortex. These groups of neurons ﬁre
synchronously, thereby distinguishing them from other neurons in the cerebral cortex. Thus, the corresponding features
encoded in these synchronized ﬁring of neurons are bound
together to form a complete perceptual construct. Another
possible function of the high-frequency oscillation is stimulus selection [11–14]. More coherent stimuli oscillating at
high frequency are found to have a competitive advantage
over less coherent ones; thus, the coherent stimuli are
selected to pass down the neural systems.
Though these proposed functions of the high-frequency
oscillation (synchronization) have been tested by neural network models, they are not producing satisfactory results due
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to the lack of relevant data and the oversimplicity of these
models. Since neural systems are usually composed of both
excitatory and inhibitory neurons, it is helpful to have a
closer look at the mechanism of the genesis of highfrequency synchronization in E/I networks before we explore
its functional role. It is widely believed that ING (interneuron
gamma) and PING (pyramidal and interneuron gamma) are
two possible mechanisms of the generation of highfrequency synchronization [15]. ING mechanism [16–19]
suggests that interneurons (inhibitory neurons) themselves
can induce synchronization, and this synchronization of
inhibitory neurons makes excitatory neurons ﬁre synchronously through the inhibitory synapses on excitatory neurons. However, as excitatory neurons have excitatory
synapses on inhibitory neurons as well, excitatory neurons
also aﬀect the ﬁring of the inhibitory neurons. For example,
excitatory neurons with sensory input encoded in them
may drive inhibitory neurons to ﬁre more frequently through
excitatory synapses [20]. The PING mechanism [21] supposes that inhibitory neurons themselves cannot generate
high-frequency synchronization. It is the interaction of excitatory drive and inhibition that induces the synchronization.
Furthermore, it is believed that only a fraction of neurons
ﬁres at each cycle of the synchronization [22, 23]. Therefore,
a fraction of excitatory neurons ﬁres at each cycle of the
synchronization, which provides synaptic current helping
to drive inhibitory neurons to ﬁre. The ﬁring of inhibitory
neurons inhibits the ﬁring of all neurons in the network.
This reminds us of the lateral inhibition [24–26]. Lateral
inhibition suggests that the ﬁring of excitatory neurons
drives the ﬁring of the neighboring inhibitory neurons,
which inhibits the ﬁring of the neighboring excitatory neurons in turn. Inspired by this idea, in Ref. [27], we found
that inhibitory neurons could act as a global recurrent
inhibition to enhance the ﬁring rate contrast of the whole
neuronal network. This further reminds us that improving
ﬁring rate contrast could be a possible function of neural
synchronization, and as information may be encoded in
the ﬁring rate of neurons [28], neural synchronization
could contribute to information transmission of neural
systems.
We proposed and conﬁrmed this global contrast
enhancement mechanism based on the high-frequency synchronization in the E/I network in this paper. More importantly, we conﬁrmed by entropy theory [29–31] that the
ﬁring rate contrast enhancement can prevent the numbers
of ﬁrings of the neurons measured within a limited time window from being confused by noise, thereby enhancing the
information encoding eﬃciency of neural systems. This
paper is organized as follows. Model and Methods provides
the E/I network model and the methods for quantifying the
neuronal information transmission eﬃciency. Simulation
Results presents simulation and quantitative results on the
enhancement of the ﬁring rate contrast with relatively simple
E/I networks. Mechanism of the Global Contrast Enhancement gives a qualitative analysis of the mechanism of the
enhancement of ﬁring rate contrast in E/I networks. Conclusions and Discussions summarizes the results and gives some
discussions.
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2. Model and Methods
The information encoded in the sensory neurons passes
through the neural systems layer by layer. It is expected that
information can be transmitted through the noisy neural systems with less information loss and less energy consumption.
We proposed a method that is based on the entropy theory to
quantify the neuronal information transmission eﬃciency.
Suppose there is a group of neurons with population size
N e (see the excitatory neurons in Figure 1). Each neuron,
for example, neuron i, receives an input I Si , the ﬁring rate of
which, r i , is measured by lim ki /T where ki is the number
T→∞

of spikes emitted by the neuron during period T. When T
is ﬁnite, ri is usually a random number due to the uncertainty
of the internal and external environment of the neuron. We
hope that for any I Si ≠ I Sj , r i ≠ r j , i.e., for any I Si ≠ I Sj , ki ≠ k j .
However, ki may equal k j due to the limited time window T
and the noisy nature of the neural system. This will lead to
the misidentiﬁcation of the input values of I Si and I Sj . In other
words, the input values I Si and I Sj will be mixed or wrongly
encoded in the output of neurons i and j. To avoid such
confusion, the contrast of the ﬁring rates of neurons i and j
should be enhanced. We found in this paper that in an excitatory/inhibitory (E/I) network, the high-frequency synchronization of inhibitory interneurons can globally enhance the
ﬁring rate contrast of excitatory neurons, the model of which
is described in Model of E/I Network. On the other hand, we
hope that the neural system can transmit more information
with less energy consumption, i.e., we hope neural systems
have high information transmission eﬃciency. To characterize this eﬃciency, we propose a method based on the entropy
theory, which is described in Methods for Quantifying Neuronal Information Transmission Eﬃciency.
2.1. Model of E/I Network. The network consists of one population of spiking excitatory neurons with size N e and one
population of spiking inhibitory neurons with size N i . Excitatory and inhibitory neurons receive synaptic inputs from
both excitatory and inhibitory neurons. Neurons in the network connect to other neurons with a probability ρ. We
deﬁne W EI = ðwEI
i, j ÞN ×N as the synaptic connection matrix
i

e

from excitatory neurons to inhibitory neurons, where “E”
in the superscript is the abbreviation of “excitatory neurons”
and “I” is the abbreviation of “inhibitory neurons.” If there
is a synapse from excitatory neuron j to inhibitory neuron
EI
i, wEI
with gEI being the strength of synapse; otheri, j = g
IE
IE
IE
IE
wise, wEI
i, j = 0. The deﬁnitions for W = ðwi, j ÞN ×N , wi, j , g ,
W EE = ðwEE
i, j ÞN

e

e ×N e

i

II
EE
II
II
II
, wEE
i, j , g , W = ðwi, j ÞN ×N , wi, j , and g
i

i

EI
EI
are similar to those of W EI = ðwEI
i, j ÞN ×N , wi, j , and g .
i

e

The dynamics of the excitatory and inhibitory neurons
are described as follows [29, 32].
τEm



dvEi ðt Þ
E IE
E S
= − vEi ðt Þ − V L − RE I EE
i ðt Þ − R I i ðt Þ + R I i ðt Þ,
dt
ð1Þ
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where t j,k is the ﬁring time of the k-th spike of neuron j; d
is the synaptic delay, τEd and τEr are the decay time constant and rise time constant of the excitatory synaptic current, respectively; and EEsyn is the reverse potential of the
excitatory synapse.
Similar to the deﬁnition of τEd , τEr , and EEsyn , we denote
τId ðτIr Þ as the decay time constant (rise time constant) and
EIsyn as the reverse potential of the inhibitory synapse. CorreEI
II
spondingly, the descriptions of I IE
i, j ðtÞ, I i, j ðtÞ, and I i, j ðtÞ can be
EE
given similarly to that of I i ðtÞ.
I Si ðtÞ is the stimulus presented to the excitatory neuron i.
I Si ðtÞ consists of two parts as follows:

WII
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Figure 1: The structure of the E/I network.

I Si ðt Þ = cSi ð1 + εi ðt ÞÞ,



dvIi ðt Þ
I II
I B
= − vIi ðt Þ − V L − RI I EI
i ð t Þ − R I i ð t Þ + R I i ð t Þ:
dt

where cSi is the strength of the stimulus. It is a constant, but
each neuron has a diﬀerent strength, i.e., cSi ≠ cSj . cSi is drawn
from a normal distribution with standard deviation δS and
mean mS . εi ðtÞ is white noise, which obeys a normal distribution with standard deviation σSN and a mean of zero. The
parameter δS controls the contrast of the strength of the stimuli. Larger δS means higher contrast of the strength of the
stimuli.
Similar to I Si ðtÞ, the background input to the inhibitory
neurons I Bi ðtÞ is deﬁned; thereby, we have parameters δB ,
mB , and δBN for I Bi . The excitatory neurons may have background input as inhibitory neurons, and here, we assume that
I Si ðtÞ includes this background input.

ð2Þ
Here, vEi ðtÞ and vIi ðtÞ are the membrane potentials for the
excitatory neurons and inhibitory neurons, respectively.
When reaching the threshold potential V th , the neuron emits
a spike, and the membrane potential returns to the rest
potential V rest . τEm and τIm are the time constants of the membrane for the excitatory neurons and inhibitory neurons,
respectively. RE and RI are the membrane resistances. V L
is the balance potential associated with the leak current.
I EE
i ðtÞ is the summation of the synaptic current from all
excitatory neurons to excitatory neuron i, and the deﬁniIE
II
EE
tions for I EI
i ðtÞ, I i ðtÞ, and I i ðtÞ are similar to I i ðtÞ. They
can be described as in
EE EE
I EE
i ðt Þ = 〠 wi, j I i, j ðt Þ,
j
EI EI
I EI
i ðt Þ = 〠 wi, j I i, j ðt Þ,
j
IE IE
I IE
i ðt Þ = 〠 wi, j I i, j ðt Þ,

ð3Þ

j

I IIi ðt Þ = 〠 wIIi, j I IIi, j ðt Þ,
j

where I EE
i, j ðtÞ is the synaptic current resulting from all the
spikes of neuron j [29]:
i
 E E h E
E
v
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〠
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τ
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−
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I EE
ð
Þ
ð
Þ
i, j
d r
i
syn ,
j,k
k

ð4Þ

ð6Þ

2.2. Methods for Quantifying Neuronal Information
Transmission Eﬃciency. To simplify the descriptions of the
method, assume that the inputs of the neurons are images,
which are denoted by X = fxi , i = 1, 2, ⋯, N e g, where X represents the image presented to the neurons, N e is the number
of pixels in an image, and xi is the gray value of the i -th pixel
in the image. The output of the neurons represents the output
image with the number of ﬁrings of neuron i during time
window T. ki stands for the gray value of the corresponding
pixel. The images are presented to the neurons by letting
I Sj = x j . Suppose that the input xi is discrete (continuous
values of the gray value can be discretized following the
degree of the resolution in the neural systems), i.e., xi ∈ f0,
Δx, 2Δx, ⋯, MΔxg where Δx is the resolution of the discretization. Let us denote s j = jΔx. Let Lg ði, jÞ = 1 if the gray value
of the i-th pixel is jΔx; otherwise, Lg ði, jÞ = 0. Let pðs j Þ =
N

∑i=1e Lg ði, jÞ/N e be the “probability” (proportion) of the pixels
whose gray value is jΔx. Then, the entropy of the input image
(stimulus) can be calculated as SS = −∑M
j=1 pðs j Þ log ðpðs j ÞÞ.
Let pðkÞ be the “probability” (proportion) of neurons whose
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spiking number is k. Then, the full entropy of the output
image is deﬁned as Sfull = −∑∞
k=0 pðkÞ log ðpðkÞ Þ. If for any
pair of neurons with I Si ≠ I Sj , ki ≠ k j , i.e., if the diﬀerent inputs
of any two neurons can be distinguished by their outputs,
then the mutual information, SI , will be equal to the entropy
of the input image, SI = SS . This means that the information is
transmitted from the input side of the neural system to the
output side of the neural system without any loss. However,
as we discussed in the ﬁrst paragraph of Model and Methods,
ki may be equal to k j when I Si ≠ I Sj , which results in SI < SS ,
implying that some information is lost due to the ﬁnite time
window and noisy nature of the neuronal channels. The corresponding noise entropy, which is denoted by Snoise , can be
∞
calculated as Snoise = −∑M
j=1 ∑k=0 pðs j Þpðk ∣ s j Þ log ðpðk ∣ s j ÞÞ
according to the entropy theory [29]. Here, pðk ∣ s j Þ is deﬁned
as pðk ∣ s j Þ = C1 /C 2 , where C 1 is the count of neurons whose
spike number is k and input is s j , and C2 is the count of neurons whose input is s j . The mutual information is the full
entropy subtracted by noise entropy, SI = Sfull − Snoise .
Energy consumption [33, 34] should also be considered
when neural systems encode information with ﬁring rates
[35–37]. It is desired that neural systems carry more information with less energy consumption. Metabolic energy is usually considered when encoding eﬃciency is investigated,
which is quantiﬁed by the number of spikes employed to
encode the information. Then, the information eﬃciency is
calculated as I E = SI /F S , where F S is the average number of
spikes of neurons.

3. Simulation Results
3.1. Firing Patterns in a Fully Connected Network. We ﬁrst
use a relatively simple E/I network to focus our presentation
on our idea of global contrast enhancement resulting from
the high-frequency synchronization, where neurons are fully
connected and the background inputs to the inhibitory neurons are homogeneous. The parameter values are set similar
to Ref. [29], which are set as follows unless otherwise stated:
ρ = 1, N e = 450, N i = 150, gEI = gEE = 1:2/ðN e + N i Þ, gIE =
gII = 7/ðN e + N i Þ, τEm = 50 ms, τIm = 10 ms, RE = RI = 1 MΩ,
V L = −65 mV, τEd = τId = 6 ms, τEr = τIr = 0:1 ms, EEsyn = 0 mV,
EIsyn = −85 mV,d = 0:2 ms,δS = 0:5mS = 4,
δSN = 0:5,δB = 0,
mB = 2:4, σBN = 0, and T = 300 ms. It should be notiﬁed that
the numbers of excitatory neurons and inhibitory neurons
can be changed (the ratio of the two types of neurons falls
in a range around 3 : 1~4 : 1 according to Ref. [38], and we
choose 3 : 1 in this paper). If the ratio of excitatory neurons
and inhibitory neurons is changed, the excitatory and inhibitory synaptic strengths should also be suitably changed to
maintain the balance of excitation and inhibition in the network so that the network still oscillates synchronously.
Figure 2 shows the raster plots of the ﬁring of neurons in
the E/I network, where neurons labeled from 1 to 450 are
excitatory neurons and neurons labeled from 451 to 600 are
inhibitory neurons. Inhibitory neurons ﬁre synchronously
and act as the globally inhibitory signal to all the neurons
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in the E/I network. In each cycle of synchronization, a fraction of excitatory neurons ﬁres, and it is the ﬁrings of these
neurons that drive the inhibitory neurons to ﬁre in this cycle
of synchronization. Neurons with larger input will ﬁre more
frequently than those with smaller input, i.e., neurons with
larger input will ﬁre in more cycles of synchronization. Thus,
the input values are encoded in the ﬁring rates (the number
of spikes) of these excitatory neurons.
3.2. Contrast Enhancement in a Fully Connected Network.
We ﬁrst investigate the ﬁring rate contrast in the fully connected network when randomness is not included in the
stimulus to the excitatory neurons, i.e., σSN = 0. Figure 3(a)
shows the number of spikes of all neurons when T = 300 ms
in such cases. It is very interesting and unexpected to see that
the number of spikes of all the neurons scattered between 0
and 6, as the inputs of all the neurons are clustered around
4 (see Figure 3(c)). For comparison, Figure 4(a) shows the
number of spikes of all the neurons when neurons do not
connect with each other, i.e., each neuron is isolated and only
receives the external input I Si ðtÞ in Equation (1), and the synIE
aptic inputs I EE
i ðtÞ and I i ðtÞ are both 0. We can see from
Figure 4(a) that the number of spikes of isolated neurons is
closely around 8 and 9. Stated in other words, the contrast
of the number of spikes of excitatory neurons in the E/I
network is enhanced compared with that of the isolated neurons. If we measure the number of spikes when T is large
enough, we can get the ﬁring rate of each neuron, ri ≈ ki /T.
Figures 3(b) and 4(b) visualize the ﬁring rates of 400 excitatory neurons in the E/I network and a population of isolated
neurons, respectively, where the gray value of the small
square at the position (i,j) represents the ﬁring rate of the
neuron with index 20 ∗ ði − 1Þ + j. It shows clearly that the
gray contrast of Figure 3(b) is much larger than that of
Figure 4(b), implying that the ﬁring rate contrast of excitatory neurons in the E/I network is much larger than those
in the population of isolated neurons.
The enhancement of the contrast of the ﬁring rates of
excitatory neurons in E/I networks when randomness is
included is also conﬁrmed in Figures 5 and 6, where the spiking numbers of neurons within time window T and visualization of the ﬁring rates are shown. Randomness is introduced
to the network by setting σSN = 0:5. Figures 7(a) and 7(b) further show the histograms of the ﬁring rates of the excitatory
neurons in the E/I network and in the population of isolated
neurons, respectively. The histogram of Figure 7(b) is more
homogeneous than that of Figure 7(a), also conﬁrming that
the ﬁring rate contrast of excitatory neurons in the E/I network is much larger than that in the population of isolated
neurons.
To get a clearer watch of this contrast enhancement, we
arbitrarily choose several neurons between Figures 3(a) and
4(a), say neurons 6 to 15, and display the ﬁring rates of the
ten neurons in Table 1. We can see that the number of spikes
of the isolated neurons only has three values, 7, 8, or 9. Some
neurons have an identical number of spikes though their
inputs are somewhat diﬀerent. Namely, the number of spikes
of some neurons overlaps, resulting in a failure of the
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Figure 2: High-frequency oscillation in E/I networks with (a) no noisy input to the excitatory neurons, σSN = 0, and (b) noisy input to the
excitatory neurons, σSN = 0:5.
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Figure 3: Firing rates of all excitatory neurons in E/I networks with no noise, σSN = 0: (a) spiking numbers of all excitatory neurons within
300 ms; (b) visualization of the ﬁring rates of neurons 1-400 with gray values located at (i, j) representing the ﬁring rate of neurons
20 ∗ ði − 1Þ + j; (c) inputs of neurons 1-450.
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Figure 4: Firing rates of all excitatory neurons of a population of isolated excitatory neurons with no noise, σSN = 0: (a) spiking numbers of all
excitatory neurons within 300 ms; (b) visualization of the ﬁring rates of neurons 1-400.

6

Neural Plasticity

5
Row

Spiking number

6
4

10
15

2
0

20
0

50

100

150

200 250
Neurons

300

350

400

5

450

10

15

20

Column

(a)

(b)

Figure 5: Firing rates of all excitatory neurons in E/I networks with noisy input to excitatory neurons, σSN = 0:5: (a) spiking numbers of all
excitatory neurons within 300 ms; (b) visualization of the ﬁring rates of neurons 1-400.
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Figure 6: Firing rates of all excitatory neurons of a population of isolated excitatory neurons with noisy input to excitatory neurons, σSN = 0:5:
(a) spiking numbers of all excitatory neurons within 300 ms; (b) visualization of the ﬁring rates of neurons 1-400.
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Figure 7: Histograms of the ﬁring rates of all excitatory neurons in (a) a population of isolated excitatory neurons with noisy input and (b) E/I
networks with noisy input.

encoding of the inputs of these neurons. For example, both
neuron 6 and neuron 15 have 8 spikes though they have different inputs. This is because the contrast of the ﬁring rates of
the two neurons (neuron 6 and neuron 15 have ﬁring rates of
25.3 and 27.3, respectively) is so small that the number of the

spikes within a small time window T cannot be distinguished. On the other hand, as the contrast of the ﬁring rates
of the excitatory neurons in the E/I network is enhanced, the
problem of this overlapping is alleviated. The number of
spikes of these neurons in the E/I network has more
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Table 1: Spiking numbers of 10 isolated neurons and 10 excitatory neurons in E/I networks (see Figures 3(a) and 4(a)) with no noise.
Neuron index
Strength of the stimuli
Spiking numbers of isolated neurons
Spiking numbers of neurons in E/I network

6

7

8

9

10

11

12

13

14

15

3.69
8
1

3.53
7
0

4.16
9
4

3.73
8
2

3.87
8
3

3.75
8
2

3.96
8
3

3.70
8
2

4.26
9
5

3.88
8
3

Table 2: Spiking numbers of 10 isolated neurons and 10 excitatory neurons in E/I networks (see Figures 5(a) and 6(a)) with noise.
Neuron index
Strength of the stimuli
Spiking numbers of isolated neurons
Spiking numbers of neurons in E/I network

21

22

23

24

25

26

27

28

29

30

3.58
8
1

3.69
7
2

3.80
8
3

4.27
10
4

3.91
9
3

4.03
9
4

3.97
9
3

4.40
10
5

4.28
10
5

3.84
8
3

individual values (0, 1, 2, 3, 4, or 5) than those (7, 8, or 9) in a
population of isolated neurons (notice that as the synaptic
inhibition in the E/I network is stronger than excitation, the
number of spikes ﬁred by neurons in the E/I network is less
than those in the population of isolated neurons). The numbers of spikes of neuron 6 and neuron 15 are no longer identical (they have 1 and 3 spikes, respectively); this is because
they have a relatively large contrast of the ﬁring rates (they
have ﬁring rates of 5.3 and 12.7, respectively). Therefore,
thanks to the enhancement of the contrast of the ﬁring rates,
the output overlapping problem is somewhat relieved. Correspondingly, it is found that the information transmission eﬃciency is much higher in the E/I network (it is 0.54 in the E/I
network of Figure 3(a)) than that in the population of isolated neurons (it is 0.13 in the population of isolated neurons
of Figure 4(a)).
There is another more important problem, the noise disturbance problem, for the information transmission caused
by the small contrast of ﬁring rates in a population of isolated
neurons. Noise will disturb the encoding of the input information. If the diﬀerence of the ﬁring rates of the two neurons
is too small, the noise will make the two neurons ﬁre the same
number of spikes. Similarly, as in Table 1, we choose 10 neurons from Figures 5(a) and 6(a) and display their ﬁring rates
in Table 2. It can be seen that the ﬁring rate of neuron 23
(26.5) is a little larger than that of neuron 21 (24.0), but the
noise makes neuron 23 emit the same number of spikes (8
spikes) as neuron 21 within the small time window T. As a
result, it fails for the identiﬁcation of the two inputs. This
noise disturbance problem can also be alleviated in an E/I
network. As the contrast of the ﬁring rates of neuron 23
and neuron 21 is enhanced in an E/I network (they have ﬁring rates of 6.7 and 2, respectively), noise cannot make neuron 23 ﬁre the same spikes as neuron 21 any longer
(neuron 23 and neuron 21 ﬁre 3 and 1 spikes, respectively);
thereby, we can distinguish the strength of the inputs of the
two neurons by their outputs correctly. Therefore, due to
the alleviation of the output overlapping problem and noise
disturbance problem, the information eﬃciency in the E/I
network (it is 0.39 in the E/I network of Figure 5(a)) is greatly
improved compared to that in a population of isolated neu-

rons (it is 0.098 in the population of isolated neurons of
Figure 6(a)).
3.3. Contrast Enhancement in a Randomly Connected
Network. It is worthwhile noting that although the contrast
enhancement is explored in the relatively simple E/I network,
the results obtained in this paper are also reserved in more
realistic E/I networks. Figure 8 shows the ﬁring rate distribution and information transmission eﬃciency in a randomly
connected network with the connection probability ρ = 0:7
among all the neurons. The input to each inhibitory neuron
is diﬀerent one by one by setting δB = 0:1, σBN = 0:5. The
decay constants of excitatory synapses and inhibitory synapses are set diﬀerently as τEd = 20 ms, τId = 5 ms. Figure 8(a)
shows that inhibitory neurons ﬁre synchronously, and a fraction of excitatory neurons ﬁres at each cycle like the relatively
simple case in Figure 2. Figure 8(b) visualizes the number of
spikes of neurons 1~400 similar to Figure 5(b), which reveals
the contrast enhancement of the ﬁring rates of the excitatory
neurons in the E/I network, compared with Figure 8(c). The
information transmission eﬃciency is also calculated. The
information transmission eﬃciency in the E/I network is
2.3 times of that in a population of isolated neurons.
3.4. Information Transmission Eﬃciency. Further, we
explored the dependency of the information transmission
eﬃciency on the parameter values. Firstly, we checked the
eﬀect of two important parameters of the network on the eﬃciency of information encoding of the excitatory neurons, i.e.,
the strength of the inhibition to the excitatory neurons and
the strength of the synaptic currents from the excitatory neurons to the inhibitory neurons. To compare the information
transmission eﬃciency of the E/I network with that of a population of isolated neurons, we deﬁne an information transmission eﬃciency quantity I C = I E /I S , where I E is the
information transmission eﬃciency of the E/I network and
I S is the information transmission eﬃciency of the corresponding population of isolated neurons. Figure 9 shows that
I C declines when the strength of the inhibition to the excitatory neurons decreases (see the solid line). I C is even smaller
than 1 when the strength of inhibition is too weak, implying
that the information transmission eﬃciency of an E/I
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Figure 8: Firing rate contrast enhancement in a randomly connected E/I network: (a) raster plot of the ﬁring of all neurons; (b) visualization
of the ﬁring rates of neurons 1-400 in the E/I network; (c) visualization of the ﬁring rates of neurons 1-400 in a population of isolated neurons.
ρ = 0:7 , δB = 0:1, σBN = 0:5, τEd = 20 ms, τId = 5 ms, gEI = gEI = 3/ðN e + N i Þ, gIE = gII = 20/ðN e + N i Þ, τIm = 25 ms, EIsyn = −75 mV, d = 3:5 ms,
and mS = 3. The other parameters are set the same as those in Figure 5.
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nize the contrast of the inputs. Therefore, inhibition is
important for high information transmission eﬃciency.
Figure 9 also shows that I C declines when the strength of
the synaptic current from the excitatory to the inhibitory
neurons decreases (see the dashed line). This means that
the inputs from the excitatory neurons to the inhibitory neurons are also necessary for high eﬃciency. Hence, synaptic
inhibition and excitation work together to enhance the contrast, which we will explain in the next section.
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Figure 9: Dependency of information encoding eﬃciency on (a)
strength of the synapse from inhibitory neurons to excitatory
neurons, (b) strength of the synapse from excitatory neurons to
inhibitory neurons, and (c) standard deviation of the stimuli.

network with no inhibition to the excitatory neurons is worse
than a population of isolated neurons. This is because without inhibition, excitatory synaptic currents, which are
approximately the same to each neuron, may even homoge-

4. Mechanism of the Global
Contrast Enhancement
One may wonder how the global contrast enhancement happens as neurons receive the same aﬀerent synaptic spikes
from the network (notice that each neuron connects to all
the other neurons in the network)? We found by close observation of the synaptic currents of two typical neurons (the ﬁring rate of one of them is higher than the other) that the
synaptic currents of the two neurons are diﬀerent although
they receive the same aﬀerent synaptic spikes. It is this diﬀerence between the synaptic currents that results in the contrast
enhancement. The synaptic current of a neuron is divided
into two parts. One part is the excitatory current due to
spikes from the excitatory neurons (see Figure 10(a)), and
the other part is the inhibitory current due to spikes from
the inhibitory neurons (see Figure 10(b)). Figure 10(a) shows
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Figure 10: Comparisons of the synaptic currents received by a neuron with a higher ﬁring rate (red) and a neuron with a slower ﬁring rate
(blue): (a) total synaptic currents from excitatory neurons; (b) total synaptic currents from inhibitory neurons.

that the excitatory current of the neuron with a higher ﬁring
rate receives a larger excitatory synaptic current, and the neuron with a lower ﬁring rate receives a smaller current. On the
other hand, Figure 10(b) shows that the neuron with a higher
ﬁring rate receives a smaller negative synaptic current while
the neuron with a lower ﬁring rate receives a larger negative
synaptic current. Combining the two elements together, we
can conclude that the neuron with the higher ﬁring rate
receives more synaptic excitation and less synaptic inhibition,
but the neuron with the lower ﬁring rate receives less excitation and more inhibition. Consequently, the neurons with
higher ﬁring rates in the network will ﬁre with even higher
rates, but neurons with lower ﬁring rates will ﬁre with even
lower rates. This explains the ﬁring rate contrast enhancement
we obtained in Simulation Results in this paper.
The next interesting question is why synaptic currents are
diﬀerent for the two neurons although the aﬀerent spikes for
them are the same? This can be explained by the voltagedependent properties of the synaptic currents [39]. Let us
consider the synaptic currents received by a neuron after it
ﬁres at a certain cycle of synchronization. For example, neuron 1 ﬁres at the time t k ; therefore, the membrane potential of
neuron 1 resumes to the reset potential (-65 mV in the
model) immediately after its ﬁring. As synchronization of
the ﬁring of the neurons also occurs at roughly t k , the inhibitory currents induced by the synchronized spikes from the
inhibitory neurons will be small due to the low membrane
potential of neuron 1 according to Equation (4) (notice that
for inhibitory synapse, EEsyn should be replaced by EIsyn ). On
the other hand, neuron 2, which does not ﬁre at t k , will
receive a larger inhibitory current due to the higher membrane potential compared to neuron 1. Namely, a neuron ﬁring at a cycle of synchronization will receive a smaller
negative synaptic current than those who do not ﬁre, implying that neurons with higher ﬁring rates will receive smaller
negative inhibitory currents.
In short words, it is the voltage-dependent property of
the synaptic current that causes high ﬁring rate neurons to
receive large excitatory synaptic currents and small inhibitory synaptic currents, thereby ﬁring with even higher ﬁring
rates. Similarly, low ﬁring rate neurons receive small excitatory synaptic currents and large inhibitory synaptic currents, thereby ﬁring with even lower ﬁring rates. This may

be the mechanism that explains the ﬁring rate contrast
enhancement exhibited in the synchronized E/I network in
this paper.

5. Conclusions and Discussions
Synchronization with high frequency in excitatory/inhibitory
networks has been found in many real neural systems, which
is pertinent to some high-frequency components of neuronal
oscillation, for example, gamma oscillation. Some possible
functional roles of this high-frequency synchronization have
been hypothesized and have been tested in theoretical models
[12–14]. Contrast enhancement is a general feature of information processing in neural systems, especially in sensory
pathways [23]. We found that high-frequency synchronization in the E/I network can enhance the contrast of the ﬁring
rates of excitatory neurons globally. Lateral inhibition is
widely believed to be able to enhance the contrast of the ﬁring
rates of neighboring neurons [24, 25]. It is supposed that
information is encoded in excitatory neurons, and neurons
only connect to neighboring neurons. The excitatory neurons
activate neighboring inhibitory neurons, which in turn
inhibit neighboring excitatory neurons. Thereby, excitatory
neurons with a higher ﬁring rate may inhibit neighboring
neurons more, therefore causing the following eﬀect: for
two neighboring excitatory neurons, the one with a lower ﬁring rate receives more inhibition while the other with a
higher ﬁring rate receives less inhibition. This reciprocal
inhibition of neighboring neurons enhances their ﬁring rate
contrast. Unlike lateral inhibition, where neurons only connect to neighboring ones resulting in local ﬁring rate contrast enhancement, each neuron connects to all the other
neurons in the network in our model (or connects to all neurons with a constant probability as in the model), resulting
in global contrast enhancement. Namely, the inhibition
caused by the synchronized inhibitory neurons enhances
the ﬁring rate contrast of all excitatory neurons in the network in our model, whereas lateral inhibition only enhances
the ﬁring rate contrast of the corresponding two neighboring
neurons.
The ﬁring rate contrast of all excitatory neurons in the
network can be characterized by the theory of image entropy.
If we view the ﬁring rate of each neuron as the gray value of a
pixel in an image, then the ﬁring rates of all excitatory
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neurons can project a gray-valued image. Since an image
with high image entropy has high image contrast, we can
use the theory of image entropy to characterize the ﬁring rate
contrast of all excitatory neurons. Correspondingly, the
information transmission eﬃciency is relevant to the entropy
of the inputs and the outputs (ﬁring rates) of the neurons. We
found that the global contrast enhancement in this paper can
alleviate two problems. One is the output overlap problem
that the spiking numbers of neurons with a low ﬁring rate
contrast will be identical. The other is the noise disturbance
problem that noise will make neurons with diﬀerent inputs
ﬁre the same number of spikes. Thus, the contrast enhancement in the E/I networks can improve the information transmission eﬃciency, namely, increase the mutual information
on the one hand and decrease the energy consumption on
the other hand. Another important thing for real neural systems is that they need to distinguish signals with high similarities. In our model, signals with high similarities mean
that the parameter value δS is small (if δS is small, the input
contrast of all excitatory neurons is small). We can see from
Figure 9 (see the dot dashed line) that the information transmission eﬃciency increases with the decrease of this parameter, implying that the information transmission eﬃciency is
enhanced more by the E/I network if the input contrast is
lower. This has a strong biological implication because the
neural systems need to enhance the contrast of sensory input
more for clear identiﬁcation of the signals when the sensory
input contrast is smaller.
The mechanism of contrast enhancement is also analyzed
in the paper. The global contrast enhancement results from
the interaction of the excitatory neurons and inhibitory neurons. Inhibitory neurons ﬁre synchronously at each cycle,
while only a fraction of excitatory neurons ﬁres at each cycle.
It is the ﬁring of these excitatory neurons that drives the synchronized ﬁring of the inhibitory neurons at each cycle of the
synchronization, and the ﬁring inhibitory neurons inhibit all
neurons in the network. Due to the voltage-dependent properties of the synaptic currents, the inhibitory synaptic currents to the ﬁred excitatory neurons are less than those of
the nonﬁring excitatory neurons. Thus, neurons that ﬁre
more frequently may receive less inhibition, resulting in the
enhancement of the contrast of the ﬁring rates.
Our work implies a possible functional role in information transmission of high-frequency synchronization in neuronal systems and also might be heuristic for modelling of an
artiﬁcial neuron model [40] and neural networks [41], which
will be explored in our future work.

Data Availability
The data is available upon request.

Conflicts of Interest
The authors declare that there is no conﬂict of interest
regarding the publication of this paper.

Neural Plasticity

Acknowledgments
This work was supported by the National Natural Science
Foundation of China (Grants Nos. 11972115 and
11572084), the Shanghai Municipal Science and Technology
Major Project (No. 2018SHZDZX01), the Key Laboratory of
Computational Neuroscience and Brain-Inspired Intelligence (LCNBI), and the ZJLab. The authors thank Dr. Songting Li for his helpful suggestions on this paper.

References
[1] X. J. Wang, “Neurophysiological and computational principles
of cortical rhythms in cognition,” Physiological Reviews,
vol. 90, no. 3, pp. 1195–1268, 2010.
[2] H. Adeli and Ghosh-Dastidar, Automated EEG-Based Diagnosis of Neurological Disorders - Inventing the Future of Neurology, CRC Press, Taylor & Francis, Boca Raton, FL, USA, 2010.
[3] J. F. Hipp, A. K. Engel, and M. Siegel, “Oscillatory synchronization in large-scale cortical networks predicts perception,”
Neuron, vol. 69, no. 2, pp. 387–396, 2011.
[4] B. Laczo, A. Antal, R. Niebergall, S. Treue, and W. Paulus,
“Transcranial alternating stimulation in a high gamma frequency range applied over V1 improves contrast perception
but does not modulate spatial attention,” Brain Stimulation,
vol. 5, no. 4, pp. 484–491, 2012.
[5] S. Moratti, C. Mendez-Bertolo, F. Del-Pozo, and B. A. Strange,
“Dynamic gamma frequency feedback coupling between
higher and lower order visual cortices underlies perceptual
completion in humans,” NeuroImage, vol. 86, pp. 470–479,
2014.
[6] S.-Y. Kim and W. Lim, “Eﬀect of interpopulation spiketiming-dependent plasticity on synchronized rhythms in neuronal networks with inhibitory and excitatory populations,”
Cognitive Neurodynamics, vol. 14, no. 4, pp. 535–567, 2020.
[7] C. A. Bosman, J.-M. Schoﬀelen, N. Brunet et al., “Attentional
stimulus selection through selective synchronization between
monkey visual areas,” Neuron, vol. 75, no. 5, pp. 875–888,
2012.
[8] P. Fries, D. Nikolic, and W. Singer, “The gamma cycle,” Trends
in Neurosciences, vol. 30, no. 7, pp. 309–316, 2007.
[9] E. Erdogdu, E. Kurt, A. D. Duru, A. Uslu, C. Başar-Eroğlu, and
T. Demiralp, “Measurement of cognitive dynamics during
video watching through event-related potentials (ERPs) and
oscillations (EROs),” Cognitive Neurodynamics, vol. 13, no. 6,
pp. 503–512, 2019.
[10] D. Nikolic, P. Fries, and W. Singer, “Gamma oscillations: precise temporal coordination without a metronome,” Trends in
Cognitive Sciences, vol. 17, no. 2, pp. 54-55, 2013.
[11] M. N. Havenith, S. Yu, J. Biederlack, N. H. Chen, W. Singer,
and D. Nikolic, “Synchrony makes neurons ﬁre in sequence,
and stimulus properties determine who is ahead,” The Journal
of Neuroscience, vol. 31, no. 23, pp. 8570–8584, 2011.
[12] C. Börgers and N. J. Kopell, “Gamma oscillations and stimulus
selection,” Neural Computation, vol. 20, no. 2, pp. 383–414,
2008.
[13] N. Masuda, “Selective population rate coding: a possible computational role of gamma oscillations in selective attention,”
Neural Computation, vol. 21, no. 12, pp. 3335–3362, 2009.
[14] C. Borgers, S. Epstein, and N. J. Kopell, “Gamma oscillations
mediate stimulus competition and attentional selection in a

Neural Plasticity

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

cortical network model,” Proceedings of the National Academy
of Sciences of the United States of America, vol. 105, no. 46,
pp. 18023–18028, 2008.
P. Tiesinga and T. J. Sejnowski, “Cortical enlightenment: are
attentional gamma oscillations driven by ING or PING?,”
Neuron, vol. 63, no. 6, pp. 727–732, 2009.
M. Bartos, I. Vida, and P. Jonas, “Synaptic mechanisms of
synchronized gamma oscillations in inhibitory interneuron
networks,” Nature Reviews Neuroscience, vol. 8, no. 1,
pp. 45–56, 2007.
G. Buzsaki and X. J. Wang, “Mechanisms of gamma oscillations,” Annual Review of Neuroscience, vol. 35, no. 1,
pp. 203–225, 2012.
I. Vida, M. Bartos, and P. Jonas, “Shunting inhibition improves
robustness of gamma oscillations in hippocampal interneuron
networks by homogenizing ﬁring rates,” Neuron, vol. 49, no. 1,
pp. 107–117, 2006.
Z. Wang, H. Fan, and K. Aihara, “Three synaptic components
contributing to robust network synchronization,” Physical
Review E, vol. 83, no. 5, article 051905, 2011.
M. P. Jadi and T. J. Sejnowski, “Regulating cortical oscillations
in an inhibition-stabilized network,” Proceedings of the IEEE,
vol. 102, no. 5, pp. 830–842, 2014.
C. Börgers and N. Kopell, “Synchronization in networks of
excitatory and inhibitory neurons with sparse, random connectivity,” Neural Computation, vol. 15, no. 3, pp. 509–538,
2003.
B. Bathellier, A. Carleton, and W. Gerstner, “Gamma oscillations in a nonlinear regime: a minimal model approach using
heterogeneous integrate-and-ﬁre networks,” Neural Computation, vol. 20, no. 12, pp. 2973–3002, 2008.
N. Brunel and V. Hakim, “Fast global oscillations in networks
of integrate-and-ﬁre neurons with low ﬁring rates,” Neural
Computation, vol. 11, no. 7, pp. 1621–1671, 1999.
M. F. Bear, B. W. Connors, and M. A. Paradiso, Neuroscience:
Exploring the Brain, Lippincott Williams & Wilkins Inc., 2nd
edition, 2001.
J. Kim and M. Bertalmio, “Investigating the eﬀect of lateral
inhibition in the retinal circuitry on lightness contrast and
assimilation: a model study,” Journal of Vision, vol. 15,
no. 12, p. 633, 2015.
A. C. Arevian, V. Kapoor, and N. N. Urban, “Activity-dependent gating of lateral inhibition in the mouse olfactory bulb,”
Nature Neuroscience, vol. 11, no. 1, pp. 80–87, 2008.
F. Han, X. Gu, Z. Wang, H. Fan, J. Cao, and Q. Lu, “Global ﬁring rate contrast enhancement in E/I neuronal networks by
recurrent synchronized inhibition,” Chaos, vol. 28, no. 10, article 106324, 2018.
F. Han, Z. Wang, and H. Fan, “Determine neuronal tuning
curves by exploring optimum ﬁring rate distribution for information eﬃciency,” Frontiers in Computational Neuroscience,
vol. 11, p. 10, 2017.
P. Dayan and L. F. Abbott, Theoretical Neuroscience: Computational and Mathematical Modeling of Neural Systems, MIT
Press, Cambridge, MA, USA, 2001.
M. D. McDonnell, S. Ikeda, and J. H. Manton, “An introductory review of information theory in the context of computational neuroscience,” Biological Cybernetics, vol. 105, no. 1,
pp. 55–70, 2011.

11
[31] B. Alexander and E. T. Frédéric, “Information theory and neural coding,” Nature Neuroscience, vol. 2, no. 11, pp. 947–957,
1999.
[32] W. Maass and C. M. Bishop, Eds., Pulsed Neural Networks,
MIT Press, Cambridge, MA, USA, 1998.
[33] Y. Wang, R. Wang, and X. Xu, “Neural energy supplyconsumption properties based on Hodgkin-Huxley model,”
Neural Plasticity, vol. 2017, Article ID 6207141, 11 pages, 2017.
[34] Z. Zhu, R. Wang, and F. Zhu, “The energy coding of a structural neural network based on the Hodgkin–Huxley model,”
Frontiers in Neuroscience, vol. 12, 2018.
[35] L. Kostal and P. Lansky, “Information capacity and its approximations under metabolic cost in a simple homogeneous population of neurons,” Biosystems, vol. 112, no. 3, pp. 265–275,
2013.
[36] B. Sengupta, S. B. Laughlin, and J. E. Niven, “Consequences of
converting graded to action potentials upon neural information coding and energy eﬃciency,” PLoS Computational Biology, vol. 10, no. 1, article e1003439, 2014.
[37] A. Moujahid, A. d’Anjou, F. J. Torrealdea, and F. Torrealdea,
“Energy and information in Hodgkin-Huxley neurons,” Physical Review E, vol. 83, no. 3, article 031912, 2011.
[38] D. P. Buxhoeveden and M. F. Casanova, “The minicolumn
hypothesis in neuroscience,” Brain, vol. 125, no. 5, pp. 935–
951, 2002.
[39] Z. Wang and W. K. Wong, “Key role of voltage-dependent
properties of synaptic currents in robust network synchronization,” Neural Networks, vol. 43, pp. 55–62, 2013.
[40] S. Gao, M. Zhou, Y. Wang, J. Cheng, H. Yachi, and J. Wang,
“Dendritic neuron model with eﬀective learning algorithms
for classiﬁcation, approximation, and prediction,” IEEE Transactions on Neural Networks and Learning Systems, vol. 30,
no. 2, pp. 601–614, 2019.
[41] J. Chung, C. Gulcehre, K. Cho, and Y. Bengio, “Empirical evaluation of gated recurrent neural networks on sequence modeling,” 2014, https://arxiv.org/abs/1412.3555.

