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ABSTRACT OF THE DISSERTATION 
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Abstract 
 

Cellular level learning is vital to almost all brain function, and extensive 

homeostatic plasticity is required to maintain brain functionality. While much has 

been learned about cellular level plasticity in vivo, how these mechanisms affect 

higher level functionality is not readily apparent. The cellular level circuitry of 

most networks that process information is unknown. A variety of models were 

developed to better understand plasticity in both learning and homeostasis.  

 

Spike time dependent plasticity (STDP) and reward-modulated plasticity may be 

the primary methods through which neurons record information. We implemented 

rewarded STDP to model foraging behavior in a virtual environment. When 

appropriate homeostatic mechanisms were in place, the network of spiking 

neurons developed the capability of producing highly successful decision-

making.  

 



 v 

The networks used in the foraging model used a very simple initial configuration 

to avoid assumptions about network organization. More realistic network 

configurations can help to show how plasticity interacts with genetically 

determined network. We developed three network models of synaptic 

mechanisms of FM sweep processing based on published experimental data. 

One of these, the ‘inhibitory sideband’ model, used frequency selective inputs to 

a network of excitatory and inhibitory cells. The strength and asymmetry of these 

connections resulted in neurons responsive to sweeps in a single direction and of 

sufficient rate. STDP was shown to be capable of causing to become selective 

for sweeps in the same direction as a repeatedly presented training sweep. 

 

The experience dependent plasticity, occurs primarily during the waking state, 

however, sleep is essential for learning. Slow wave sleep activity may be 

essential for memory consolidation and homeostasis. We developed a model of 

slow wave sleep that included methods to calculate the electrical field in the 

space around the network. We show here that a network model of up and down 

states displays this CSD profile only if a frequency-filtering extracellular medium 

is assumed. While initiation of the active cortical states during sleep slow 

oscillation has been intensively studied, the it’s termination remains poorly 

understood. We explored the impact of intrinsic and synaptic inhibition on the 

state transition. We found that synaptic inhibition controls the duration and the 

synchrony of active state termination.  

 

Together these models set the stage for a model network that can learn through 

input driven processes in a waking state then explore the consolidation of 

memory in a sleeping state. This will allow us to explore in greater detail how 

plasticity on the level of a single cell contributes to learning and stability on the 

level of the whole brain.  
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Introduction 
 

The human genome is approximately 3 billion base pairs or 6 gigabytes [1]. Only 

a small fraction of this information is involved in the organization of the brain.  

The human brain contains around 100 billion neurons and around 100 trillion 

synapses [2]. This huge difference in information volume is due to emergent 

complexity. From a basic organization of neurons and a relatively small number 

of rules governing the reaction of cells local activity the brain uses experience to 

organize itself into one of the most complex objects known to exist.  

 

We do not have a good understanding of the rules by which activity changes the 

organization and activity of the brain. We have a strong belief that the change of 

strength of connections between neurons is the primary mechanism of storing 

information. Significant progress has been made in understanding how activity in 

a small number of cells affects the connections between them [3]. This series of 

models implement mathematical abstractions of these mechanisms with the goal 

of better understanding how the rules of cellular interaction can translate into 

learning that can be observed on the behavioral level.  

 

There are many well-studied factors in cellular level learning. Hear we focus on a 

small subset. Spike time dependent plasticity (STDP) [4], as discussed in 

chapters 1 and 2, may be the most important mechanism of cellular learning in 

sparsely active networks. STDP on its own faces a number of limitations. It is by 

its nature an unsupervised learning method [5,6] as the learning is not dependent 

upon the long-term result of the network activity. STDP is prone to run away 

synaptic dynamics when stronger synapses keep getting stronger and weaker 

ones keep getting weaker, leading to bimodal distribution of synaptic weights [7]. 

We know from machine learning that there are serious limitations on what 

unsupervised learning is capable of [8]. Nevertheless, As demonstrated in 
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chapter 2, it is still possible to use experience dependent non-rewarded STDP to 

develop useful network arrangements.    

 

Reward modulated plasticity, probably with a dopamine related mechanism [9], is 

believed to be capable of allowing networks to be capable of supervised learning 

[10]. Rather than directly modifying synaptic strengths after spike events, 

rewarded STDP stores the changes as traces that are activated when and if a 

reward signal arrives. Chapter 1 details an attempt to demonstrate this in a 

model of biological neurons learning a complex, biologically relevant task.  

 

Spike time dependent plasticity causes increases in synaptic weight when a 

presynaptic cell fires before a postsynaptic cell [3]. By definition when the 

presynaptic cell of an excitatory connection fires it increases the chance that the 

post-synaptic cell will fire afterword. Due to this employing STDP in a network will 

tend to result in increases in net synaptic strength for some of the neurons. In 

order to maintain balance in synaptic activity, it is very likely that other methods 

are employed. Heterosynaptic plasticity [11,12] has been observed to reduce the 

weight of one input synapse of a cell in response to the increase of the weight of 

another input to the cell. Mechanisms are in place to represent this where STDP 

is employed in chapters 1 and 2.  

 

Waking activity is more likely to result in net increases in synaptic strength than 

sleep activity, and as such the total average synaptic weight has been observed 

to increase throughout the day [13]. Activity experienced during sleep has been 

proposed to reduce these weights back to their normal values [13]. We observe 

through electroencephalography that the activity of a network is more 

synchronous during slow wave sleep activity than it is during waking activity. The 

nature of this activity can be essential to understand how mechanisms of 

synaptic plasticity can affect network connectivity during sleep and other states of 
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activity. A model of synchronized sleep oscillation observed during stage III-IV 

sleep and exploring the relationship of network activity and electrical field is 

discussed in chapter 3.  

 

Artificial neural networks as currently used for data processing are unlike 

biological neural networks in a number of ways. One of the more important is that 

biological neural networks make extensive use of inhibition, not only for control of 

activity levels but also for computation [14]. While control of activity levels is the 

primary function of inhibition in the foraging model (Chapter 1), two of the models 

of frequency modulated sweep detection (Chapter 2) have inhibition as an 

essential aspect of computation. In Chapter 4 the roll of inhibition in regulating 

activity is further investigated during slow wave activity. Further investigation is 

needed to examine how inhibition affects plasticity during slow wave activity. 
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Chapter 1 
A spiking network model of decision making employing rewarded STDP 

 

Steven Skorheim*, Peter Lonjers*, and Maxim Bazhenov 

 

Department of Cell Biology and Neuroscience, University of California Riverside, 

Riverside, California, United States of America 

 
*These authors contributed equally to this work 
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Abstract 
Reward-modulated spike timing dependent plasticity (STDP) combines 

unsupervised STDP with a reinforcement signal that modulates synaptic 

changes. It was proposed as a learning rule capable of solving the distal reward 

problem in reinforcement learning. Nonetheless, performance and limitations of 

this learning mechanism have yet to be tested for its ability to solve biological 

problems. In our work, rewarded STDP was implemented to model foraging 

behavior in a simulated environment. Over the course of training the network of 

spiking neurons developed the capability of producing highly successful decision-

making. The network performance remained stable even after significant 

perturbations of synaptic structure. Rewarded STDP alone was insufficient to 

learn effective decision making due to the difficulty maintaining homeostatic 

equilibrium of synaptic weights and the development of local performance 

maxima. Our study predicts that successful learning requires stabilizing 

mechanisms that allow neurons to balance their input and output synapses as 

well as synaptic noise. 
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Introduction  
                  
The purpose of building neural networks can be seen from two different 

perspectives. From an experimentalist’s point of view they can be used to help 

find, validate, or falsify mechanistic theories about the brain through comparison 

with experimental data. From an engineering perspective they are powerful 

algorithms to solve computational problems. These perspectives are 

complementary. Specifically, biological neural networks (e.g. human and animal 

brains) can solve complex problems; therefore, a properly designed and valid 

biological model must also be able to solve complex problems. Currently, 

however, validation through problem solving is rare. Typically brain models are 

only validated by comparison with experimental data. One of the reasons is 

because there is no guarantee that even a model consistent with experiments is 

developed sufficiently for problem solving. In our work however we have chosen 

to concentrate on problem solving as a validation tool for showing the capabilities 

and drawbacks of rewarded spike timing dependent plasticity (STDP) in 

biologically inspired spiking neural networks. 

 

Reward-modulated STDP was proposed as a learning rule capable of solving the 

distal reward problem in reinforcement learning [10,15,16,17] .The distal reward 

problem [18] arises because the mechanisms of reinforcement learning must be 

dependent on both the network activity and a reward signal. In any biological 

organism, the reward is often not received until several seconds after the activity 

that resulted in the correct response. When reward signal arrives, the relevant 

activity has long since subsided and the relevant neurons and connections may 

well have been involved in other activities during this period. This leads to the 

question of how the problem of correct linking synaptic activity and the behavioral 

reward is solved in the animal or human brain. Rewarded spike time dependent 

plasticity is proposed as a solution to this problem. It has been hypothesized that 

spike time dependent traces are created and in some way stored at a synaptic 
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terminal whenever the pre and post synaptic neuron both experience firing 

events [19,20]. When these traces are later reinforced by a reward signal (often 

believed to be dopamine [21,22,23]), they create long-term changes in synaptic 

strength. These earlier theoretical studies have recently been supported by data 

from insects [24]. 

         

Different classes of learning rules have been developed to address the distal 

reward problem [25]. Earlier studies, however, are mainly focused on conceptual 

proof that rewarded STDP has the potential of solving the problem of linking 

synaptic traces and reward signal. These often use problems requiring only one 

or two learned outputs. Minimal effort has been deployed to show whether 

rewarded STDP alone can be sufficient to solve a biologically relevant problem 

requiring accurate decision making in an uncertain environment or what 

additional constraints are necessary to make this mechanism operational. 

 

In this new study, we use a multi-layer network of realistic spiking neurons 

representing a basic biological circuit to solve a complex and biologically relevant 

problem. Specifically we constructed a decision making network of excitatory and 

inhibitory neurons, modeled as a virtual entity foraging in a simulated 

environment. The network uses rewarded STDP to learn the foraging task. Then 

we examined the limitations of its ability to learn a correct decision-making under 

a variety of network designs and environmental conditions. 
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Results 
    

Network performance in the random virtual environment 
         

The model included three layers of spiking neurons (Fig. 1A) connected with 

chemical synapses (see Fig. 1C for example of inhibitory response); the middle 

layer included populations of excitatory and inhibitory neurons to provide 

feedforward inhibition to the neurons of the output layer (Fig. 1B). The input to 

the system was presented as a 7x7 “visual field” represented by the input layer; 

“food” particles corresponded to depolarizing current that was applied to the 

corresponding neuron in the 7x7 input layer. Direction of movement was 

controlled by 3x3 output array. At the onset of the simulation all synaptic weights 

to the output layer were of uniform strength. In this condition, output layer spikes 

only occurred due to random variation in the output of individual synaptic events 

from the middle layer to the output layer. As a result the virtual entity using 

default settings initially moved primarily along a straight paths with occasional 

random turns (Fig. 2A). 

 

On occasion an output spike was generated which resulted in movement which 

lead to successful “food acquisition”. When this event occurred, the network was 

rewarded and the recently active synapses associated with this response were 

strengthened. This increased probability of correct (toward food) movement in 

successive iterations. Over the course of the simulation the virtual entity learned 

not only to respond to input signaling the position of adjacent “food” but to more 

distant “food” as well. In general, once trained, the virtual entity was attracted 

toward higher concentrations of “food” with a bias toward “food” that is closer 

(Fig. 2C). 
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To quantify performance of the model we used an exponential moving average 

that continually approaches the rate of “food” acquisition. It is defined by the 

equation 

 

Xn =X(n-1)  (1-A)+AS  

 

where X(n) is the performance score at the time of the current move, X(n-1) is the 

performance score at the time of the previous move, S = 1 if “food” was obtained 

at this move and S=0 otherwise, A is an arbitrary positive constant, A<<1. The 

value used in these simulations was A=0.00001. Qualitatively this expression 

gives a value that is continuously approaching the current rate of “food” 

acquisition per move. 

 

It is helpful to compare this performance to other possible strategies for solving 

the given foraging problem. Four strategies were used to make this comparison 

(Fig. 2C; see methods); none of these strategies involved learning, the system’s 

behavior was preprogrammed according to a particular strategy. Strategy 1 was 

a blind strategy, moving in straight lines with occasional random turns. Strategy 2 

always collected adjacent “food” if available otherwise it moved according to 

strategy 1. Strategy 3 moved towards the closest “food” within three grid squares. 

Strategy 4 was a strong strategy that searched through all possible sets of 

moves within its visual field. It then choose the first move of the set of moves 

which collect the most “food” with a bias toward obtaining “food” sooner. 

Performance of the virtual entity varied because of inherent noise in the model 

and the environment it forages in (4 different trials are shown in color in Fig. 2C). 

Usually virtual entities using default model settings reached similar levels of 

performance, slightly below strategy 3 (see red, green and black lines in Fig. 2C). 

However they occasionally became trapped in local maxima resulting in lower 

performance (blue line).  
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 Figure 1. Model properties. (A) Steady-state response pattern of an isolated spiking neuron for 
three different levels of the resting potential: black –  , green –  , blue – 

. (B) Network organization. Arrowed lines indicate outgoing connections of a sample of 
cells in each layer with excitatory cells shown in blue, inhibitory cells shown in red and output 
cells shown in green. (C) Sample IPSP in the postsynaptic neuron (bottom trace) triggered by a 
spike in presynaptic inhibitory neurons (top trace). 
Importantly, the networks performance after training does not depend on the specific 
implementation of the virtual environment used in training phase. The network trained in one 
environment, still demonstrated high level of performance for any random distribution of the food 
particles with similar statistical properties. Changing properties of the food distribution, however, 
led to the overall change in performance (see below).  
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Figure 2. The change in rate of “food” acquisition as a result of learning. (A, B) Trajectory of 
the movement in the virtual environment. (A) Before training. (B) After training (one million 
iterations). Light green dots represent “food” location. Red dots are locations without food. Dark 
green line traces the entire movement. (C) Performance for 6 independent trials (different colors) 
over 4 million iterations. One of the trials (blue line) failed to achieve normal rates of performance. 
Horizontal lines represent constant performance of other strategies in solving the same problem. 
1 - blind strategy; 2 – collecting adjacent food; 3 - moving towards the closest “food” within three 
grid squares; 4 - searching through all possible sets of moves within the visual field. 
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To evaluate synaptic changes induced by learning, we analyzed the dynamics of 

synaptic weights. Fig. 3 A-C shows the evolution of the outgoing synaptic weights 

of three middle layer cells that were located in the upper/left direction from the 

center of the layer (Fig. 3D). These cells represented successive cells in the 

top/left area of the “visual field” and sent connections to each cell in the output 

layer. The synapse from the upper/left cell that was closest to the center of the 

middle layer (cell (3,3)) to the top left output cell (red trace) increased in strength 

as responses connecting activation of this middle layer cell, which represented 

the adjacent area in the upper/left direction, and movement in the upper/left 

direction were the most likely to be rewarded (Fig. 3C).  (Note, that this weight  

 

saturated at ~5 and was truncated in the Fig. 3C to allow sufficient resolution of 

other traces). Over time, however, synapses to output cells which moved the 

virtual entity up and left (orange and purple traces) were also strengthened as 

responding to activation of these mid layer cells by moving in these directions 

was more likely to move the virtual entity toward “food” than away from it. These 

lower strength connections allowed the network to integrate information from 

many input cells. The network behavior and direction of movement selected 

depended upon the input from multiple cells. The network was observed to 

respond to higher concentrations of food rather than responding reliably to food 

in individual locations. The synaptic strength of outgoing synapses of other 

middle layer cells located further from the center (cells (1,1) and (2,2)) stabilized 

at less extreme values as there was a weaker correlation between a given 

response and a reward. This gave them weaker influence over the direction of 

the movement. Finally, synapses connecting middle layer cells in the top/left area 

of the visual field to the bottom/right output cells (e.g., yellow trace) decreased 

their strength, as they were least likely to trigger movement to the right direction. 
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Figure 3. Synaptic weights dynamics during learning. (A, B, C) These plots show the strength 
of synaptic outputs of three different cells over the course of the experiment. Values shown are 
relative to the mean weight of out put synapses of the cell. Each graph shows the synapses from 
one middle layer cell to each of the 9 output cells. The synapses are color-coded based on which 
output cell they connect to. Synaptic values are truncated within the range [-0.6, +1]. (D) 
Schematic location of the 3 cells shown in panels A-C (left) and color-coding of output cells 
(right). 
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Effect of model changes on the network performance 

To evaluate the role of different mechanisms in the overall learning performance, 

we systematically turned them off one by one (Fig. 4). In each experiment one 

major feature of the model was removed and its performance over time was 

plotted. Baseline model performance was represented by green trace. In the first 

experiment (Fig. 4, blue line) the punishment mechanism was turned off, the 

punishment mechanism applied the inverse and reduced value of the currently 

active STDP traces (see Methods,  (1.3)). The network still received reward when 

“food” was obtained but no change occurred when “food” is not obtained. 

Learning rate is reduced slightly but no other changes were observed. The 

second experiment (Fig. 4, magenta) explored a network that did not make use 

of output balancing. Output balancing reduced the rate at which outputs were 

strengthened by reward when the neuron had a large sum of output strengths 

(see Methods, eq (1.4)) so the rate at which outputs were strengthened was no 

longer dependent on the total output strength of the presynaptic cell. This 

resulted in low and unstable performance, though the performance was still 

better than random motion (Strategy 1 from Fig. 2C). In the third experiment (Fig. 

4, orange), variability in synaptic release was eliminated. Under this condition the 

depolarization applied to the cell was always directly proportional to the strength 

of the synapse. This resulted in no activity in the output cells and consequently 

no learning. The virtual entity moved in a straight line with a very low probability 

(p=0.02) to turn in a random direction. These random turns were explicitly 

implemented to the model and present in all conditions (see Methods). The 

output cells did not fire because the amount of inhibition and excitation to a given 

output cell were equal in magnitude. Finally, in the fourth experiment (not 

shown), input balancing was removed such than the total incoming synaptic 

strength to a cell was allowed to change when STDP traces were rewarded. 

Without this homeostatic mechanism, the sum of the input strengths to the output 

cells either fell very low or became very high. Indeed, when positive STDP 
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events were rewarded the temporal correlation between pre and postsynaptic 

activity became stronger. This increased the likelihood of further potentiating 

events. This led to runaway synaptic dynamics and the network quickly became 

unstable and the virtual entity moved in random or repetitive circles until the 

network far exceeded physiological range of synaptic changes. 

 

We also tested a canonical simplified version of STDP alone and found that it 

was not sufficient to perform the successful learning of the presented task. 

Without balancing of the input synaptic connections ( (1.6)), some synaptic 

weights continued to grow leading to unstable dynamics; with explicit limits 

implied to the maximal weight we still observed run away synaptic dynamics 

leading to bimodal distribution of synaptic weights and very low model 

performance (similar to the orange trace in Fig. 4). 

 

We found that synaptic noise was critical to achieve high model performance. 

Fig. 5A,B show data corresponding to a series of simulations where the level of 

random variability in synaptic release (R from equation 1.8 in the methods 

section) was varied between .02 and .64. The final performance was maximized 

with noise levels between .08 and .16 but dropped off at higher or lower levels of 

noise (Fig. 5A), however it remained relatively high even for high levels of noise. 

Furthermore, we found some trade off between final performance and learning 

speed related to the level of noise (Fig. 5B). Higher noise levels continued to 

improve learning speed even though they resulted in the lower final performance. 
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Figure 4. Performance after elimination of different model features over 8 million movement 
itterations. Each line corresponds to performance after removing one feature. Green is default. 
Blue corresponds to the network when punishment was turned off. Magenta shows a network 
with no output balancing. Orange represents a network with no variability in synaptic release. 
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Figure 5. Effect of noise and STDP strength on learning performance. STDP strength is 
scale in equation 1 from the methods section. (A) Plot of mean final performance with variable 
levels of variability in synaptic release. Twenty-five simulations were run under each noise 
condition and final performance was recorded after 4 million moves. Red dashed lines shows the 
limits of standard error. (B) Plot of mean performance over time with variable levels of variability 
in synaptic release represented by different lines. Twenty-five simulations were run under each 
noise condition over 8 million moves. Noise level: 2% orange, 4% gold, 8% dark green, 12% blue, 
16% red, 32% magenta, 64% brown. (C) Plot of mean final performance with variable STDP 
coefficient strength. Twenty-five simulations were run under each STDP coefficient condition and 
final performance was recorded after 8 million moves. Two sets were run with different noise 
levels: 16% release noise is shown in blue and 8% is shown in green. Red lines show standard 
error. (D) Plot of mean performance over time for different STDP strength. Twenty-five 
simulations were run for each STDP strength over 8 million moves (4 million shown). Release 
noise is set to 16%. STDP strength: orange- 0.25; gold- 0.5; dark green- 1; light blue- 1.5; dark 
blue- 2; purple- 4; magenta- 8; red- 16. 
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Fig. 5 C,D contain data corresponding to a series of simulations where the STDP 

strength (𝑆!"! from equation 1.4 in the methods section) was varied across a 

wide range, altering the rate at which synapses could change. Numbers shown 

are relative to a default of 1. From Fig. 5C it can be seen that final performance is 

maximized with lower STDP coefficient strengths. This is expected because it 

allows the network to more finely tune synaptic strengths. We also see that at 

higher levels of synaptic noise, the network became greatly more tolerant of 

higher rates of STDP coefficients. Fig. 5D, however, shows a trade off between 

final performance and learning speed as the rate of STDP changed. Higher 

STDP coefficients led to faster learning but at very high values the final 

performance was affected. 
 

Effect of environmental changes on the network performance 

Next we studied change in the model performance following changes in the 

“food” environment. Since the model learned the statistical properties of the food 

distribution and not a specific pattern of the food particles, changing the random 

environment to another one characterized by similar statistics of food distribution 

did not affect performance of the trained model (not shown). Therefore, we 

explored the effect of changing the random environment to a different one that 

was biased toward a particular pattern of food particles. In the first experiment 

virtual entity was initially trained on a normal, random distribution (Fig. 6A) and 

the environment was then changed to a vertically biased distribution (Fig. 6B) at 

the midpoint of the experiment (at time 2,000,000, Fig. 6C). At this time learning 

was turned off. The vertically biased environment was created by biasing food 

placement in favor of placing “food” directly above or below existing food. This 

tended to arrange “food” into vertical columns. 

 

The network training in the normal environment allowed it to be very successful 

in the new environment (Fig. 6C). It was even more successful in the vertically  
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 Figure 6. Effect of changing the environment. (A) Normal “food” distribution. (B) A vertically 
biased “food” distribution. (C) Performance over time of the network starting in a normal 
environment then being switched to a vertically biased environment at 2,000,000 iterations. 
Learning was turned off and all synaptic weights were held constant until 3,000,000 epochs when 
learning was turned on again. (D) Performance over time of the network starting in a vertically 
biased environment then being switched to a normal environment at 2,000,000 epochs. Learning 
was turned off and all synaptic weights were held constant until 3,000,000 epochs when learning 
was turned on again. 
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biased environment than it was in its normal environment as this arrangement of 

the “food” was more likely to have clusters of connected food. When learning was 

turned back (at time 3,000,000), the simulation performance was rapidly reduced. 

When food was arranged vertically food was more likely to be located in the 

upward or downward direction from any position where the entity acquired food. 

Connections involved in acquiring “food” above or below the entities current 

location were more likely to receive reward than those that indicated any other 

direction. The result of this was a sharp decrease in synaptic strength of the 

synapses involved in movement toward food in other directions (compare 

magenta traces in Fig. 7 C and D). Counter intuitively we observe the 

connections involved in obtaining food in the vertical directions decrease as well, 

even though they remained augmented enough to promote “correct” movements  

(compare orange traces in Fig. 7 A and B). Since multiple food particles were 

likely to be found above or below current location, connections promoting moving 

Up or Down (such as orange trace in Fig. 7B and similar connections from middle 

layer cells (4,2) and (4,1)) together triggered fast spiking response of the output 

cell responsible for Up/Down directions and were constantly rewarded. However, 

any other connection that was (by chance) strong enough to mediate output cell 

firing (such as red trace in Fig. 7B) was also rewarded even though it did not 

control direction of movement (because “red” cell firing was delayed compare 

with “orange” output cell firing). In result these connections remained high and 

the output weight balancing (see Methods) prevented Up/Down connections from 

further increase.  

 
This could be seen as similar to repetitive motions observed in motor 

stereotypies.  Although the model could continue to obtain “food” when the “food” 

was directly above or below it, it was much less capable of dealing with other 

situations when there was no “food” adjacent to it in these directions. 

 



21 
 

 
 

In the second experiment (Fig. 6D) the network was initially trained in the 

vertically biased environment. It reached lower maximum performance than the 

networks trained in a random environment achieved under either environmental 

condition. When the environment was changed to the random distribution and 

learning was frozen (at time 2,000,000), performance was further reduced. Here 

again we saw that when a small number of responses regularly resulted in the 

majority of the rewards received, performance was negatively affected. Turning 

training back again (at time 3,000,000) led to improvement in performance. 

Randomly a few implementations of the network that had initially learned under 

the vertical condition did exceptionally well when the food placement was 

returned to random (Fig. 6D). A few of these networks showed slightly higher 

performance than any network that has been observed which   learned under the 

standard random food placement condition (Fig. 6C). 

 

Outgoing synaptic strengths were plotted during the transition from random to 

vertically biased food placement for two middle layer cells, one indicating 

adjacent food above the entity (Fig. 7B), and another indicating food to the left of 

the entity (Fig. 7D). While the strongest connection of both cells decreased 

rapidly after the change in environment the strong connection of the north-

indicating cell retained considerably more strength. 
 

 

Effect of the random synaptic strength perturbations on network 
performance 

In the standard starting condition of the network, all excitatory synaptic weights 

from the middle layer to the output layer had the same value. To test effect of the 

variability in initial weight distribution, these weights were initially randomly varied 

to observe the effect on performance. This randomization was performed by 

multiplying each excitatory weight by a random number selected from a flat 

distribution centered on one (e.g. for 20% variation each synaptic weight was 
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multiplied by a number from 0.8 to 1.2). This represented a change in the initial 

synaptic strength as opposed to the variability of synaptic release (Fig. 5) that 

occurs each time the presynaptic cell fires. Due to the input side balancing 

mechanisms described previously (see also Methods), the sum total of synaptic 

inputs to any one cell, and hence to the layer as a whole, was unchanged by this 

randomization. The average performance in shown as a green line in Fig. 8A. 

Each point represents the average of 8 simulations with different initial set of 

synaptic weights; thin red lines indicate standard error. The maximum 

performance attained under conditions of high initial randomization was highly 

variable.  

 

The performance was always higher than random motion (strategy 1) and was 

often similar to the best performance of a network which only responds to “food” 

in adjacent squares (strategy 2). A sizable minority of simulations, even among 

those groups with high initial variability, still attained normal performance levels. 

 

In another set of experiments the weights were once again initiated with the 

same level of variability. In addition, every one million iterations the weights were 

partially randomized again using the same approach as for initial weights 

(multiplied by a new number drawn from the same distribution). The results are 

represented as the blue line on Fig. 8A. Surprisingly for moderate levels of 

variability the repeated random perturbations of synaptic strength rescued many 

of the simulations from low performing states. It can be reasonably assumed that 

the added noise helped the network escape from local performance maxima. At 

the very high levels of variation, however, no benefit of random noise could be 

seen. 
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Figure 7. Effect of changing environment on synaptic strength. (A) Synaptic strengths of the 
outputs of a middle layer cell to all output cells during learning under normal conditions. This cell 
indicates food immediately above of the entity. (B) Synaptic strengths of the same cell after 
environment was later changed to a vertical arrangement. (C and D) Same as A and B but for a 
cell indicating food immediately to the left. (E) Shows the location of cells in the middle layer and 
the color representation of outputs by destination cell. 
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When the same method of randomizing synaptic weights was applied to the 

trained network that had already achieved high performance levels, there was no 

observable lasting effect on performance (Fig. 8B). The level of variation used in 

these experiments was 50%. In many cases such networks experienced a 

decrement in performance while learning was frozen but took very little time to 

return to normal once learning mechanisms were restored. In a few rare cases, 

performance actually improved slightly during the non-learning phase that 

followed perturbations of synaptic strength. Any improvements vanished once 

learning was restored. This indicates that the stable solution arrived at through 

the default set of mechanisms is not optimal even after variability in synaptic 

release is accounted for. This solution, however, could resist even strong 

synaptic weight perturbations. Finally, in an attempt to train the network to avoid 

“food” the reward and punishment conditions were reversed (Fig. 8C). The 

network was rewarded every move in which it did not obtain “food” and punished 

when it did. Due to the much larger number of empty spaces and the fact that 

empty spaces are not removed when moved to, this represented a much easier 

problem. The model was successful in avoiding “food” but did not explore the 

entire space. It is still worth noting that no other changes were necessary for the 

network to perform well under these new conditions. 
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Figure 8. Effect of synaptic noise. (A) Mean final performance of 8 runs with different levels of 
random perturbation of excitatory synaptic weights from middle layer to output layer. The 
simulations represented in green applied the perturbation only at the start. Those represented by 
blue applied perturbations at regular intervals. The thin red lines represent the limits of standard 
error. (B) 50% random variations applied to synaptic weights of the trained network. Learning was 
turned off and synapses were held at a fixed strength from 4,000,000 to 6,000,000 iterations. (C) 
Performance when reward and punishment conditions are reversed in an attempt to train 
avoidance behavior. Performance in “food” acquisition falls well below random (indicating 
successful learning) but the model failed to explicitly avoid all food. 
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Discussion 
         

In this study we implemented rewarded STDP to a biologically inspired spiking 

network model representing a basic neuronal circuit with feed forward excitatory 

and inhibitory projections. We then asked whether such network is capable of 

solving a task of learning to map correctly and optimally a multidimensional input 

space (represented by the patterns of activity of the input neurons) to the 

multidimensional output space (represented by the output neurons). The learning 

task was formalized in the context of the basic foraging behavior in a simulated 

environment of randomly distributed “food” particles. We showed that rewarded 

STDP model was sufficient to learn the foraging task only when additional rules 

controlling balance of synaptic weights were implemented. The canonical 

simplified version of STDP alone was not sufficient to perform the successful 

learning of the task presented in this study. Without careful maintenance of 

synaptic homeostasis, learning mechanisms used in the model cause imbalance 

in the level of activity in the network and in the relative effectiveness of different 

components in the network. This was overcome by introducing two basic 

homeostatic mechanisms. One rebalances the weights of synaptic inputs to a cell 

whenever a synaptic input is strengthened or weakened to maintain the same 

total of weights. The other modulates total synaptic input to a cell in the network 

based on its long-term activity. Furthermore, the rate of synaptic facilitation was 

inversely proportional to the total synaptic output of a cell – output balancing. 

Together these mechanisms provided stable activity levels, which allowed for 

rewarded STDP based learning to occur. We further found that synaptic noise 

and random perturbations of synaptic connectivity during training phase both 

required to achieve maximal network performance after training. 

 

Neural networks have been theorized to solve biological problems since Alan 

Turing's B-machines in the 1940s [26]. Usually, a goal of training in such a 
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network is to solve various types of classification problem [27] for a more detailed 

overview). Advances in understanding of how biological networks operate led to 

further developments of these types of models and vastly improved capabilities 

[28,29]. However, despite mimicking neuronal networks in many respects, many 

existing models of decision making use an artificial form of back propagation to 

enable supervised learning [30]. Biological networks are unlikely to be capable of 

using this powerful technique, as it requires a form of omniscience of the activity 

of the entire network that would be very difficult for real cells to gain access to. 

Instead, different forms of Hebbian plasticity [31,32] are found in neuronal 

systems whereby fast, large amplitude [Ca2+] increases induce potentiation, but 

slower and low amplitude Ca2+ raises induce depression [33,34,35,36,37,38,39]. 

Furthermore, artificial network's neurons are not constrained to all or nothing 

output of a biological spiking neuron and communication between cells is not 

limited to synaptic interactions [40,41]. Finally, artificial networks can avoid the 

distal reward problem because input and reward can be artificially correlated in 

time. 

 

In attempts to use biologically realistic models validated by problem solving, 

different classes of Hebbian type learning mechanisms were implemented to the 

networks of neurons in order to solve a complex pattern matching tasks 

[16,28,42,43,44]. However, number of simplifications that were employed in both 

the model design and the task itself prevent these models from being able to 

address the question of applicability rewarded STDP concept to biological 

problem solving. Other models applied complex cells and reward modulated 

plasticity to approach targets, but used plasticity based only on presynaptic firing 

rate rather than STDP [45]. In one study of decision making based on the 

reinforcement mechanisms both reward and punishment were required for 

successful learning [46]. 
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In this study we built a network of simplified spiking neurons capable of learning 

to solve a foraging problem using rewarded STDP as a primary learning 

mechanism. Accomplishing this goal requires overcoming a number of issues not 

present in earlier models with similar goals [47] . We avoid sharing information 

between neurons except through synaptic communication and a global reward 

signal from the network. The foraging problem used in this model provided a 

more naturalistic setting for learning using a simple neural network. While 

advantages and limitations of the rewarded STDP as a model of reinforced 

learning have been demonstrated in previous studies, the main objective of the 

present work was to create a minimal network model of spiking neurons capable 

of the stable and scalable learning of the properties of the virtual environment 

and, after training, mapping the input patterns representing snapshots of this 

environment to the optimal response patterns. The basic neuronal circuits 

implemented in our model are found in different brain areas, however we did not 

attempt to model precisely a specific brain structure. Indeed STDP based 

plasticity and learning occur in different structures (e.g., hippocampus, 

neocortex) of very different species (including vertebrates and insects [24]). 

Therefore, we looked to explore general principles required to accomplish a 

stable (in respect of synaptic changes) learning of a relatively complex task by 

biologically inspired neuronal network. 

 

It has been demonstrated previously that rewarded STDP is capable of providing 

reinforcement learning [10,48]. What is particularly distinct in our study, however, 

is the complexity of the input/output mapping. A great deal of complexity 

emerges when diversity is added in the number of possible inputs and outputs. 

As the number of input/output possibilities increases new features are required to 

allow responses to compete against one another. This requires the network to be 

able to achieve and maintain a broad distribution of synaptic connections and to 

avoid runaway synaptic dynamics, a common effect of STDP alone 
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[49,50,51,52]. Other studies have used feed forward networks to illicit arbitrarily 

selected spike trains or population responses but still without needing to produce 

a wide range of responses depending upon input [15,16]. While we cannot make 

a claim (without explicit testing) that none of the previously published models 

would have been able to perform this task, it seems unlikely as the mechanisms 

that were first implemented in this study, especially output balancing, were found 

to be essential for solving this complex task. Indeed, a common scenario that 

was extensively explored in the literature with biologically inspired networks 

[42,43,44,53] was that the decision making model requires only one or two 

outputs and as such synaptic weights that had moved to artificially set maximum 

or minimum values would represent an acceptable solution to the problem. 

Among other added difficulties, the solution to our task required that connections 

the network obtains have stable intermediate values.   

 

Rewarded STDP is homeostatically unbalanced. Several mechanisms suggested 

to prevent the runaway synaptic dynamics are based on adjustment of STDP 

learning rules per se. These include weight-dependence, so that weaker 

synapses potentiate more while stronger synapses express less potentiation, and 

in the limit even depress [49,54,55], and/or precise balancing of STDP rules for 

potentiation and depression [3,49,56,57,58,59,60,61] . It was shown rigorously 

that STDP can lead to stabilization of the mean firing rate of the postsynaptic 

neuron if the integral of the learning window is negative [60] . However, 

experimental evidence shows a great variety of the duration and magnitude of 

STDP windows for potentiation and depression [62,63,64,65,66] .  

 

We found that when the synaptic scaling mechanisms described in the previous 

studies [11,67,68] were applied, the network could maintain the balance of 

synaptic weights and learn to produce better results than random chance and 
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without explicit alternations of the STDP rules. These mechanisms included 

synaptic input balancing (eq (1.6)) and slow homeostatic scaling (eq (1.5)) ( 

. 4, magenta trace). However more advanced scaling mechanisms were required 

to achieve much higher levels of performance (Fig. 4, green/blue traces). 

Primarily it was necessary to maintain output balancing (eq (1.4)) which reduced 

the rate at which synaptic outputs were strengthened by reward when the neuron 

had a large sum of all output weights. If the last mechanism was not 

implemented, performance greatly suffered. Importantly, our proposed synaptic 

rules of input and output balancing are biologically realistic and represent good 

targets for experimental searches of learning mechanisms. 

 

Many of the mechanisms proposed in our study have clear analogs to biological 

mechanisms seen in experiments. Rewarded STDP operates similarly to the way 

dopamine is proposed to affect learning circuits [21,23,69,70,71]. Balancing of 

the strengths of a number of inputs to a single neuron in order to maintain a more 

constant level of input has been observed in experiments [11,67]. Indeed, rises of 

intracellular [Ca2+] are not restricted to the activated synapses but take place also 

at synapses, which were not active during the plasticity induction, e.g. due to 

bursts of backpropagating action potentials [72,73]. This [Ca2+] increase can lead 

to plasticity at non-active synapses – heterosynaptic plasticity, often also referred 

to as non-associative plasticity [12,74,75,76,77]. Recent study suggested that 

heterosynaptic plasticity may restrict run-away synaptic dynamics mediated by 

STDP alone [7]. Furthermore, homeostatic scaling of intrinsic and synaptic 

properties responsible for adjustment of the firing thresholds in response to cell 

activity has been well documented in neurons [68].  

 

In our model as in behaving animals reward causes increased probability of 

repetition of behaviors preceding the reward [78] . This is even true in situations 

where a single behavior that reward too often can be repeated pathologically. In 
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the model this occurred when the environment was changed to feature primarily 

vertically arranged food squares. The “over learning” of a small set of responses 

is also observed in animals when the reward system malfunctions such as motor 

stereotypies after repeated amphetamine application [79,80]. 

 

We found that even when activity levels are stable the network can still encounter 

serious performance issues when certain neurons develop many strong outputs. 

This can result in a small number of neurons controlling activity in a large portion 

of the output layer. Some outputs of these neurons are beneficial and so all of 

the activity of these neurons are rewarded at above chance rates. Reducing the 

rate of gain in synaptic strength resulting from rewarded STDP events prevents 

this by allowing under represented neurons to more easily compete for 

representation in the next layer. Competition between multiple outputs of the 

same neuron, as incorporated into this model, makes intuitive sense but has not 

been a subject of any great deal of study. Our study predicts that such 

competition is important in preventing a small number of neurons from 

dominating the networks activity and suggests that future experiments look for 

evidence of such mechanisms. There are also other ways to implement such 

competition, e.g., through lateral inhibition between output neurons [80]  found in 

many biological systems. 

 

Synaptic noise was implemented as variability in the magnitude of each 

individual synaptic event and was necessary for breaking out of local maxima of 

synaptic strength and therefore, to allow further increase of performance. This 

was in agreement with previous results supporting the general idea about 

importance of synaptic variability and noise [81,82,83]. We found some trade off 

between final performance and learning speed related to the level of noise. 

Surprisingly, higher noise levels continued to improve learning speed even 

though they resulted in the lower final performance. In addition repeated partial 
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randomizing (random perturbations) of synaptic weights during training rescued 

many of the simulations from low performing states. 

 

We found that the key themes that unite the mechanisms necessary for the 

network to be capable of addressing the tasks presented in this study are 

synaptic homeostasis and noise. It is crucially important to prevent both over 

representation and under representation of connections for the network to 

develop balanced synaptic weights. Without such mechanisms some 

connections in the network will be reinforced to the point that other inputs cannot 

meaningfully affect the network’s behavior. Synaptic homeostasis including 

output balancing proposed in this study can accomplish these goals without 

precise tuning of synaptic rules or balancing the potentiation and depression 

windows of STDP. 
 

Conclusion 
 
In this study we evaluated the performance of a rewarded STDP model 

implemented in a biologically inspired spiking network model representing a 

basic neuronal circuit. Our study predicted that a balancing of both incoming and 

outgoing synaptic connections was required to achieve high levels of learning 

performance. Furthermore, it was observed that performance would not improve 

without the presence of noise within the system and that the level of noise as 

represented by variability in synaptic release had a great impact on final 

performance. In exploring the ways in which variability in synaptic release and 

learning rate can affect the chances of the model to learn effectively and final 

performance, our study has observed trade-offs between different mechanisms 

involved in learning and may guide future experimental studies of decision 

making phenomena. 
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Methods 
 

Learning model 
In this study, rewarded STDP was implemented as part of a spiking network 

model of excitatory cells and inhibitory interneurons. The network was used to 

model basic foraging behavior in a simulated organism (referred as “virtual entity” 

below). The foraging behavior took place in a virtual environment of randomly 

distributed “food” particles. The environment consists of a grid of locations. Each 

location either has or does not have food. “Food” was distributed randomly on the 

50X50 environment grid. The virtual entity sees a 7 by 7 grid of squares the – 

“visual field” - centered on its current location. It can move to any adjacent 

square including diagonally for a total of 8 directions. Time is divided up into 

epochs of 600 time steps, roughly equivalent to 300 ms. At the start of each 

epoch the virtual entity receives input corresponding to the locations of nearby 

food. Each cell of the input layer maps to a grid square within 3 squares of the 

virtual entities location. Thus 48 of the 49 cells receive input from a unique 

position relative to the virtual entity. During the middle of the epoch the virtual 

entity makes one move based on the activity of the output layer. The remainder 

of the epoch acts as a “cooling off period” to allow neurons to return to the resting 

state. If the virtual entity moves to a grid square with “food” the “food” is moved 

from that square to a randomly selected new square. 

 

The network was composed of 156 map based neurons [84,85] in 4 groups 

arranged into 3 feed forward layers to mimic a basic biological circuit: a 7 by 7 

input layer (I), two 7 by 7 middle (hidden) layers, one excitatory (H) and one 

inhibitory (HI), and a 3 by 3 output layer (O) (Fig. 1B). This structure provides a 

basic feedforward inhibitory circuit [86] found in many biological structures, e.g, 

thalamocortical [87], hippocampal [88], olfactory [89,90]and others [91]. 
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Input cells are stimulated by current injection sufficient to trigger a spike if there is 

“food” on the grid location the cell is mapped to. Each cell of the input layer (Ii, 

where i is cell index) outputs to one cell in the excitatory middle layer by a 

synapse with strength W1ij from Ii to Hj and one cell in the inhibitory middle layer 

by a synapse with strength W2ij from Ii to HIj. This is one to one map, so W1ij > 0, 

W2ij > 0 only if i = j and W1ij = W2ij = 0 otherwise. 

 

Time is divided into epochs of 600 time steps and is represented by 𝑇!. Each 

epoch is of sufficient duration for the network to receive inputs, produce outputs, 

and return to a resting state. Input cells receive excitation on the first time step of 

each epoch. Output is chosen and the virtual entity is moved at the end of the 

epoch. 

 

Each cell in the excitatory middle layers (cell Hi ) or inhibitory middle layer (cell HIi 

) connects to every cell in the output layer (Oj) with synaptic strength Wij or WIij, 

respectably. Initially all these connections have uniform connection strengths (Wij 

= Const, WIij = Const and independent on i or j). Thus, all responses in the output 

layer are due to random variability in the activity of middle layer output synapses. 

This variability is inherent to all synaptic interactions between neurons caused by 

release noise of synapses. It is implemented as variability in the magnitude of 

each individual synaptic event. 

 

The activity of the output layer of the network controls the direction of virtual 

entity's movement. Each of the output layer cells is mapped to a direction. The 

output layer cell (Oj) that spikes the greatest number of times during the first half 

of an epoch defines the direction of movement on that epoch. If there is a tie the 

cell that spikes first determines direction. If no cells in the output layer fire the 

virtual entity continues in the direction it traveled during the previous epoch. 

There is 2% chance on every move that the virtual entity will ignore any output 
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and instead move in a direction 45 degrees off of its direction on the last move. 

This random variability prevents infinite loops of virtual entity's motion during the 

learning process. 

 

Plasticity in our model is based on a rewarded STDP paradigm [10,15,16,17] 

implemented between layers H and O. A spike in a post-synaptic cell (Oj of the 

output layer) that directly follows a spike in a pre-synaptic cell (Hi of the hidden 

layer) creates a “pre before post” event. Additional post-synaptic spikes do not 

create additional pre before post STDP events. Likewise a spike in a pre-synaptic 

cell that directly follows a spike in a post-synaptic cell creates a “post before pre” 

event. Additional pre-synaptic spikes do not create additional post before pre 

STDP events. 

The value of an STDP event, represented by vE, is calculated using the following 

equation [54,92]: 

vE=S k ep
  

(1.1) 

p=
- tr -tp
Tc       

 

            

     

Here k is equal to -0.025 in the case of a post before pre event and 0.025 in the 

case of a pre before post event. The variable S is the strength of the connection. 

tr   and tp are the times at which the pre and post synaptic spiking events 

occurred respectively. Tc is the time constant and is equal to 10 ms. 

 

The STDP events are not immediately applied to the respective synapse Wij 

between neurons Hi and Oj. Instead they are stored as traces for later use. Each 

trace remains stored for 5 epochs after its creation and then is erased. If cases 

where the network sizes are larger than those described here the traces may be 
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stored for a longer period. While still stored a STDP trace will have an effect 

whenever there is a rewarding or punishing event. If the network is rewarded or 

punished the change in synaptic strength of the synapse Wij is described as: 

         
ΔWij=

vE Srp

x  
(1.2) 

x=1+ tre -t t

Te

    

Here vE is defined by equation(1.1). Srp is the scale of reward when the network 

is rewarded and the scale of punishment when the network is punished; tre is the 

time the reward or punishment occurred and 𝑡! is the time the event trace was 

created; Te is the duration of an epoch.  

         

The network is rewarded when the virtual entity moves to a “food” location. It is 

punished when it moves to a location without food.     

  

The scale of reward is increased in inverse proportion to the sum of the cells 

outgoing synaptic strengths from hidden layer H to the output layer O: 

   

Srp(reward)=
Wi0

Wi  
*Srp0                       

(1.3) 

       

Here 𝑆!"! is constant value that corresponds to STDP strength and Wi = Wij
j
∑  is 

a total synaptic strength of all connections from specific cell Hi to all cells Oj of 

the output layer. Wio is a constant that is set to the value of Wi  at the at the 

beginning of the simulation. For the scale of punishment, Srp( punishment ) = −0.3Srp0 . It 

remains constant and is not affected by the sum of the strength of the cells 

synaptic outputs. The effect of these rules is that the cells with lower total output 
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strength increase their output strength more easily. We have found that creating 

competition between a cell's synaptic outputs by having the increased strength of 

one synapse affect the rate of strength increase of other synapses reduced the 

chance that a single cell middle layer cell would be capable of regularly causing 

action potentials in multiple output cells simultaneously. When a single middle 

layer cell caused multiple output layer spikes the spikes indicating the direction 

the entity did not move would be rewarded along with the one which indicated the 

direction the entity did move. This creates strong, stable, maladaptive 

connections. 

 

To ensure that all the output neurons maintained a relatively constant long term 

firing rate, the model incorporated homeostatic synaptic scaling [76]. The total 

synaptic input Wj = Wij
i
∑  to a given output cell Oj is set to be equal at each time 

step to the target synaptic input Wj = Wj0 - a slow variable that varies over many 

epochs and depends on the activity of that cell Oj and activity of its pre-synaptic 

cells. If a cell Oj repeatedly receives input but does not fire in response, the Wj0 is 

increased. If the cell responds with multiple spikes the Wj0 is gradually reduced.  

   
Wj1= Wj0 (1-Dtar +Dtar

Rt

Rc

 ) , Dtar = 0.001

Rc1= Rc0 (1-Df )+(DfFe  ) , Df = 0.01    

 

(1.4) 

            

  

Here 𝑅! is the target rate of firing for the neuron in spikes per epoch and 𝑅! is the 

estimate of the cells current firing rate. 𝐹! is the number of times the cell has fired 

this epoch. This update takes place every epoch (600 time steps). 

 

To ensure that total synaptic input Wj remains unaffected by plasticity events of 

individual connections at individual time steps and equal to Wj0, we implemented 
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scaling process that occurs after each STDP event. When any excitatory 

connection increases in strength, all the other excitatory connections incoming to 

that cell decrease in strength by a “scale factor” Sf to keep Wj = Wj0 

 

Wij(n+1) = WijnSf       (1.5) 

 

Where Sf =
Wj0

Wijni∑ , Wijn are synaptic weights right after STDP event but before 

scaling and Wij(n+1) are synaptic weights after scaling; Wj0  is from equation 1.3.   

 

         

The model does not include mechanisms for inhibitory plasticity. All inhibitory 

connections WIij incoming to cell Oj from all cells HIi of the inhibitory layer have 

uniform strength. The sum of their inhibitory strength is held equal to the sum of 

the strength of all excitatory connections coming into the same cell. In other 

words at the each time step we scale WIij so  
 

WI j = WIij = −Wj
i
∑                   

 (1.6) 

 

A “hunger mechanism” is included that activates after an extended period of not 

receiving food. When activated it causes the virtual entity to ignore input layer 

activity and move in the last direction moved (98% probability) or change to a 

random new direction (2% probability). The behavior continues until it moves on 

to a food space. It is used to prevent the virtual entity from moving in infinite 

loops during the learning process. 
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Map based neuronal models 
 
To allow for efficient network simulations, we used a reduced model of a spiking 

neuron described by difference equations (map) [84,93,94]. The model is 

described by the following equations: Vn+1 = fα (Vn , In + βn ) ,

,)1( 1 nnnn VII µσµσµ +++−=+  where nV  is the membrane voltage, nI  is a slow 

dynamical variable describing the effects of slow conductances, and n  is a 

discrete time step (~0.5 msec). Slow temporal evolution of nI  was achieved by 

using small values of the parameter 1<<µ . Input variables nβ  and nσ  were 

used to incorporate external current ext
nI  (e.g., synaptic input): e ext

n nIβ β= , 

e ext
n nIσ σ= . The nonlinearity ),( IVfα  was designed in the form of a piece-wise 

continuous function: 
 

  

  fα (Vn , In ) =

α   (1−Vn )−1 + In  , Vn ≤ 0

α + In  , 0 <Vn <α + In  and  Vn−1 ≤ 0  

−1 , α + In ≤Vn  or  Vn−1 > 0 

⎧

⎨
⎪⎪

⎩
⎪
⎪

  

 (1.7) 

 

To convert the dimensionless “membrane potential” V to the physiological 

membrane potential Vph, the following equation was applied:   
Vph = 50V −15 [mV]  

[85] .  

 

This model, despite its intrinsic low dimensionality, produces a rich repertoire of 

dynamics and is able to mimic the dynamics of Hodgkin-Huxley type neurons 

both at the single cell level and in the context of network dynamics [84,94]. A fast 

spiking neuron model (Fig. 1) was implemented to simulate the neurons in the 

network.  
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To model synaptic interconnections, we used conventional first order kinetic 

models of synaptic conductances rewritten in the form of difference equations:
   

g(n+1)
syn =γgn

syn +
(1+X R)  gsyn,   spikepre,

 0,    otherwise,

!
"
#

$#
 

        

 
 
and the synaptic current computed as: 
 

In
syn = -gn

syn  (Vn
post -Vrp )   

  (1.8) 
 

 
Here gsyn is the strength of synaptic coupling, and indices pre and post stand for 

the presynaptic and postsynaptic variables, respectively. The first condition, 

“spikepre”, is satisfied when presynaptic spikes are generated. Parameter g 

controls the relaxation rate of synaptic conductance after a presynaptic spike is 

received (0 £ g < 1). The parameter R is the coefficient of variability in synaptic 

release. The standard value of R is 0.16. X is a randomly generated number 

between -1 and 1.  Parameter Vrp defines the reversal potential and, therefore, 

the type of synapse: excitatory or inhibitory. A single IPSP produced in a 

postsynaptic excitatory cell by a spike in a presynaptic interneuron is shown in 

Fig. 1C. The term   (1+ XR)  introduces a variability in synaptic release such that 

the effect of any synaptic interaction has an amplitude that is pulled from a flat 

distribution ranging from   1+ R
 to   1− R

 times the average value of the synapse.  

 

Reference strategies 

In order to compare the performance of the network 4 automated methods of 

movement were designed. These strategies did not rely on the output of any 

network but used simple heuristics based on the location of food within the 

entities visual range (a 7 by 7 area centered on the entity).  
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Strategy 1 does not base the movement of the entity on the location of food. It 

initially selects a random direction to move. Each new epoch there is a 2% 

chance that the direction will change by 45 degrees (left or right chosen 

randomly). Otherwise it moves in the direction it moved on the previous epoch. In 

the standard 10% randomly distributed food environment it has an average 

success rate of 8.7% at obtaining food a given move. 

 

Strategy 2 functions as strategy 1 with the exception that when food is in at least 

one square that is adjacent to the entity the next move will be to a square that 

contains food. This strategy has an average success rate of 32.3% under 

standard conditions.  

 

Strategy 3 behaves as Strategy 1 only when no food is present within the visual 

field. When food is within the visual field the chosen move will be in the direction 

of one of the closest food. Which food is moved toward is chosen randomly if 

several food elements are at the same distance. Under standard conditions this 

strategy has an average success rate of 53.1% 

 

Strategy 4 is the most successful strategy. When no food is present in the visual 

field it behaves like Strategy 1. When food was present the strategy would 

search through all possible sets of 5 moves within the visual field. It then choses 

the set of moves that would result in the most food being obtained and makes the 

first move from that set. If multiple sets of moves obtain the same number of food 

the set which obtains food sooner is preferred. If multiple sets have the same 

sequence of food being obtained one of those sets is chosen randomly. Under 

standard conditions this strategy has an average success rate of 56.0% 
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Abstract 
Frequency modulated (FM) sweeps are common in species-specific 

vocalizations, including human speech. Auditory neurons selective for the 

direction and rate of frequency change in FM sweeps are present across 

species, but the synaptic mechanisms underlying such selectivity are only 

beginning to be understood. Even less is known about mechanisms of 

experience-dependent changes in FM sweep selectivity.  We present three 

network models of synaptic mechanisms of FM sweep processing based on 

published experimental data: (1) The ‘facilitation’ model contains frequency 

selective cells operating as coincidence detectors, summing up multiple 

excitatory inputs with different time delays. (2) The ‘duration tuned’ model 

depends on interactions between delayed excitation and early inhibition. The 

strength of delayed excitation determines the preferred duration. Inhibitory 

rebound can reinforce the delayed excitation. (3) The ‘inhibitory sideband’ model 

uses frequency selective inputs to a network of excitatory and inhibitory cells. 

The strength and asymmetry of these connections results in neurons responsive 

to sweeps in a single direction of sufficient sweep rate. Variations of these 

properties, can explain the diversity of rate-dependent direction selectivity seen 

across species.  We show that the inhibitory sideband model can be trained 

using spike timing dependent plasticity (STDP) to develop direction selectivity 

from a non-selective network. These models provide a means to compare the 

proposed synaptic mechanisms of FM sweep processing and can be utilized to 

explore cellular mechanisms underlying experience- or training-dependent 

changes in spectrotemporal processing across animal models.  Given the 

analogy between FM sweeps and visual motion, and some similarities in 

mechanisms across modalities, these models can serve a broader function in 

studying stimulus movement across sensory epithelia. 

  



44 
 

 
 

 

Author Summary: 
 
Auditory processing depends extensively on feature detectors. These are 

networks of neurons that become active when certain features are present in a 

sound. Frequency modulated sweep detectors are one of the best studied but the 

cellular level network organization that give rise to them is not explicitly known. 

Here we present biologically plausible neural networks that are capable of 

reproducing a large number of features of known FM sweep detection 

mechanisms. Among other predictions we show that spike time dependent 

plasticity may be responsible for the development of direction selectivity in 

networks employing the sideband inhibition mechanism. 
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Introduction  
Frequency modulated (FM) sweeps are relatively simple, but behaviorally 

relevant, sounds to study spectrotemporal processing. FM sweeps are common 

in animal vocalizations including human speech. FM sweeps are important in 

speech discrimination [95] [96]  [97] and deterioration of FM detection with 

presbycusis is correlated with speech recognition deficits [98] [99]. A broad range 

of FM sweep rate-dependent direction selectivity is found across animal species 

[100] [101] [102] [103] [104] [105], but the synaptic/network properties that 

generate this diversity in spectrotemporal processing are unclear.  To address 

this issue, we developed network models of three synaptic mechanisms 

proposed based on experimental data (reviewed in [106]).   

 

The first mechanism is asymmetric sideband inhibition [107] [108] [109]. Recent 

work shows that the timing and strength of sideband inhibition relative to 

excitation shapes FM sweep selectivity [110] [103] [111] [112] [113].  A second 

mechanism for FM sweep selectivity is facilitation [114] [115]. Individual cells 

receive subthreshold excitation from two tones of different frequencies. 

Direction/rate selectivity emerges because only one sequence of tones 

generates the appropriate coincidence that is necessary for spike generation. 

The third mechanism is duration tuning for tones.  Duration tuning predicts FM 

rate selectivity [116] [117].  Coincidence of a rebound from inhibition and a 

delayed excitation underlie duration tuning in this model [118].  Alternate models 

that do not depend on a coincidence mechanism have also been proposed [119].  

Here we use a network model to evaluate the synaptic properties that cause a 

dependence on coincidence mechanisms.  Different brain regions may utilize 

each of these mechanisms separately or combine them for efficient 

spectrotemporal processing.  The main goal of this study was to implement and 

compare these mechanisms in biologically feasible network settings.  
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These models serve to test theories that explain changes in spectrotemporal 

processing due to formal training [120] or developmental experience [114]. 

Although development of FM sweep selectivity is experience-dependent, the 

underlying synaptic mechanisms of plasticity are unclear [114].  STDP 

mechanisms have been proposed to underlie experience-dependent plasticity of 

visual motion selectivity in the optic tectum [121]. Repeated presentation of a 

motion direction caused neurons to develop direction selectivity. This was shown 

to be dependent on the velocity of movement and STDP.   While it has been 

proposed that STDP shapes the development of FM sweep selectivity [114], it is 

unclear what network parameters underlie such plasticity.  Therefore, the second 

aim of this study was to determine if and how STDP shapes experience-

dependent changes in FM sweep direction selectivity.  
 
Results 
Sideband inhibition: 
Auditory neuron receptive fields, like those in visual and somatosensory areas, 

contain excitatory and inhibitory components that are approximately spectrally 

balanced [122] [123]. The layout of the model that captures the spectral balance 

is shown in Fig. 9A. A number of consecutive frequency sensitive input cells send 

excitatory input to an inhibitory cell and an output cell. Each input cell responds 

to a particular frequency; therefore, a sweep leads to sequential activation of the 

input cells. The inhibitory cell provides feed-forward inhibition to the output cell 

[86]. Thus, the output cell requires several (arriving close in time) excitatory 

inputs to spike. Sweeps of sufficiently fast rate lead to summation of excitatory 

inputs in the output cell making it fire before the inhibitory cell could prevent the 

response. Although the excitation to the inhibitory cells was generally stronger 

[124], their route to the output cells was one synapse longer allowing the output 

cell to receive sufficient excitation before inhibition could prevent cell firing.  
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Figure 9. Sideband inhibition mechanism of FM sweep detection. A) Network layout. This 
model uses asymmetric inhibitory sidebands to differentiate between sweeps of different rates 
and directions. This network is sensitive to sweeps in preferred direction that are of the target rate 
or faster resulting in so-called ‘Fast-pass’ rate selective neurons. Excitation is in blue; inhibition is 
in red. Sweep rate selectivity is dependent upon the strength of synaptic inputs to the inhibitory 
layer. Direction selectivity depends on the asymmetry of these inputs A sweep of sufficient speed 
will excite the output cell to fire before the inhibitory interneuron can suppress the output. 
Although the excitation to the inhibitory cells is generally stronger their route to the output cells is 
one synapse longer allowing the output cell to receive sufficient excitation before inhibition can 
prevent cell firing. B) The level of excitation in output cells in response to sweeps of various rates. 
Spikes are prevented to show depolarization. The green line represents the least sensitive cell 
(cell 10). As these lines do not cross there is no sweep rate which will evoke a response in the 
cell represented by the green line that does not also evoke a response in the cells represented by 
the other two lines. The X-axis shows sweep rate in cells per second in an arbitrarily chosen 
positive direction. Negative sweep rates represent sweeps in the other direction. ‘Inf’ indicates all 
input cells fire simultaneously. C) This two dimensional plot shows maximum excitation of 10 
output cells in response to a full range of sweep rates. Sweep rates are varied across the x-axis 
with each output cell arranged along the y-axis. Color indicates maximum excitation during the 
sweep while spikes are presented in deep red. The asymmetry or the response of the network is 
directly related to the asymmetry of the strength of connections from the input layer to the 
inhibitory layer. D) This shows range of sweep rates a given output cell responds to as a function 
of the mean strength of connections from the input layer to the inhibitory cell. The range is 
measured by the number of sweep rates that evoke a response out of the total test set. Dots 
represent individual trials with various Asymmetry coefficients. E) Direction Selectivity Index (DSI) 
is shown in comparison to the degree of asymmetry of the strengths of connections from the input 
cells to the inhibitory cell.  

Figure 1
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In the model, as a sweep activated successive tone-selective cells, these cells 

begin to excite the inhibitory cell. As there are direct excitatory connections from 

the input cells to the output cells the excitation arrived faster than the inhibition. 

For fast sweeps this resulted in an output cell that was well on its way to spiking 

before inhibition arrived. On the other hand, for sweeps slower than a threshold 

sweep rate, feed-forward inhibitory  

 
input reached the output cell before it received enough excitatory inputs from the 

input neurons to spike. Therefore, inhibition would prevent spiking. 

Any output cell that responded to a given sweep rate would also respond to 

sweeps faster than that, giving rise to the ‘fast-pass’ type rate selectivity function 

[125]. In this model, output cells could be made responsive to a narrower range 

of sweep rates by increasing excitatory input to inhibitory cells (Fig. 9C). Thus, 

output cells receiving strongest inhibition would respond only to the fastest 

sweeps in a given set and therefore will be tuned to a narrow range of sweep 

rates (Fig. 9D). In contrast, the cells that received weakest inhibitory input would 

be less selective and would respond to a broader range of sweeps (Fig. 9C, D). 

Thus, by adjusting the excitatory input strength upon inhibitory neurons, a broad 

range of rate selectivity functions can be generated. Maximum excitation of three 

output cells is shown in Fig. 9B (to illustrate the temporal profile of the response, 

the cells were prevented from spiking). The least selective cells always respond 

more strongly than the more selective ones regardless of sweep rate. The 

maximum excitation was asymmetrical due to asymmetry in the strength of 

connections from the input cells to the inhibitory cell.  

In general, this model would respond to sweeps of both directions, however, 

direction preference is introduced by implementing asymmetry of synaptic 

strengths in the connections from the input cells to the inhibitory cells. The 

asymmetry was calculated by subtracting the distance weighted average of 

synaptic strength of connections from the input cells to the inhibitory cells on one 

side of the central tone-responsive input cell from those on the other side. 
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ASY= 𝑆 ∗ (𝐶! − 𝐶!")                                         (2.1) 

 

Where ASY is asymmetry, S is synaptic strength, Cx is the position of an input 

cell that sends a connection to the inhibitory cell and 𝐶!" is the position of the 

input cell in the center of those that send connections to the inhibitory cell. 

 

When this factor was set to zero, all connections from the cells that responded to 

the low frequency range (the cells on the left in the Fig. 9A) were of the same 

strength as those from the high frequency range (the cells on the right in the Fig. 

9A). Under this condition the network had no direction preference. When the 

asymmetry was non-zero, the synaptic strength of inputs from the cells 

responsive to one end of the frequency spectrum was higher than those from the 

other end. To quantify this, we introduced direction selectivity index (DSI) as a 

measure of how strongly the network prefers sweeps in one direction over the 

other. It is defined by the number of sweeps the network responds to inputs in 

one direction subtracted from the number of sweeps responded to the inputs in 

the other direction and divided by the total number of sweeps it responded to.  

 

DSI=!!!!!
!!!!!

                                                      (2.2) 

 

Where 𝑆!  is the number of upward sweeps the network responds to 𝑆! is the 

number of downward sweeps the network responds to. 

 

Fig. 9E shows that DSI increases with the asymmetry in the network.  Thus, 

manipulation of two properties of this network, asymmetry (Fig. 9E) and strength 

of input to the inhibitory cells (Fig. 9D), can generate a broad range of rate-

dependent direction selectivity functions.  Importantly, this also indicates that 
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measures of direction selectivity in experiments must be taken at different sweep 

rates.        

Fig. 10 shows the response of the output cell to individual sweeps. It illustrates 

that for slow sweeps, the inhibitory cells fired before sufficient number of 

excitatory inputs triggered an output cell response (Fig. 10A, left). For sweeps of 

sufficient rate the inhibitory cell spiked too late to prevent output spike (Fig. 10A, 

middle). Direction selectivity in this model was determined by asymmetry in the 

strength of connections from the input layer to the inhibitory layer. The network 

was less sensitive to sweeps coming from the direction that contained stronger 

connections to the inhibitory cells. Therefore, even for fast sweeps in non-

preferred direction, the inhibitory cell could fire early enough to prevent spiking in 

the output neuron (Fig. 10A, right).   

 

To illustrate response of an ensemble of neurons, Fig. 10B presents responses 

of 10 different cells (each cell could belong, e.g., to a different network like that 

illustrated in Fig. 9A), each tuned to a different sweep rate range, as a heat chart. 

The difference in tuning properties was achieved by adjusting the excitatory input 

strength upon inhibitory neurons. Six sweeps of different rates were tested; the 

color represents the excitation of the cell at a particular time. Blue indicates the 

resting state with dark red representing a spike. The sweep of the slowest rate 

triggered response only in a cell from the circuit with broadest tuning profile. All 

neurons spiked in response to the fastest sweep rate. 

 

In order to explore how this system might develop direction selectivity in vivo, 

STDP rules were instituted in a series of initially symmetrical networks. STDP 

was introduced to the excitatory connection from the input layer to the inhibitory 

layer. This STDP mechanism included the balancing of incoming connections for 

all cells so that total incoming synaptic strength remained constant. When the 

network was presented with repeated sweeps in a single direction the networks 
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Figure 10. Sideband inhibition network response to a variety of sweeps. A) Voltage traces of 
an output cell in response to a variety of sweep rates. The cells firing threshold is shown as a 
dotted blue line. The lower traces indicate spikes of all input cells (bottom) the shown output cell 
(middle) and the inhibitory interneuron(upper). During sweeps of non-preferred rates the network 
goes above normal spiking threshold and is only prevented from spiking by inhibition. B). A raster 
plot of output cell excitation over time for cells with different preferred sweep rates for 6 different 
sweeps. The cells depolarization is represented by color. Cells are arranged along the y-axis time 
is represented on the X-axis. Each frame represents the output cells' response to a single sweep 
with the sweep rate indicated above each panel. The lower numbered cells are responsive to a 
broader range extending to progressively slower sweeps. Comparing this to figure 5B we can see 
that this mechanism operates within much shorter timescales than coincidence detection. 
 

Figure 2
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became selective for sweeps in that direction (Fig. 11). As shown in Fig. 11A 

over the course of training the profile of responses changes for all cells though 

the least selective cells are affected the most.  It was found that over the course 

of repeated exposure to sweeps of a given direction, the coefficient of asymmetry 

increased (by absolute value) along with the DSI (Fig. 11B). Small changes in 

synaptic asymmetry were able to cause large changes in DSI. Asymmetry 

continued to increase until the inhibitory cell began to spike before the last input 

cell at which point the order of STDP was reversed for that cell and asymmetry 

was reduced. DSI, experiencing a ceiling effect, was not affected by the 

reduction in synaptic asymmetry.  

 

Facilitation model: 
 

This model is based on assumption that the neuron’s spiking response to 

individual tones is poor or absent.  However, when two tones are presented in an 

appropriately delayed sequence, the spiking response is significantly stronger 

than the sum of response to individual tones.  Direction selectivity for upward 

sweeps will emerge if an ascending, but not descending, tone sequence 

produces facilitation.  Rate-dependent response will emerge if only specific 

delays between tones produce facilitation (see Methods).   

 

The network structure is shown schematically in Fig. 12A. As with the sideband 

model, it contains an input layer with a series of frequency selective cells. Each 

cell in the output layer received input from cells sensitive to two different 

frequencies. The synaptic connections from the input cells had different delays. 

The output cells responded only if the delay between the spike times of two input 

cells was within a summation sensitive window to compensate for the difference 

in synaptic delays. As a sweep moved from one frequency to another it activated 

one tone-selective input cell at a time. When the sweep had a “correct” rate and  
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Figure 11. Output response of sideband inhibition model. A) Maximum depolarization state 
attained in the output cells in response to sweeps of a given rate before and after training with 
sweeps of a single rate in the preferred direction. Shows the development of asymmetry of 
response properties due to the effects of STDP learning. B) DSI shown in blue compared to 
asymmetry index shown in red. As the network is trained by repeated exposure to sweeps of the 
same rate. Asymmetry index is arbitrarily scaled.  
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direction, the slow synapse was activated before the fast synapse and the 

difference in spike times was the same as the difference between the two delays. 

It led to summation of inputs and triggered response in the output cells. For 

simplicity, fast and slow connections have been implemented to be of equal 

strength though this is not necessary for the functionality of the detector. 

 

This model can be tuned to the sweeps of different rate by changing difference in 

synaptic delay between neighboring cells. Fig. 12B shows three output cells from 

different networks (with different combination of delays) each tuned to particular 

sweep rate. To estimate the maximum excitation achieved by the output cells in 

response to sweeps of various rates, spike generation was blocked in the output 

cells. The maximum excitation is a smooth symmetrical curve that peaks at the 

cells’ preferred sweep rate. Fig. 12C shows output cell response (heat chart) as a 

function of the sweep rate (X-axis) and synaptic delays (Y-axis). In this figure, 

spiking is not prevented and as such ‘red’ indicates spiking. Each sweep rate 

triggered response in the output cell only for one specific combination of delays. 

Furthermore, in contrast to sideband inhibition model, sweeps that were faster 

than preferred rate did not trigger a response, and this model generates band-

pass type rate selective functions [125]. 

 

Fig. 13 shows the response of different coincidence detecting cells to individual 

sweeps as a function of time. In Fig. 13A the first sweep (left panel) was too slow 

to trigger response. The next sweep (middle panel) was of the preferred rate and 

triggered spiking. Finally, the last sweep (right panel) had a wrong direction and 

produced no response. Fig. 13B shows the responses of 10 cells from different 

networks (each tuned to different preferred rate using different synaptic delays) 

as a heat chart. In this figure it can be seen that each cell responds to a sweep of 

its preferred rate in a very similar way that other cells respond to sweeps of their 

own respective preferred rate.  This model presents an intuitive and reliable 
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relationship between synaptic delay and preferred sweep rate. Preferred sweep 

rate was inversely proportional to the difference in synaptic delay of the outgoing 

connections from the tone-selective neurons (layer 1) to the output coincidence 

detection neurons (layer 2). This minimal model, using two layers of cells, can 

reliably encode rate and direction selectivity. 
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Figure 12. Coincidence-based mechanism of FM sweep detection. This mechanism is also 
described as the ‘facilitation’ mechanism in the literature [114] [126] . A) Network layout. The 
input layer (‘i’) represents an array of frequency sensitive cells in a tonotopic organization. The 
output cells (‘o’) will respond only if the delay between the activation the input cells is of the 
correct duration to compensate for their different synaptic delays. Sweep direction is shown by 
the black arrow. The thick blue arrows represent synaptic connections with short delays while the 
thin blue arrows represent synapses with longer delays. B) The maximum level of excitation 
achieved by output cells during a sweep as a function of delay between inputs being received by 
any two neighboring cells (this is inversely proportional to sweep rate). Networks tuned to 
different best sweep rates are shown in different colors. Here, spikes have been prevented to 
show excitation. Rates are shown in terms of the number of tonotopic cells stimulated in a second 
in a given direction. If all cells are stimulated simultaneously the rate is infinite. A negative rate 
indicates the cells being stimulated in the opposite direction. C) This two dimensional plot shows 
maximum excitation of 10 output cells in response to a full range of sweep rates. Sweep rates are 
varied along the x-axis with each output cell arranged along the y-axis. Color indicates maximum 
excitation during the sweep with spikes represented in deep red. 
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Figure 13. Coincidence detection network response to a variety of sweeps. A) Voltage 
traces of an output cell in response to a variety of sweep rates. The cells firing threshold is shown 
in blue. The red and purple traces below show the timing of spikes in the two presynaptic input 
cells. B) A raster plot of output cell excitation over time for cells with different preferred sweep 
rates. The cells’ depolarization is represented by color. Output cells are arranged along the y-axis 
by preferred sweep rate. Time is represented along the y-axis. Each frame represents the 
response to a single sweep with a specific rate. The higher numbered cells are responsive to 
faster sweeps. ‘INF’ indicates simultaneous activation of all input cells. 
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Duration tuning: 

In a duration tuning model, tone onset drives early inhibition that is 

followed by delayed excitation [118] [119].   Such a model detects tones of 

specific duration, rather than sweeps of specific rate (in contrast to the previous 

models).  The duration of these tones would be a strong indicator of the sweep 

rate because the sweep rate will dictate how long a sound spends at each 

frequency in a sweep. This mechanism therefore detects sweep rates indirectly 

[116] [117].  This mechanism does not influence direction selectivity.   

 

This network consisted of an input layer of tone-sensitive cells which fired a 

continuous train of spikes that lasted the input duration. Each input cell provides 

a strong excitatory input to a single middle layer inhibitory cell and a weak 

excitatory input to a middle layer excitatory cell. Inhibitory cells spiked with a 

similar spike rate and duration as the input cell and provided, with a delay, feed-

forward inhibitory signal to the output cell. In contrast, the excitatory cell required 

many inputs to reach spike threshold and then provided excitatory input to the 

output cell (Fig. 14A). This results in an early onset-driven inhibition that lasts the 

duration of the tone and a delayed onset-driven excitation as proposed based on 

experimental data [118] [119].  When the input cell was activated for a duration 

within its preferred range, the output cell received excitatory input from the 

middle layer right after it stopped receiving inhibition.  If this excitation exceeds 

threshold, spiking will occur.  This will generate onset-dependent short-pass 

duration tuning functions for tones as predicted by the ‘anti-coincidence’ model of 

duration tuning [119]. In this model changing strength of the input to the middle 

layer excitatory cell would affect how long it takes to trigger spike in this cell and 

therefore will affect duration tuning of the circuit. Maximum excitation of the 

output cells from different circuits (with different strength of the input to excitatory 

neuron) is shown in Fig. 14B and 14C. In Fig. 14B the responses of 3 output cells  
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Figure 14. Duration tuning model mechanism of FM sweep detection. A) Cells of the output 
layer respond selectively to sweeps of a given duration of spike train fired by it's respective input 
cell. Weak excitation is in pale blue; strong excitation is in dark blue. Inhibition is in red. Input to 
this network is in the form of spike trains that last the duration of the tone. The weight of the 
strong excitatory connection to the inhibitory cell is such that the inhibitory cell will fire roughly the 
same number of spikes over a similar duration as the input cell. The weak connection to the 
output cell is such that it will take a given number of input spikes before reaching threshold. The 
stage two excitatory cells connection to the output can be either sub threshold and require 
inhibitory rebound to reach threshold or supra-threshold. B) The maximum level of excitation 
achieved by output cells during a sweep as a function of input duration with spikes prevented to 
show maximum depolarization. C) This two dimensional plot shows maximum excitation of 10 
output cells in response to a full range of input durations. Number of spikes is labeled across the 
x axis. Color indicates maximum excitation during stimulus presentation, While spikes are 
presented in deep red. 
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are shown with spikes blocked. Each cell response showed a sharp peak for the 

preferred input duration (number of input spikes). If the weak excitation does not 

reach threshold even if it is outside the window of early-onset inhibition, then a 

coincidence with a rebound from the inhibition may increase spiking probability 

(Fig. 15A, middle).  This will lead to tone offset-dependent duration tuning as 

predicted by the ‘coincidence’ model of duration tuning [118] . When the input 

lasted too long, the inhibition was still present when the middle layer excitatory 

cell spiked. The inhibition cancelled this excitatory input and there was no 

response in the output cell (Fig. 15A, right). Finally, when the input duration was 

too short, the middle layer excitatory cell did not receive enough input to reach 

spike threshold (Fig. 15A, left). Thus the model explains two different hypotheses 

of tone duration tuning in the literature.   

 

Fig. 15B shows the response of 10 output cells from different circuits (tuned to 

different durations) as a heat chart. Unlike the similar figures from the previous 2 

models, here the inhibition triggers hyperpolarization that can be seen in dark 

blue starting significantly before the any of the output cells fire. Each neuron 

responded to a particular duration only. In this model, the sweep duration to 

which a given network is tuned was controlled by the strength of the excitatory 

connection from the input layer to the excitatory middle layer. The stronger this 

connection, the shorter the duration of the input triggering the network response. 

In natural environment, this would cause the network to respond to faster 

sweeps.     
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Figure 15. Duration tuned network response to a variety of sweeps. A) Cell traces of inputs 
one spike less than preferred duration (left), the preferred duration (mid) and one spike more than 
the preferred duration (right). The number of spikes reflects the tone duration. B) Raster plot of 
duration tuned output cells tuned to different durations (shortest preferred duration at top). The 
cells depolarization is represented by color. Cells are arranged along the y axis. Each frame 
represents the response to a single sweep of a different rate but similar bandwidth (thus a 
different duration of tone).  
 
 
 
 
 

Figure 7

A

B



62 
 

 
 

 
Discussion (1500 max) 
In this study we modeled mechanisms of FM sweep selectivity and identified 

network properties that may underlie the range of rate-dependent direction 

selectivity across species.  In addition, we compared selectivity properties of 

these models and showed STDP can shape selectivity in the sideband inhibition 

mechanism. 

 

Sideband inhibition model 
 

FM sweep rate and direction selectivity can be produced by the spectral and 

temporal interactions between excitation and sideband inhibition [127] [128] [103] 

[129] [117]. Our study shows that the diversity of rate-dependent direction 

selectivity functions observed across species can be explained by changes in 

two properties of the auditory neuron receptive field: strength of excitatory input 

to inhibitory neurons that generate sidebands and the spectral asymmetry of 

these inputs (Fig. 16).  Variation along the abscissa generates differences in 

asymmetry and therefore generates differences in direction selectivity.  Variation 

along the ordinate generates differences in relative strength of excitation and 

inhibition that may lead to the changes in relative timing of excitatory and 

inhibitory inputs to the output cell [110] [112]  and, therefore, generates different 

ranges of sweep rates to which a neuron responds.   

 

If the variation along the abscissa in Fig. 16 is related to tonotopy, this model 

explains the observed topography of FM direction selectivity in the rat auditory 

cortex in which low-frequency neurons preferred downward sweeps and high-

frequency neurons preferred upward sweeps [113]. In the pallid bat cortex and 

inferior colliculus (IC), most neurons are selective for the downward FM sweeps 

used in echolocation [130] [103]. Analysis of timing of sideband inhibition in the 
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cortex and IC showed that the high-frequency inhibition arrived later compared to 

low-frequency inhibition [116] [103]. This may also be due to the fact that the 

strength of high-frequency inhibition being lower compared to low-frequency 

inhibition as suggested by our model.        

While we do not propose a complete model for the development of sideband 

inhibition based sweep detector, our study suggests that development of 

direction selectivity from non direction selective networks can be explained by 

STDP. Provided STDP has the largest impact on the connections from the input 

cells to the inhibitory cells, the network will prefer whatever sweeps it is exposed 

to most often. We found that to achieve successful training, STDP based 

plasticity required balancing of synaptic inputs such that the total synaptic 

strength per cell remained constant over the training. Total weight of synaptic 

inputs to a neuron could be conserved by local balancing of potentiation and 

depression [67]  or by induction of heterosynaptic plasticity [7,74,75,76,131].  

 

Our model predictions are in agreement with experimental data obtained from the 

pallid bat cortex. At the onset of hearing most neurons are non-selective for 

sweep direction.  During early development, the bat is likely exposed to 

echolocation calls within the colony.  These are downward FM sweeps.  

Communication calls have upward sweeps, but are typically of slower rates or 

have different spectral bandwidths.  The increased exposure to downward 

sweeps, through STDP, may increase the asymmetry (abscissa in Fig. 16) to 

favor responses to downward sweeps.  Experimental data indeed show that 

during development low-frequency sideband inhibition arrives faster than high-

frequency sideband [129] in an echolocation experience-dependent manner 

[132].   This is likely due to low-frequency sideband becoming stronger [112].  

 

Several advantages of the sideband mechanism are apparent from the modeling 

results. This mechanism shows shorter response times than facilitation model. It 
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was also less sensitive to small changes in synaptic strength when compared to 

facilitation mechanism. The most prominent disadvantage of the sideband 

mechanism is that it responds to a range of sweeps (fast-pass type selectivity 

functions). This can be corrected however by an additional layer of processing 

which subtracts the response of one network from another. An additional 

disadvantage to this mechanism is that it requires a broader range of frequencies 

in order to detect sweep rate. This creates problems with making the network 

capable of detecting properties of narrow bandwidth sweeps and in identifying 

sweep rate independent of sweep duration or starting frequency. 
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Figure 16. Schematic excitatory and inhibitory components of an auditory neuron 
frequency receptive field in a network with inhibitory sidebands.  Variations in two 
properties, ‘asymmetry’ and ‘inhibition strength’, can explain the broad range of FM sweep rate-
dependent direction selectivity observed across species.  See text for additional details.  
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Facilitation model 
 Facilitation (or coincidence detection) mechanism relies on differences in 

synaptic delay to derive sweep rate specificity. It is selective for both sweep rate 

and direction and responds only to a sweep within a narrow range of preferred 

rates. Only two inputs are required for any given detector cell and as such a 

tonotopic organization may not be necessary to form this detector. All that is 

required are cells that are responsive to a variety of tones.  In a noiseless system 

the range of sweep rates that a given set of output cells would respond to can be 

made arbitrarily small.   

Models similar to this has been used to represent a sound localization system 

[133] [134] by detecting interaural time differences. The primary difference was 

that the inputs in the sound localization models represented the two ears rather 

than separate tones. As coincidence detection depended in part on decay of 

synaptic inputs to differentiate between sweeps, the time required to process a 

given input in this model was significantly longer (still <100 msec) than it was for 

the sideband inhibition model. Compared to the facilitation model, which could 

generate band-pass type (Gaussian) response functions, the sideband inhibition 

mechanism could only explain fast-pass (sigmoidal) FM rate selectivity without 

additional layers of processing.  

It is very likely that a trade-off exists between selectivity for sweep rate and 

response time. As a network is made responsive to a wider range of sweeps by 

increasing the synaptic strength of the connection from the input cell, response 

times are likely to be reduced.  The most likely cause of differences in synaptic 

delay is a difference in the placement of synapses upon the dendritic arbor; more 

distal synapses will take more time to carry signals on to the soma of the cell 

[135]. 
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Duration tuning 
Two different models (coincidence and anti-coincidence based models) have 

been proposed to explain tone duration tuning.  Common to both models is the 

presence of an early tone onset-driven IPSP and a delayed tone-onset driven 

EPSP.  The early IPSP lasts the duration of the tone.  The coincidence model 

posits that the EPSP is subthreshold and at the preferred duration, the rebound 

at the offset from inhibition will coincide with the EPSP to increase spiking.  By 

definition, this mechanism will generate spikes that are tied to tone offset and 

such neurons are present in the IC.  However, duration tuned neurons in which 

response is tied to tone onset are also present [119] [116] [117]. This can be 

explained by the anti-coincidence model that posits that the delayed EPSP is 

supra-threshold, and for short duration tones, the IPSP is over before the EPSP 

arrives.  This will generate spikes.  For long duration tones, the IPSP is still 

present when the EPSP arrives to reduce responses. 

 

The network model implemented here explains both types of neurons based on 

the properties of a single connection from the excitatory input cell to another 

excitatory cell. Inhibitory rebound was not required for a duration-tuned network 

in this model. Nevertheless, well timed inhibitory rebound can cause some 

neurons to respond to what would otherwise be subthreshold inputs [136] [137]. 

Furthermore, inhibitory rebound may be able to increase signal to noise ratio. 

Recent work [138] developed a computational model of band pass duration tuned 

network. The model is based on the integrate-and-fire network and implemented 

populations of cells in six different nuclei. The mechanism of tuning was 

dependent upon either an offset evoked excitatory post-synaptic potential or 

inhibitory rebound. This finding differs from the model shown here, which can 

potentially function without either of these effects.  
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The most obvious disadvantage to this mechanism is that it is not inherently a 

sweep detector. It is, however, used as a sweep detector in the brain [116] [117]; 

in order to do this additional layers of processing are required. The key 

advantage of this mechanism is that it can identify a sweep using only a single 

tone as input. This makes it far more robust against certain types of damage, 

especially the loss of sensitivity to certain ranges of sound frequency as may 

occur with age-related hearing loss.  This prediction is being tested in 

experimental models of cortical processing with hearing loss.   

FM sweeps are analogous to visual motion in the sense that the stimulus moves 

across the receptor epithelium.  Mechanisms discovered in the auditory system, 

and implemented here, are similar to those present to extract visual motion 

direction and velocity information.  For example, the cellular mechanism behind 

facilitation type FM sweep detector is similar to motion detection in the visual 

system [139].   The asymmetric side band inhibition is similar to that present in 

the superior colliculus [140]. The duration tuning model is similar to that found in 

the visual cortex [141].  The developmental shaping of selectivity using STDP 

rules may also be similar in the two systems ([121], [132] [132]).  These models 

therefore are broadly applicable to examine synaptic mechanisms of sensory 

motion processing.   

 

Conclusion 
 

Methods 
General definitions: 
The term ‘rate’ is used to describe the rate of frequency change in FM sweeps.  

Sideband inhibition refers to frequencies that by themselves do not produce 

action potentials, but can suppress spontaneous or excitatory tone-evoked 

responses.  Facilitation refers to non-linear combination sensitive responses 

wherein, two tones in combination generate stronger responses than the sum of 
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the individual tone responses. Similar response properties and mechanisms can 

be shaped by different circuit organization that exists across different brain 

regions.   For example, similar rate and direction selectivity are seen in the pallid 

bat inferior colliculus (IC) and auditory cortex [103] [114] [116] [142].  The receptive 

field mechanisms are also similar, but it is unlikely that the IC and cortex have 

similar circuitry involved in shaping the mechanisms.  Therefore, the network 

arrangements of the mechanisms explored here are based on the stimulus-

response properties of these mechanisms rather than attempting to replicate any 

specific brain region. The main elements of the networks used for each model 

are outlined below and discussed in details in the Results section. 

 
Sideband inhibition model: 
The model is based on experimental data on sideband inhibition as a mechanism 

of FM rate and direction selectivity across species and brain regions [107] [127] 

[103] [111] [116] [117] [112] [113].  The spectral and temporal interactions between 

the excitatory and inhibitory components of the receptive field shape both 

direction and rate selectivity of the auditory neurons.  Furthermore, any 

asymmetries of the inhibition on either side of the excitatory tuning curve will 

result in asymmetries in spectrotemporal properties and a rate-dependent 

preference for direction of stimuli moving across the frequency receptive field 

[127] [110] [103] [112] [113].     

 

The excitatory component of the receptive field in the network model is a 

tonotopically-arranged layer of frequency-selective cells (Fig. 9A). Five adjacent 

cells in the input layer, each stimulated by a single frequency, stimulate a single 

cell in the output layer. The number of input cells represented was chosen 

arbitrarily and can be changed to represent sweep detectors with different tuning 

curve bandwidth. The same input cells connect to a cell in the inhibitory middle 

layer to simulate the approximately balanced inhibitory component of the 
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receptive field [122] [143] [123]. The inhibitory middle layer cell strongly inhibits the 

output layer cell. Together these seven cells form the minimal unit of sweep 

detection with a distinctive profile of responses to sweeps in a single range of 

input frequencies. This profile of responses is dependent on the strength of the 

connections between the input cells and the inhibitory cell.  

 

 

 

Facilitation model: 
This model is based on experimental data on facilitation as a mechanism of FM 

sweep direction and rate selectivity across species and brain regions [114] [144] 

[115] [145].  Here the neuron’s spiking response to individual tones in the 

receptive field is poor or absent.  When, however, more than one synaptic input 

arrives simultaneously, it may lead to depolarization that is sufficient to initiate 

spiking response. This may occur when two tones are presented in an 

appropriately delayed sequence and activate two inputs with different synaptic 

delays.  Direction selectivity for upward sweeps will emerge if an ascending, but 

not descending, tone sequence produces a necessary summation (also called 

facilitation).  Rate-dependent response will emerge if only specific delays 

between tones produce facilitation.    

In the implemented model, activity is stimulated in a tonotopically arranged layer 

of frequency selective cells (Fig. 12A). Two cells in the input layer send 

subthreshold excitatory projections to a single output cell to model subthreshold 

narrowband excitatory inputs. The response from the excitation of both synapses 

combined is only sufficient to evoke a spiking response in the cell if they arrive 

within a narrow time window. Each synapse has a delay. In order for the 

excitation from both synapses to arrive within the time window the two input layer 

cells must fire with a timing that offsets the difference in delay between the 
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synapses. In this model changing preferred sweep rate can be achieved by 

varying synaptic delay.  

 

Duration tuning model: 
This model is based on evidence for duration tuning as a mechanism of FM rate 

selectivity across species and brain regions [116] [117]. The different models for 

duration tuning have two elements in common:  (1) a tone-onset driven early 

inhibition and (2) a delayed excitation [118] [119].    The models differ in whether 

coincidence of rebound from inhibition and excitation is necessary.  We 

implemented a model to study the conditions under which rebound from inhibition 

may be necessary in shaping duration tuning.  Activity is stimulated in a 

tonotopically-arranged layer of frequency selective cells.  Each cell responds to 

an input with a continuous train of spikes for the duration of the input (Fig. 14A). 

An input layer cell sends a stronger excitatory connection to an inhibitory middle 

layer cell and a weaker excitatory connection to an excitatory middle layer cell.  

This will result in the early onset inhibition and delayed excitation.  The inhibitory 

and excitatory middle layer cells send connections to the output cell. The output 

cell only responds to tones of specific duration. The preferred tone duration of 

this network is determined by the strength of excitation from the middle layer cell.  

                                   (2.3) 

 

Individual neuron models: 
To allow for a detailed analysis of oscillatory dynamics in large-scale network 

simulations, we used a reduced neuron model described by difference equations 

(map) [84] [94] [93], which has a number of distinct numerical advantages: the 

common problem of selecting the right integration scheme is avoided since the 

model is already written in the form needed for computer simulations. The model 

is described by the following equations:  
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 where  is the membrane voltage,  is a slow 

dynamical variable describing the effects of slow conductances, and  is a 

discrete time step (~0.5 msec). Slow temporal evolution of  was achieved by 

using small values of the parameter . Input variables  and  were 

used to incorporate external current  (e.g., synaptic input): , 

. The nonlinearity  was designed in the form of a piece-wise 

continuous function. To convert the dimensionless “membrane potential” V to the 

physiological membrane potential Vph, the following equation was applied:  

 

Vph=V*50-15 [mV]                                       

(2.4) 

 

 

This model, despite its intrinsic low dimensionality, produces a rich repertoire of 

dynamics and is able to mimic the dynamics of Hodgkin-Huxley type neurons 

both at the single cell level and in the context of network dynamics. Furthermore, 

these models are capable of matching response properties of biological neurons 

for more natural dynamic input [94] The network simulations conducted with this 

reduced model are several thousand times faster than those based on the 

Hodgkin-Huxley equations with a minimal set of ionic currents required to 

reproduce similar firing patterns of different cell types. In our simulations, the 

model parameters were set at , , , , . 

The model parameter σ sets the resting potential of the neuron and, therefore, its 

state with respect to spiking threshold.  

 

To model synaptic interconnections, we used conventional first order kinetic 

models of synaptic conductances rewritten in the form of difference equations: 

In+1 = In − µ  (Vn +1)+ µσ + µσ n , nV nI

n

nI

1<<µ nβ nσ

ext
nI

e ext
n nIβ β=

e ext
n nIσ σ= ),( IVfα

α = 3.65 σ = 0.06 µ = 0.0005 β e = 0.133 σ e =1
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0,              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,

                      (2.5) 

 

and the synaptic current computed as: 

 

    𝐼!
!"# =   −𝑔!

!"#(𝑉!
!"#$ − 𝑉!"),                                (2.6)     

 

where gsyn is the strength of synaptic coupling, and indices pre and post stand for 

the presynaptic and postsynaptic variables, respectively. The first condition, 

“spikepre”, is satisfied when presynaptic spikes are generated. Parameter g 

controls the relaxation rate of synaptic conductance after a presynaptic spike is received 

(0 £ g < 1). Parameter Vrp defines the reversal potential and, therefore, the type of 

synapse: excitatory or inhibitory. To model a synaptic delay, the implementation 

of condition “spikepre” may be delayed from the moment of the presynaptic spike 

generation by the number of iterations corresponding to the delay time. We used 

a range of 0.5-20 msec delays. 
 

STDP modeling:  

 

STDP-based learning was implemented in the sideband inhibition model because 

this mechanism has received the most experimental support. Changes in 

sideband inhibition underlie developmental plasticity of FM sweep direction 

selectivity [129] [132]. When STDP-based learning was active, connections from 

the input layer to the middle inhibitory layer were plastic. To maintain balance of 

synaptic weights, the sum of all incoming connections to a given cell was held 

constant such that when one connection increases in strength all others 

correspondingly weaken. Plasticity in our model is based on a STDP paradigm 

[4]. A spike in a post-synaptic cell which directly follows a spike in pre-synaptic 

cell creates a “pre before post” event. Additional post-synaptic spikes do not 

create additional pre before post STDP events. Likewise a spike in a pre-synaptic 
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cell which directly follows a spike in post-synaptic cell creates a “post before pre” 

event. Additional pre-synaptic spikes do not create additional post before pre 

STDP events. 

 

The value of an STDP event was calculated using the following equation [92] [54]: 

   ∆𝑊 = 𝑘 ∗ 𝑆 ∗ 𝑒(!
!!"#  !"#$%!!!"#$  !"#$%

!!
)                                 (2.7) 

 

 

Where k is equal to -0.025 in the case of a post before pre event and 0.025 in the 

case of a pre before post event. Variable S is the strength of the connection. Tc is 

the time constant and is equal to 10 ms. 
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Chapter 3 
Non-homogeneous extracellular resistivity affects the current-source 

density profiles of up–down state oscillations 
Maxim Bazhenov1, Peter Lonjers1, Steven Skorheim1, Claude Bedard2 and 

Alain Destexhe2 
1Department of Cell Biology and Neuroscience, University of California Riverside, 

Riverside, California, United States of America 

 
2 Neurosciences, Information and Complexity Research Unit (UNIC), CNRS, 

91198 Gif-sur-Yvette, France 

 

Rhythmic local field potential (LFP) oscillations observed during deep sleep are 

the result of synchronized electrical activities of large neuronal ensembles, which 

consist of alternating periods of activity and silence, termed ‘up’ and ‘down’ 

states, respectively. Current-source density (CSD) analysis indicates that the up 

states of these slow oscillations are associated with current sources in superficial 

cortical layers and sinks in deep layers, while the down states display the 

opposite pattern of source–sink distribution. We show here that a network model 

of up and down states displays this CSD profile only if a frequency-filtering 

extracellular medium is assumed. When frequency filtering was modelled as 

inhomogeneous conductivity, this simple model had considerably more power in 

slow frequencies, resulting in significant differences in LFP and CSD profiles 

compared with the constant-resistivity model. These results suggest that the 

frequency-filtering properties of extracellular media may have important 

consequences for the interpretation of the results of CSD analysis. 
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Introduction 
 

 Neural activity patterns during sleeping and waking are dramatically different. 

When the brain falls asleep, low-frequency synchronous oscillations in the 

thalamocortical system replace the asynchronous firing patterns associated with 

waking. [146,147,148]. During deep sleep, the entire cortical network alternates 

between silent (down) and active (up) states, each lasting 0.2–1  s. At least three 

distinct mechanisms have been proposed by computational models to explain the 

origin of slow sleep oscillations based on what causes the transition to the active 

(up) states of the thalamocortical network: (i) spontaneous mediator release in a 

large population of neurons, leading to occasional summation and firing [149] ; 

(ii) spontaneous intrinsic activity in layer V intrinsically bursting neurons [150] ; 

and (iii) self-sustained asynchronous irregular activity in layer V [151] . Despite 

different underlying hypotheses, all three scenarios involve some form of 

spontaneous activity of cortical neurons during the silent state immediately 

preceding the transition to the active state.  

 

In the first scenario, spontaneous miniature synaptic events (minis) [152], caused 

by spike-independent release of transmitter vesicles and regulated at the level of 

single synapses [153,154], progressively increase their rate during the silent 

phase of slow oscillations, and occasionally depolarize cortical neurons to the 

level of activation of the Na+ and Ca2+ currents followed by the action potential. 

Minis-driven random firing of cortical neurons results in depolarization and 

spiking in a population of post-synaptic neurons; activity spreads, triggering the 

onset of an active state [149,155]. In the second scenario, the intrinsic or 

synaptic mechanisms maintaining spontaneous firing during silent states are not 

specified; instead, it suggests that random firing of layer V pyramidal (PY) 
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neurons during the silent state of slow oscillation initiates the transition to the 

active state [156]. In the third scenario, the spontaneous activity arises from 

recurrent connections between cortical neurons within a given layer (presumably 

layer V), leading to self-sustained irregular activity states within that layer [151]. 

Another possible mechanism in regulating state transitions during sleep slow 

oscillation could be mediated by the cortico-thalamo-cortical loop. Cortical activity 

can recruit intrinsic oscillatory mechanisms in thalamic relay neurons [157], which 

could support slow rhythm [158]. 

 

In all scenarios, the active state, once initiated, is then maintained by recurrent 

excitations and intrinsic conductances. Eventually, the increase of Na+- and Ca2+-

dependent and voltage-dependent K+ currents terminates the neural activities, 

and the entire cortical network switches back to the silent state 

[146,151,156,159].  Recently, it was proposed that the degree of synchronization 

across the thalamocortical network found during slow oscillations cannot simply 

rely on the intrinsic properties of individual neurons alone; some large-scale 

network factors must control the temporal precision of network activities during 

slow oscillation [160]. These large-scale network factors can involve electric 

(ephaptic) interactions [161], which can be particularly relevant during slow sleep 

activities because of the large-amplitude local field potential (LFP) and 

electroencephalographic (EEG) oscillations generated by thalamocortical 

ensembles during transitions between active and silent states of slow rhythm. 

 

A high degree of spatial synchrony in the thalamocortical network during slow 

sleep activity [162] is reflected in large-amplitude fluctuations of the LFP, with a 

characteristic positive wave in superficial layers and a negative wave in deep 

layers recorded during active states of slow oscillation [163] [164] ; LFP polarity 

inverts during silent states of slow oscillation. This EEG pattern reflects the 

complex current-source density (CSD) profile generated during slow sleep 
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activity, with current sources generally located in superficial layers and current 

sinks in deep layers during active states, and the inverse of this during silent 

states. It was recently suggested that these large-amplitude LFP fluctuations may 

provide positive feedback loops, leading to measurable changes of neuronal 

activity during slow sleep [165]. 

 

EEG and LFP patterns measured in vivo are ultimately created by the 

synchronized activity of neurons. A correct description of the LFP signals is, 

however, challenged by difficulties in correctly describing the electrical properties 

of extracellular space. One common approach to estimate the LFP is based on 

the assumption that current sources are embedded in a uniform and resistive 

medium [166]. In contrast, alternative models take into account the filtering 

properties of the medium due to the complex structure of extracellular space 

[167] . This second approach generalizes the computation of the LFP in 

inhomogeneous media by including spatial variations (or inhomogeneities) of 

both conductivity and permittivity. These variations account for the fact that the 

extracellular space is not a uniform conductive fluid, but is packed with different 

cellular processes, including fluids and membranes. 

 

In the present study, we used a realistic multi-layer computer model of the 

thalamocortical network to evaluate the effects of inhomogeneous media on the 

LFP and CSD profiles generated by cortical neurons during slow sleep activity. 
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Methods 
(a) Intrinsic currents 
Models of cortical PY cells and interneurons (INs) had two compartments with 

channels governed by Hodgkin–Huxley kinetics [168]  

 

      

 

𝐶!
𝑑  𝑉!
𝑑𝑡 = −𝑔𝐿 𝑉! − 𝐸! − 𝑔 𝑉! − 𝑉! − 𝐼!!"# − 𝐼!"! 

and                                                        (3.1) 

𝑔 𝑉! − 𝑉! = −𝐼!!"# 

 

where Cm and gL are the membrane capacitance and the leakage conductance 

of the dendritic compartment, EL is the reversal potential, VD and VS are the 

membrane potentials of dendritic and axo-somatic compartments, IintS and IintD 

are the sums of active intrinsic currents in axo-somatic and dendritic 

compartments, Isyn is the sum of synaptic currents and g is the conductance 

between axo-somatic and dendritic compartments. In this model, the axo-somatic 

compartment had no capacitance, which sped up the simulations but had little 

effect on the firing patterns. The model included fast Na+ channels, INa, with a 

high density in the axo-somatic compartment and a low density in the dendritic 

compartment. A fast delayed rectifier potassium K+ current, IK, was present in 

the axo-somatic compartment. A persistent sodium current, INa(p), was included 

in the axo-somatic and dendritic compartments [169,170]. A slow voltage-

dependent non-inactivating K+ current, IKm, a slow Ca2+-dependent K+ current, 

IK(Ca), a high-threshold Ca2+ current, ICa, and hyperpolarization-activated 

depolarizing current, Ih, were included in the dendritic compartment. A fast 

delayed rectifier potassium K+ current, IK, was present in the axo-somatic 

compartment. The expressions for the voltage- and Ca2+-dependent transition 

rates for all other currents are given in Bazhenov et al. [155]. 
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Single-compartment models were used to describe the spiking properties of 

thalamic relay (TC) and thalamic reticular (RE) neurons. The expressions for the 

voltage- and Ca2+-dependent transition rates for all currents are given in 

Bazhenov et al. [155,171] 

 

 
(b) Network structure 
 
The network models included three layers of PY neurons and inhibitory INs 

organized in a one-dimensional chain of 200 PY neurons and 50 INs in each 

layer (Fig.17) . Within a layer, the connection fan-out was ±10 neurons for AMPA- 

and NMDA-mediated PY–PY synapses, ±1 neuron for AMPA- and NMDA-

mediated PY–IN synapses, and ±5 neurons for GABAA-mediated IN–PY 

synapses (AMPA=alpha-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid; 

NMDA=N-methyl-D-aspartate; GABA=gamma-aminobutyric acid). We also 

simulated populations of 100 core and 100 matrix TC neurons and 100 RE 

neurons. Intrathalamic fan-out was ±4 neurons for AMPA-mediated TC–RE 

synapses, ±4 neurons for GABAA- and GABAB-mediated RE–TC synapses, and 

±4 neurons for GABAA-mediated RE–RE synapses. Thalamocortical connection 

fan-out was ±20 (±5) neurons for AMPA-mediated TC–PY synapses and ±4 (±1) 

neurons for AMPA-mediated TC–IN synapses in the matrix (core) subsystem. All 

AMPA- and GABAA-mediated synapses were modelled by first-order activation 

schemes[172]; expressions for the kinetics are given elsewhere[173]. A simple 

model of synaptic plasticity (use  =  7%, τ=700  ms) was used to describe 

depression of synaptic connections [149,173,174,175,176]. A maximal 
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Figure 17. Structure of the thalamocortical network. The network model included three layers 
of cortical pyramidal cells (triangles) and inhibitory interneurons (large circles) and two layers of 
thalamic relay (TC) and reticular (RE) neurons divided into matrix and core subsystems. Small 
open mark inhibitory connections and filled circles mark excitatory connections between neurons.  
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synaptic conductance was multiplied to depression variable, D≤1, representing 

the amount of available ‘synaptic resources’: 

 

𝐷 = 1− 1− 𝐷! 1− 𝑈 𝑒𝑥𝑝 − !!!!
!
,                                  (3.2) 

 

where U=0.07 is the fraction of resources used per action potential, τ=700  ms is 

the time constant of recovery of the synaptic resources, Di is the value of D 

immediately before the ith event, and (t−ti) is the time after the ith event. 

 

(c) Local field potential 
 
We modelled LFP according to two different approaches. The first model (model 

1) uses a constant conductivity and considers that the LFP is generated by 

current sources embedded in a uniform medium, which is equivalent to a 

resistance. This is the standard model of LFPs used in the vast majority of 

modelling studies, and the LFP is given by 

𝑉 𝑟 = !
!!"

!!
!!

!
!!! ,                                          (3.3)  

 

where V (r) is the LFP at position r, and is generated by a set of n current 

sources ij,rj is the distance between the LFP site and each current source ij and σ 

is the extracellular conductivity, which is assumed to be constant and uniform. In 

this widely used model, there is no frequency-filtering property due to 

extracellular space. 

 

For this reason, we use a second model (model 2) that presents strong filtering 

properties due to the inhomogeneous structure of extracellular space. This 

second model considers a non-homogeneous conductivity by including spatial 

variations (or inhomogeneities) of both conductivity (σ) and permittivity (ε). In this 
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case, one cannot use equation (X.2), because it is only valid if σ and ε are 

constant. One needs to restart from first principles (Maxwell equations) and 

integrate the spatial variations of these parameters. This was done previously 

[167], and the LFP in frequency space is given by 

 

∇ ∗ ( 𝜎 + 𝑖𝜔𝜀 ∇𝑉!) = 0,                                    (3.4) 

 

where Vω is the ω frequency component of the LFP. In this equation, the 

conductivity (σ) and permittivity (ε) can be arbitrarily complicated functions of 

space. If they are constant in space, equation (X.3) reduces to the well-known 

Laplace equation (∇2Vω=0), which itself leads to equation (X.2). With non-

homogeneous conductivity, this model can display strong filtering properties 

[167]. 

 

Using this equation, assuming that the spatial variations of σ and ε follow a 

spherical symmetry around the current source, and that the LFP vanishes at 

large distances, leads to the following expression for the LFP in frequency space 

and at position r0: 

 

𝑉! 𝑟! = !!(!)
!!!!(!)

𝑑𝑟! !
!!!

!
!!

!! ! !!"!!(!)
!! !! !!"!!(!!)

,                        (3.5) 

 

where R is the radius of the source, Iω(R) is the current produced by the source 

and σz(R) is the extracellular conductivity at the border of the spherical source. 

Note, that for generality, the conductivity and permittivity are written here as 

frequency-dependent, which is only the case for macroscopic measurements (in 

which case it was shown that this expression is still valid; see [177]). In the 

present model, however, we have considered these parameters as distance-

dependent but frequency-independent. 
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Thus, the LFP at a position r0 from a set of N current sources is calculated by 

evaluating, for each frequency, 

 

𝑉! 𝑟! = 𝑍! 𝑟! 𝐼! 𝑅 ,                                            (3.6) 

 

where rj is the position of the jth current source, and Zω(rj) is the impedance 

given by 

 

Z! 𝑟! = !
!!!!(!)

𝑑𝑟′ !
!!!

! ! !!"#(!)
! !! !!"(!!)

.!
!!

                              (3.7) 

 

This model was used with an exponentially decaying profile of conductivity, 

where the conductivity is high in the vicinity of the neuronal membrane 

(extracellular fluid), and decays to a minimal value, which is equal to that of the 

constant-resistivity model. The basis of this conductivity profile is the following. 

The membrane is always surrounded by a layer of conductive fluid, so the 

conductivity is high for short distances. The average conductivity is necessarily 

lower for large distances, because one averages over highly conductive fluids 

and low-conductivity membranes. At very large distances, the average 

conductivity converges to a much lower conductivity value, which was assumed 

to be close to the conductivity of membranes. This profile was shown to produce 

a low-pass frequency filtering, where action potentials attenuate much more 

steeply than slower processes such as synaptic potentials [167]. The same 

model is used here with a spatial constant of conductivity decay of 5  µm, maximal 

and minimal conductivity values of σ=1.56 and 1.56×10−9  S  m−1, respectively, and 

a constant permittivity of ε=7×10−10  F  m−1 (see Bedard et al. [167] for a 

discussion of these parameters). 
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3. Results 
 

(a) Slow oscillations in the thalamocortical network model 
Our network model included several cell types distributed across different cortical 

and thalamic layers (see §2; Fig. 17). In short, we simulated layer V PY neurons 

with soma located in layer V and apical dendrites in layer I, layer VI PY cells with 

somas in layer VI and primary dendrites in layer IV, and layer IV with PY cells 

located in layer IV. Each cortical layer included a population of inhibitory INs; 

cortical structures interacted with thalamic relay neurons of the matrix (projecting 

to superficial layers) and core (projecting to layer IV) subsystems. This model 

provides a dramatic simplification of the cortical structure, particularly because 

the two-compartment design of the cortical neurons only allows the distribution of 

all synapses in one specific compartment (specific spatial location). 

Nevertheless, this model was able to generate realistic activity patterns, and we 

used it to calculate the LFP profile using different approaches (§2). 

 

Fig. 18 shows a typical activity pattern generated in the network model during 

approximately 20  s of simulated sleep slow oscillation. In this model, 

spontaneous summation of miniature excitatory post-synaptic potentials (EPSPs) 

through AMPA-mediated synapses between cortical PY neurons (see §2) 

triggered Na+ spikes in some PY neurons, which then transmitted to their 

neighbours. The level of synchronization at the initiation of an active state 

depended on how many PY neurons generated the initial Na+ spike within the 

same short time window, how close these neurons were located within the 

network and, to large extent, how fast the signals propagated. The spread of 

activity was mediated by the lateral excitatory connections within layers and 

between cortical layers. A typical active state recruited every 2  s approximately, 

lasted between 0.5 and 1  s, and its termination depended on the activity of 

inhibitory INs, depression of  
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Figure 18. Network activity during slow sleep. The entire network oscillated synchronously 
between active (up) and silent (down) states. (a) Space plot of network activity in layer IV. Dark 
blue color indicates hyperpolarized potentials; light colors indicate depolarized potentials 
corresponding to excitatory post-synaptic potentials and action potentials. (b) Representative 
examples of membrane voltage (Vm) oscillations in two PY neurons (indicated by arrowheads in 
(a)). Spike amplitude varies because of sampling rate. (Online version in color.)  
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excitatory connections and progressive activation of Ca2+-dependent K+ 

currents. In vivo sleep slow oscillations usually include longer active and shorter 

silent states [163]. Nevertheless, the pattern of activity generated with our model 

resembles slow oscillations recorded in vitro [156]. 

 

(b) Simulated local field potential during slow oscillations 
Knowledge of intrinsic and synaptic currents generated in each compartment 

allowed us to calculate the LFP. In short, two compartments of a single cortical 

neuron model represented sink and source of a current, and the sum of all 

intrinsic and synaptic currents in each compartment was equal to the axial 

current flowing between compartments (fig. 19); the opposite current flowed in 

the extracellular space and was used to calculate the LFP. Since the amplitude 

of the electric field in any particular spatial location of the network depends on 

the network geometry, specifically on the distance between neurons and 

between compartments, we made an assumption that the distance between any 

two layers is approximately 400  µm (based on the assumption that the cortex is 

2  mm thick). We also assumed that the cortical synaptic footprint covers 

approximately 1  mm (based on the typical size of the cortical column); thus, the 

distance between two neighbouring PY cells was estimated as approximately 

100  µm (total network size in the X-direction was 20  mm). This estimation is 

about one order of magnitude larger than physiological data, but it was a 

necessary compromise,  
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Figure 19. Local field potential (LFP) estimation. Each cortical neuron included two 
compartments. The axial current between compartments was equal and opposite to the current 
flowing in the extracellular space. This current was used to calculate the LFP at a specific point in 
space using either the constant- or variable-resistivity model. 
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considering the very limited size of the simulated population of neurons and 

synaptic footprints. We assigned spatial coordinates (X=0, Z=0) to cell number 1 

in layer I; cell number 200 in layer I had coordinates (X=20  mm, Z=0); and cell 

number 1 in layer VI had coordinates (X=0, Z=2  mm). Finally, to compensate for 

our model limitations of having synapses only in apical dendrites (e.g. layer V 

cells only have synapses in layer I), we used the inverted current polarity to 

calculate the LFP. This produced current sources in superficial layers during high 

network activity as observed in vivo. In a more realistic model, the same effect 

could be achieved by having a relatively larger fraction of synapses on basal 

dendrites and proximal part of apical dendrites in deep layers. 

 

Fig. 20 shows the depth LFP profile in the middle of the network (X=10  mm) 

estimated from the electrical activities of all the neurons, using the assumption of 

current sources embedded in a uniform medium (model 1). During active states, 

the LFP was characterized by high-frequency oscillations, with positive bias in 

superficial layers (layers I–II) and negative bias in deep layers (layers V–VI). The 

LFP amplitude decayed quickly after active state offset and was nearly zero 

during the entire silent state. The corresponding CSD profile is shown at the end 

of this subsection. These estimations seem to be in reasonable agreement with 

experimental data. For example, Rappelsberger et al. [164] described negative 

potentials and corresponding active (mediated by depolarization) current sinks in 

layer V, and positive potentials and passive current sources in superficial layers 

during the active state of slow sleep oscillations. In Chauvette et al. [163] , these 

current sinks in deep layers during active states were directly associated with 

activity and firing of layer V neurons. However, this simple LFP model showed 

nearly zero field potentials during silent states (fig. 20 b,c), and thus failed to 

explain the strong potentials observed in vivo during the silent states of slow 

oscillations [163] [164] 
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Figure 20. LFPs for constant-resistivity model. (a) Membrane voltage of a PY cell from layer 
IV indicates periodic transitions between active and silent states. (b) Depth (across layers) LFP 
profile in the middle of the network (x= 10  mm): x-axis, time; y-axis, cortical depth. The LFP signal 
was low-pass filtered at 50  Hz. Layer 0 (VII) represents a location 400  µm above (below) layer I 
(VI). (c) Unfiltered LFP traces in layers 0–V. 
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We next calculated the LFP profiles using the model taking into consideration a 

non-homogeneous medium conductivity (model 2). Fig. 21 compares the LFP 

generated by the two models considered in this paper in one specific location in 

the middle of the network (X=10  mm), one layer above layer I (Z=−400  µm). 

Starting from an example current source in the network (fig. 21a), the impedance 

calculated from equation (3.6) is either frequency-dependent or constant 

according to which model is used (fig. 21 b). The extracellular potential 

calculated from this single source is markedly different (compare fig. 21 c,d). 

Note that the amplitude is larger for the non-homogeneous conductivity model, 

even though the conductivity decays with distance and thus is lower overall 

compared with the constant-conductivity model. This frequency-dependent 

attenuation of the signal is much weaker for low frequencies, which results in an 

LFP signal with much more power in low frequencies (compared with the 

constant-resistivity model), while fast frequencies (such as action potentials) are 

comparatively attenuated. 

 

Fig. 21 e, f compares the full LFP generated by the entire network in the same 

conditions. The effect of the non-homogeneous conductivity is to enhance the 

propagation of slow frequencies over large distances, which results in an LFP 

profile much less dominated by multi-unit spike activity, and which bears more 

resemblance to the LFPs recorded experimentally. 

 

Fig. 22 shows the depth LFP profiles across all layers generated in the middle of 

the network (X=10  mm) using model 2. In contrast to model 1 (compare with fig. 

20), the LFP signals calculated assuming a non-homogeneous resistivity (model 

2) showed a more complex evolution of current sink–source distribution during 

network transitions (fig. 22b). The LFP was largely positive in superficial layers 

during active states, and negative in deep layers, reflecting a sink–source  
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Figure 21. Comparison between two models for generating LFPs. (a) Single current source from 
the dendrite of a layer V cell in the simulation of figure 18. (b) Impedance spectrum (square 
modulus) as a function of frequency for two models of LFPs, where the resistivity is either 
homogeneous (‘constant resistivity’) or inhomogeneous (‘variable resistivity’). A 100-fold higher 
value was also used (‘high’). (c,d) Extracellular potential generated by these two models applied 
to the current source in (a), and using an extracellular electrode located at 100  µm away from the 
source. (e,f) LFP generated for each model in the middle of the network (X=10  mm, Z=−400  µm) 
by the ensemble of neurons during slow-wave oscillations (800 current sources; see text for 
details). In (d,f), the two calibrations correspond to the two values used for constant conductivity, 
as indicated. 
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Figure 22. LFPs for variable-resistivity model  (a) Membrane voltage of a PY cell from layer 
IV. (b) Depth LFP profile in the middle of the network (X= 10  mm). The LFP was low-pass filtered 
at 50  Hz. (c) Unfiltered LFP traces in layers 0–V. Note the strong and non-uniform LFP profile 
during silent states of thalamocortical network (indicated by lack of spiking in PY cell from (a)). 
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Figure 23. Current-source density (CSD) analysis. (a) Membrane voltage (Vm) of a PY cell 
from layer IV. (b) Depth CSD profile in the middle of the network (X=10 mm) from the constant-
resistivity (homogeneous media) model: x-axis, time; y-axis, cortical depth. The CSD was low-
pass filtered with cutoff at 5 Hz. The CSD profile shows sink–source pairs in superficial and deep 
layers during active (up) states but was nearly zero across all layers during silent (down) states. 
(c) Depth CSD profile in the middle of the network (X= 10 mm) from the variable-resistivity (non-
homogeneous media) model. The CSD profile during active states was similar to that estimated 
from the constant-resistivity model (b). In contrast to constant-resistivity model, the CSD was also 
non-uniform and non-zero during silent (down) states. (d) Depth CSD profile calculated during 
slow wave activity in humans (adapted from Csercsa et al. [34] with permission). Time-locked 
averages to the peak of the surface positive half-wave (up-state) shows alternating sink–source 
pair in the superficial layers. (e) CSD profile during one episode of silent–active state transition 
from the variable-resistivity model. 
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distribution similar to that found in vivo. The strongest low-frequency component 

was found in layer I. Following transition to the silent state, the LFP changed its 

polarity and was represented by negative potentials in superficial layers and 

positive potentials in deep layers. The last represented the main difference 

between model 2 (non-homogeneous resistivity) and model 1 (homogeneous 

resistivity), where the LFP was nearly zero during silent states. 

 

We next calculated the depth CSD profile using the standard second-derivative 

approach. In both LFP models during active states, the CSD was represented by 

two sink–source pairs: one pair located in layers I–III and another one located in 

layers IV–VI (fig. 23 B,C). While some studies reported simpler LFP profiles 

during active states dominated by sources in superficial and sinks in deep layers 

[163,178] , others found a more complex sink–source distribution [164] similar to 

that reported in this study. Furthermore, recent human studies described a 

dominant sink–source pair in superficial layers [179] Nevertheless, all these 

experimental studies reported strong current sources during the silent states of 

slow oscillations. This structure was completely missing from our model when the 

LFP was calculated using the assumption of homogeneous resistivity (figure 23 

B). By contrast, the non-homogeneous resistivity model revealed sink–source 

distributions during silent states opposite to those found during active states (fig. 

23C), in agreement with experimental observations. This model produced an 

alternation of current-sink distribution in both space (cortical depth) and time, 

reflecting periodic network transitions between active and silent states. We also 

plotted the CSD profile estimated from human data (fig. 23D, modified from fig. 6 

of Csercsa et al. [179]; zero time corresponds to the peak of the surface positive 

LFP half-wave) and the CSD during one cycle of silent-to-active state transition 

calculated in this study using model 2 (fig. 23E). The current sink–source 

structure was very similar in superficial layers during both silent and active 

states, while the model also revealed current sources in deep layers. 
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4. Discussion 
 

In this study, we used a well-established model of sleep slow oscillations 

[149,155] to explore the neuronal factors behind experimental EEG and LFP 

signals recorded during deep sleep. We found that using a conventional 

constant-conductivity model, assuming that the LFP is generated by current 

sources embedded in a uniform resistive medium 

[166], may explain the in vivo distribution of current sinks and sources between 

the superficial and deep cortical layers during active phases of slow oscillations. 

However, it failed to explain the strong source distribution during silent states of 

slow-wave sleep [163]. An alternative model of LFP generation presented strong 

filtering properties due to the properties of extracellular space. This second 

model considered a non-homogeneous conductivity by including spatial 

variations (or inhomogeneities) of both conductivity and permittivity [167,177], 

accounting for the fact that the extracellular space is packed with different cellular 

processes, including fluids and membranes. This second model also produced 

the correct distribution of sinks and sources during active states of slow 

oscillations. In contrast to the first model, it generated non-zero CSD during silent 

states as well. These current densities during silent states were opposite to those 

during active states, therefore providing alternating sequences of sinks and 

sources in time during slow oscillations, in good agreement with experimental 

data [163,164,178,179,180]. 

 

Understanding the meaning of the EEG and LFP patterns in terms of the activity 

of contributing groups of neurons, as well as understanding which conclusions 

about the activity of specific types and groups of neurons can be drawn from 

analysing the EEG and LFP, remains an important and largely open problem. 

Clearly, the EEG is a result of changes of electrical activity of multiple sources, 

and ultimately represents the activity patterns of entire populations of neurons 
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and glial cells in the brain. In contrast, the LFP provides a (relatively) microscopic 

measure of brain activity, summarizing the electrical activities of possibly 

thousands of neurons [181,182]. In large part, these activities come from the 

gradients of the membrane voltage between different compartments of individual 

cells and usually result from synaptic activation mediated by action potentials. 

For example, excitatory synaptic activation in a given compartment will create a 

flow of positive ions inside the cell (active current sink), depolarizing the 

intracellular space and creating a negative potential in the surrounding space. 

These gradients will then lead to current flow between compartments inside the 

membrane and in the extracellular space, and will lead to hyperpolarization of the 

membrane at sites where positive ions leave the cell (passive current source). 

Another possibility includes active current sources due to the inhibitory synaptic 

currents and corresponding passive current sinks. These distributions of current 

sinks and sources create dipoles of electrical activity, which represent a major 

contribution to the LFP [183,184,185,186] with recent evidence pointing to a 

particularly strong impact of inhibition [187,188,189]. In the cerebral cortex, the 

unique configuration, with large structurally oriented PY neurons with somas 

located in the deep layers and dendrites located in the superficial layers, 

provides a strong contribution to the measured LFP (and EEG) signals. Indeed, 

the strength of the electric field produced by a dipole depends on the distance 

between current sinks and sources [166], which makes the large PY neurons in 

layers V and VI the main contributors of the LFP and EEG signals. 

 

In principle, both the slower synaptic currents and the fast intrinsic currents 

generated during action potential propagation contribute to the LFP. However, in 

part because of the low-pass filtering properties of the extracellular media  [167], 

the high-frequency electric fields associated with action potentials are steeply 

attenuated, and only nearby neurons can generate significant extracellular spike 

signals. Therefore, the models of the LFP assuming uniform electrical properties 
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of the extracellular medium would overestimate the contribution of fast intrinsic 

currents and underestimate the effect of slow synaptic and intrinsic 

conductances. As a result, these models will generate electrical signals that 

decay quickly after offset of any brain activity (such as an active state of the slow 

oscillations) and will produce almost no signal during even short episodes of 

reduced brain activation (such as during silent states of slow oscillations). In 

contrast, the LFP profiles measured in vivo include a strong distribution of current 

sinks and sources during silent states [163]. 

 

Taking into account the filtering properties of extracellular media, by including 

either physical processes such as ionic diffusion or inhomogeneous electrical 

properties[167,177], could generate LFP profiles that are in agreement with 

experimental data. With this approach, the effect of fast currents was diminished, 

while the slow intrinsic and synaptic currents provided the major contribution to 

the LFP signal far from neurons, a situation that is more realistic. This generated 

slow changes of the LFP, even between active states (during silence), and 

produced CSD profiles opposite to those found during active states, in 

agreement with experimental observations. The LFP profiles simulated in this 

study using non-homogeneous medium conductivity still included a relatively low-

amplitude phase just before the active state onset. This, however, can be 

explained by the relatively long (typically around 1  s) duration of the silent states 

in the model (which was more in vitro-like in this respect [150]) compared with 

the relatively short (typically less than 0.5  s) silent states in vivo[190]. 

 

Note that the model used in Bedard et al. [167] was derived based on an 

assumption of spherical symmetry of the conductivity and permittivity around the 

source, and was applied here to a geometry that is not spherical. However, this 

assumption should not qualitatively alter the results of the present model 

because of the low density of current sources in this model (source size is 2  µm, 
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with 100  µm distance between sources). In such conditions, we can still assume 

that the medium around each source is quasi-isotropic in the sense that in every 

direction, on average, the electrical parameters will have similar spatial 

variations. This suggests that the spherical symmetry of the medium around each 

source should still be a good approximation. Other mechanisms, such as ionic 

diffusion, give similar low-pass filtering properties [177]; integrating such 

mechanisms should, in principle, give similar results as shown here. 

 

Finally, an important question is whether the difference found here between the 

two LFP models could have any potential consequence in our understanding of 

ephaptic (electric field) interactions. Because clearly low frequencies seem to be 

more impactful than expected, it is obviously a possible cause of large-scale 

synchrony that should be evaluated by appropriate models. Such models are not 

trivial, however, because the whole system, including membrane equations, must 

be formalized in frequency space (as in equations (X.3)–(X.6)). This constitutes a 

good challenge for future work. 

 

In conclusion, we showed that taking into account the filtering properties of 

extracellular space is critical to explain the in vivo LFP patterns recorded during 

sleep slow oscillations. Furthermore, this model of LFP signals is also able to 

reproduce critical features of the CSD profiles, such as the CSD distribution 

during the down (silent) states of slow oscillation. The latter feature is not 

reproduced by traditional LFP models with uniform resistivity, which may mean 

that these traditional models are insufficient, or alternatively that our network 

model of up and down states is too simple. Further work is needed to investigate 

these questions. 
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Abstract 
 
The signature of slow-wave sleep in the electroencephalogram (EEG) is large-

amplitude fluctuation of the field potential, which reflects synchronous alternation 

of activity and silence across cortical neurons. While initiation of the active 

cortical states during sleep slow oscillation has been intensively studied, the 

biological mechanisms which drive the network transition from an active state to 

silence remain poorly understood. In the current study, using a combination of in 

vivo electrophysiology and thalamocortical network simulation, we explored the 

impact of intrinsic and synaptic inhibition on state transition during sleep slow 

oscillation. We found that in normal physiological conditions, synaptic inhibition 

controls the duration and the synchrony of active state termination. The decline 

of interneuron-mediated inhibition led to asynchronous downward transition 

across the cortical network and broke the regular slow oscillation pattern. 

Furthermore, in both in vivo experiment and computational modelling, we 

revealed that when the level of synaptic inhibition was reduced significantly, it led 

to a recovery of synchronized oscillations in the form of seizure-like bursting 
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activity. In this condition, the fast active state termination was mediated by 

intrinsic hyperpolarizing conductances. Our study highlights the significance of 

both intrinsic and synaptic inhibition in manipulating sleep slow rhythms. 

Abbreviations  
EEG electroencephalogram 

IN interneuron 

PY pyramidal 

RE thalamic reticular  

TC thalamocortical 

 

 

 

 

Introduction 
 

The signature characteristic of slow-wave sleep in the electroencephalogram 

(EEG) is slow (<1 Hz) and large-amplitude fluctuation of the field potential [191], 

which reflects synchronous alternating periods of activity and silence across the 

cortical network [146,147,148,162,192,193,194] Similar patterns were recorded 

from neostriatal neurons by Wilson & Kawaguchi [195], who introduced the now 

widely used terms of ‘Up state' for the depolarized phases and ‘Down state' for 

the hyperpolarized phases of sleep slow oscillation [196]. 

 

Each slow oscillation cycle starts in a particular location of the cerebral cortex 

and rapidly propagates to the other regions [160,197]. Cortically generated slow 

oscillation was also found to entrain the thalamus [162,190,198]. During slow-

wave sleep, oscillatory activities of neocortical and thalamic neurons display 

close phase relations [162]. Similar to neocortical and neostriatal neurons, both 

thalamic reticular (RE) and thalamocortical (TC) neurons are hyperpolarized 
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during silent states due to disfacilitation, i.e. an absence of spontaneous synaptic 

activity [199,200,201]. During active states, cortical, neostriatal and inhibitory RE 

neurons are depolarized and fire spikes, whereas TC neurons are primarily 

hyperpolarized, revealing rhythmic IPSPs and occasional firing of spike-bursts, 

which is typical during the waning phase of spindles [162,198,202]. 

 

Different mechanisms have been proposed to explain periodic initiation of active 

states during sleep slow oscillation. These mechanisms include spontaneous 

release of a neurotransmitter in cortical synapses during silent states, leading to 

summation of miniature postsynaptic currents and firing [149,155,163], 

spontaneous intrinsic activity in layer V intrinsically-bursting neurons[203], self-

sustained asynchronous irregular activity in layer V [151] and intrinsic oscillatory 

mechanisms in thalamocortical neurons [157,158] . In all of the above scenarios, 

once sufficient number of action potentials was initiated, spiking activities then 

propagated to the entire population of neurons via dense lateral excitatory 

connections, and a cortical active state was initiated. 

 

How does active state terminate? Recent experimental results revealed that the 

downward transition (from active state to silence) in cortical networks is often 

better synchronized than the upward transition (from silence to active state), and 

shows no latency bias for any location or cell type [160]. This in vivo result could 

not be explained by existing models [149] [159], and suggested that some larger 

scale biophysical mechanisms may be involved in manipulating the downward 

transition during slow oscillation. 

 

Recent recordings of cortical neurons in awake and naturally sleeping animals 

found that during active cortical states, inhibitory synaptic potentials usually carry 

more powerful signals and longer-lasting effects than excitatory synaptic 

potentials [204]. Inhibitory signals were also found to synchronously inhibit 
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nearby pyramidal neurons [203,204,205,206]. In the current study, we have 

explored the role of inhibitory interneurons in manipulating state transition during 

slow oscillation. Using a detailed conductance-based model of the 

thalamocortical network, we characterized the relative contribution of intrinsic and 

synaptic inhibition in controlling the temporal precision of network activities and 

maintaining the regular slow-wave sleep pattern. 

 

Methods 
 
Ethical approval 
Experiments were carried out in accordance with the guidelines of the Canadian 

Council on Animal Care and approved by the Laval University Committee on 

Ethics and Animal Research. The cats for these experiments were purchased 

from a reputable animal breeding supplier in good health as determined by 

physical examination. Upon arrival at the animal house, all animals underwent 

standard examination by animal facilities technicians and a veterinarian, which is 

required by the Canadian Council on Animal Care. The animals were used for 

experiments within 5–20 days from arrival at the local animal house. 

 

In vivo experiments 

Preparation. The preparation for the experiment was identical to that previously 

described [149]. Briefly, four cats used in these experiments were anaesthetized 

with a mixture of ketamine and xylazine (10–15 and 2–3 mg kg−1). The EEG was 

monitored continuously during the experiments to maintain a deep level of 

anaesthesia; additional doses of anaesthetic were given at the slightest tendency 

toward an activated EEG pattern. In this study, the ketamine–xylazine was 

injected intramuscularly (I.M.), both for induction and for anaesthetic 

maintenance. In addition, all pressure points and tissues to be incised were 

infiltrated with lidocaine (0.5%). The cats were subject to neuromuscular 
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blockade with gallamine triethiodide and artificially ventilated to an end-tidal CO2 

of 3.5–3.8%. The heartbeat was monitored and kept constant (90–110 beats 

min−1). Body temperature was maintained at 37–38°C. Glucose saline (5% 

glucose, 10 ml I.P.) was given every 3–4 h during experiments, which lasted for 

8–14 h. The stability of intracellular recordings was ensured by cisternal 

drainage, bilateral pneumothorax and hip suspension, and by filling the hole 

made for recordings with a solution of 4% agar. At the end of the experiments, 

cats were killed with a lethal dose of pentobarbital (50 mg kg−1 I.V.). 

 

solated slabs (see Fig. 1 in [149]) were prepared from areas 5 and 7 of the 

suprasylvian gyrus. After opening a hole in the parietal bone, a small perforation 

was made in the dura above a part of the pia that did not contain large vessels. A 

custom crescent knife was inserted along its curve into the cortex until the tip of 

the knife appeared about 10 mm frontally under the pia. The knife was then 

turned by 90 deg in both the right and left directions. The pia was intact except at 

the place where the knife entered. Slabs were about 8–10 mm long (rostro-

caudal direction), 5–6 mm wide (medio-lateral direction), and 4–5 mm deep. The 

completeness of neuronal transections and the boundaries of the slab were 

verified in every case on 80 µm thionine-stained sections. 

 

Recordings. Local field potential (LFP) recordings were obtained from a 

monopolar tungsten electrode (10 MΩ, FHC inc., Bowdoin, ME) inserted in the 

suprasylvian gyrus (area 7). A simultaneous quadruple intracellular recording 

from suprasylvian association areas 5 and 7 was performed using glass 

micropipettes (40–60 MΩ) filled with a solution of 2.5 M potassium acetate (KAc). 

A high-impedance amplifier with an active bridge circuitry was used to record the 

membrane potential and to inject current into the neurons. Two groups of two 

closely located neurons (less than 0.3 mm in lateral distance) were recorded at 
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approximately 4 mm on each side (antero-posterior direction) of a LFP recording 

(see Fig. 24 B). 

 

For slab experiments, field potential recordings were obtained from bipolar 

coaxial macroelectrodes inserted in the slab, as well as outside the slab 

(adjacent suprasylvian areas and/or precruciate area 4) for control EEG 

recordings. The outer pole of the electrode was placed at the cortical surface, or 

0.1 mm deep, and the inner pole was placed at 0.8–1 mm of cortical depth. The 

recordings in the slab were obtained in a bipolar setting between the outer and 

inner pole of electrodes using AM 3000 differential amplifiers (A-M systems, Inc., 

Sequim, WA, USA). An eight-electrode linear array (electrode separation, 1.5 

mm) was inserted with six electrodes located in the slab and two other electrodes 

located anterior to the slab. The control recordings were obtained 3–5 h after 

preparation of the slab. Following control recordings, using a Hamilton syringe, 

20 µl of a 50 mM solution of bicuculline (GABAA blocker) was injected in the 

middle of the slab, between the 3rd and 4th electrodes. 

 

All electrographic recordings were digitalized at 10–20 kHz on a Vision 

acquisition system (Nicolet Instrument Technologies, Madison, WI, USA), and 

analysed using IgorPro 4.0 software (WaveMetrics, Inc, Lake Oswego, OR, 

USA). 

 

Analysis of clusters. Transitions (active to silent and silent to active) were fitted 

with sigmoid curves to reduce the effect of noise, similar to the procedure found 

in a previous report [163]. The timing of transition in each cell was defined as the 

time at half-amplitude of the sigmoid fit curve. The time zero (see Fig. 24C and 

E), corresponding to the mean of transition time across all recorded cells, was 

defined as the ‘cluster mean time of transition', similar to that indicated in [160] . 

Next, delays from individual cells to the cluster mean time of transition were 
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computed and the standard deviation of these delays was calculated (see Fig. 

24D). Thus, smaller standard deviations acquired from this evaluation represent 

less variation of transition delays (more synchronous transition) across all 

recorded cells. 

 

Computational models 
Network geometry and stimulation. A schematic of geometry of the 

thalamocortical network model is shown in Fig. 26. This model incorporated two 

populations of thalamocortical (TC) cells: (1) matrix TC neurons forming diffuse 

projections to matrix pyramidal (PY) cortical neurons with cell bodies in layer V; 

(2) core TC neurons forming specific, focused projections to the core PY neurons 

with cell bodies in layer VI [207].  

 

The thalamic reticular (RE) neurons were incorporated and interconnected with 

PY and TC neurons. Cortical layers included a population of inhibitory 

interneurons (INs) that received thalamocortical inputs from thalamic areas. The 

thalamocortical model was structured as a one-dimensional, multi-layer array of 

cells. Detailed network architecture is determined by the radius of network 

connections (listed in Table 4.1). The absolute values of synaptic connectivity 

radiuses were determined by the network size; to avoid limitations of ‘all-to-all' 

connectivity, we limited connectivity by 5–20 cells in any direction so the system 

would be able to display complex spatio-temporal dynamics (e.g. propagating 

waves). We also tested larger one-dimensional network models where the radius 

of connection was proportionally scaled. The strength of individual synapses was 

also scaled to ensure that total synaptic strength per cell did not change. Finally, 

we tested two-dimensional networks with similar network topology. While detailed 
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analysis of the 2D model was impractical because of the high computational cost, 

the results were consistent with data from a 1D model. In all cases, we tested the 

model dynamics for different connectivity patterns to ensure that our results were 

structurally stable – small changes of the model structure lead to small changes 

in the model dynamics. 

 

Intrinsic currents – thalamus. Single-compartment models were used to simulate 

spiking properties of TC and RE neurons. Each model neuron was characterized 

by Hodgkin–Huxley type kinetics described in the following equation: 

3990 J.-Y. Chen and others J Physiol 590.16

Table 1. Settings of the network connections

Source cell Target cell Types of synapses Connecting radius

PY (matrix) PY (matrix) AMPA (gAMPA = 0.156 µS; EAMPA = 0 mV) 5 cells

NMDA (gNMDA = 0.013 µS; ENMDA = 0 mV)

PY (matrix) IN AMPA (gAMPA = 0.025 µS; EAMPA = 0 mV) 1 cells

NMDA (gNMDA = 0.004 µS; ENMDA = 0 mV)

PY (matrix) PY (core) AMPA (gAMPA = 0.156 µS; EAMPA = 0 mV) 5 cells

NMDA (gNMDA = 0.013 µS; ENMDA = 0 mV)

PY (matrix) RE AMPA (gAMPA = 0.05 µS; EAMPA = 0 mV) 5 cells

PY (matrix) TC (matrix) AMPA (gAMPA = 0.025 µS; EAMPA = 0 mV) 10 cells

PY (core) PY (core) AMPA (gAMPA = 0.156 µS; EAMPA = 0 mV) 5 cells

NMDA (gNMDA = 0.013 µS; ENMDA = 0 mV)

PY (core) IN AMPA (gAMPA = 0.025 µS; EAMPA = 0 mV) 1 cells

NMDA (gNMDA = 0.004 µS; ENMDA = 0 mV)

PY (core) PY (matrix) AMPA (gAMPA = 0.156 µS; EAMPA = 0 mV) 5 cells

NMDA (gNMDA = 0.013 µS; ENMDA = 0 mV)

PY (core) RE AMPA (gAMPA = 0.05 µS; EAMPA = 0 mV) 10 cells

PY (core) TC (core) AMPA (gAMPA = 0.025 µS; EAMPA = 0 mV) 5 cells

IN PY (matrix) GABAA (gGABA!A = 0.25 µS; EGABA!A = !70 mV) 5 cells

IN PY (core) GABAA (gGABA!A = 0.25 µS; EGABA!A = !70 mV) 5 cells

TC (matrix) PY (matrix) AMPA (gAMPA = 0.09 µS; EAMPA = 0 mV) 20 cells

TC (matrix) IN AMPA (gAMPA = 0.09 µS; EAMPA = 0 mV) 2 cells

TC (matrix) RE AMPA (gAMPA = 0.4 µS; EAMPA = 0 mV) 4 cells

TC (core) PY (core) AMPA (gAMPA = 0.09 µS; EAMPA = 0 mV) 10 cells

TC (core) IN AMPA (gAMPA = 0.09 µS; EAMPA = 0 mV) 2 cells

TC (core) RE AMPA (gAMPA = 0.4 µS; EAMPA = 0 mV) 4 cells

RE TC (matrix) GABAA (gGABA!A = 0.15 µS; EGABA!A = !70 mV) 4 cells

GABAB (gGABA!B = 0.04 µS; EGABA!B = !95 mV)

RE TC (core) GABAA (gGABA!A = 0.15 µS; EGABA!A = !70 mV) 4 cells

GABAB (gGABA!B = 0.04 µS; EGABA!B = !95 mV)

RE RE GABAA (gGABA!A = 0.2 µS; EGABA!A = !70 mV) 4 cells

that total synaptic strength per cell did not change. Finally,
we tested two-dimensional networks with similar network
topology. While detailed analysis of the 2D model was
impractical because of the high computational cost, the
results were consistent with data from a 1D model. In
all cases, we tested the model dynamics for different
connectivity patterns to ensure that our results were
structurally stable – small changes of the model structure
lead to small changes in the model dynamics.

Intrinsic currents – thalamus. Single-compartment
models were used to simulate spiking properties of TC
and RE neurons. Each model neuron was characterized by
Hodgkin–Huxley type kinetics described in the following
equation:

Cm(dV/dt) = !g leak(V ! E leak) ! I int ! I syn Cm (1)

where the membrane capacitance, Cm, is equal to
1 µF cm!2, non-specific (mixed Na+, K+, Cl!) leakage
conductance, g leak, is equal to 0.01 mS cm!2 for TC cells
and 0.05 mS cm!2 for RE cells, and the reversal potential,
Eleak, is equal to !70 mV for TC cells and !77 mV for RE
cells. I int is the sum of active intrinsic currents, and I syn is
the sum of synaptic currents. The area of a RE cell and a TC
cell was 1.43 " 10!4 cm2 and 2.9 " 10!4 cm2, respectively
(Bazhenov et al. 2002).

Both RE and TC cells contain a fast sodium
current, INa, a fast potassium current, IK (Traub
& Miles, 1991), a low-threshold Ca2+ current IT

(Huguenard & Prince, 1992; McCormick 1992), and
a potassium leak current, IKL = gKL (V ! EKL), where
EKL = !95 mV. A hyperpolarization-activated cation
current, Ih (McCormick & Pape, 1990), was also included
in TC cells (Bazhenov et al. 1998). The Ih includes both
voltage and Ca2+ dependencies (Destexhe et al. 1996) and

C# 2012 The Authors. The Journal of Physiology C# 2012 The Physiological Society
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𝐶! 𝑑𝑣
𝑑𝑡 = −𝑔!"#$ 𝑉 − 𝐸!"#$ − 𝐼!"# − 𝐼!"#𝐶!,                     (4.1) 

 

where the membrane capacitance, Cm, is equal to 1 µF cm−2, non-specific (mixed 

Na+, K+, Cl−) leakage conductance, gleak, is equal to 0.01 mS cm−2 for TC cells 

and 0.05 mS cm−2 for RE cells, and the reversal potential, Eleak, is equal to −70 

mV for TC cells and −77 mV for RE cells. Iint is the sum of active intrinsic 

currents, and Isyn is the sum of synaptic currents. The area of a RE cell and a 

TC cell was 1.43 × 10−4 cm2 and 2.9 × 10−4 cm2, respectively [155]. 

 

Both RE and TC cells contain a fast sodium current, INa, a fast potassium current, 

IK [208], a low-threshold Ca2+ current IT [209] [210] , and a potassium leak 

current, IKL = gKL (V − EKL), where EKL = −95 mV. A hyperpolarization-activated 

cation current, Ih 

[211], was also included in TC cells [171]. The Ih includes both voltage and Ca2+ 

dependencies [212] and is described by the following equation: 

 

𝐼! = 𝑔!"#( 𝑂 + 𝑘 𝑂! )(𝑉 − 𝐸!),                                   (4.2) 

 

where k = 2 and Eh = −40 mV. The fraction of the channels in the closed, [C], 

opened, [O], and locked, [OL], states were calculated according to the kinetic 

equations (4.3) and (4.4) below: 

 

𝐶
!

𝛽
𝑂;                                                     (4.3) 

 

where C and O indicate closed and opened states of a channel, and α(V) and 

β(V) are the voltage-dependent transition rates: α = h∞/τs, β = (1 − h∞)/τs, h∞ = 

1/(1 + exp((V + 75)/5.5)), τs = (20 + 1000/(exp((V + 71.5)/14.2) + exp(−(V + 
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89)/11.6))). In addition, calcium dependence was based on higher order kinetics 

involving a regulation factor P. The binding of calcium molecules with an 

unbound form of the regulation factor, P0, leads to the bound form P1. Next, the 

bound form binds to the open state of channel that produces the locked state, OL: 

 

 

𝑃!!!!"
!!

𝑘2
𝑃!;              𝑂 + 𝑃!

!!

𝑘4
𝑂!;                              (4.4) 

 

where k1 = 2.5 × 107 mM−4, k2 = 4 × 10−4 ms−1, k3 = 0.1 ms−1, and k4 = 0.001 

ms−1. Ca in eq (4.5) is calcium. 

 

For both RE and TC cells, the calcium dynamics is described by a simple first 

order model [172]: 

 

𝑑[𝐶𝑎]
𝑑𝑡 = −𝐴𝐼!

−( 𝐶𝑎 − [( 𝐶𝑎 − 𝐶𝑎 !)
𝑇                               (4.5) 

 

where [Ca]∞ is 2.4 × 10−4 mM indicating equilibrium Ca2+ concentration, A = 5.18 

× 10−5 mM cm2/(ms µA) and T = 5 ms. 

 

The dynamical models of all voltage- and Ca2+-dependent currents are given in 

Table X. For TC cells, the maximal conductances are gK = 10 mS cm−2, gNa = 90 

mS cm−2, gT = 2.2 mS cm−2, gh = 0.017 mS cm−2, gKL = 0.03 mS cm−2. For RE 

cells, the maximal conductances are gK = 10 mS cm−2, gNa = 100 mS cm−2, gT = 

2.3 mS cm−2, gKL = 0.05 mS cm−2 [155] 
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Intrinsic currents – cortex. Cortical pyramidal (PY) cells and interneurons (INs) 

were described previously by two electrically coupled compartments 

[149,155,168]: 

 

𝐶!
𝑑𝑉!
𝑑𝑡 = 𝑔!"#$ 𝑉! − 𝐸!"#$ − 𝑔(𝑉! − 𝑉!)− 𝐼!!"# − 𝐼!"#, 

(4.6) 

𝑔 𝑉! − 𝑉! = −𝐼!!"# 

 

where Cm is the membrane capacitance, gleak is the leakage conductance of the 

dendritic compartment, Eleak is the reversal potential, VD and VS are the 

membrane potentials of dendritic and axosomatic compartments, IDint and ISint are 

the sums of active intrinsic currents in dendritic and axosomatic compartments, 

Isyn is the sum of synaptic currents, and g is the conductance between 

axosomatic and dendritic compartments. This model was first proposed in [168] 

as a reduction of a multi-compartmental pyramidal cell model, based on the 

assumption that the current dynamics in axosomatic compartment are fast 

enough to ensure that VS is always at equilibrium state, as defined by the second 

equation (4.6). Indeed, this reduced model has relatively high Na+ and K+ 

conductance values (gNa = 3000 mS cm−2, gK = 200 mS cm−2; [168]) in the 

axosomatic compartment (representing axon hillock in the model). Therefore, the 

full version of the axosomatic membrane voltage equation CdVs/dt = −g(VS − VD) 

− ISint can be rewritten in a form εdVs/dt = F(Vs), where ε is a small parameter and 

F(Vs) represents axosomatic currents normalized to match the magnitude of the 

dendritic currents. Using singular perturbations analysis [213], we find that the 

state variable Vs quickly reaches the manifold of slow motion defined by equation 

F(Vs) = 0, that corresponds to equation (4.6) in our model. Through bifurcation 

analysis (M. Bazhenov, unpublished), it was shown that the bifurcation structure 

of the reduced model (see, e.g. Fig. 3 in [214] for similar analysis) is equivalent to 

the full model, without losing the accuracy of simulation. Furthermore, because of 
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the high conductance values in the axosomatic compartment, numerical stability 

of simulation with a full model requires very small integration steps (of the order 

of 1/ε or less than 0.0002 ms) that make network simulation impractical. On the 

other hand, a reduced model allows for the use of a larger integration time step; 

dt = 0.02 ms in all simulations. This reduced model can closely match spiking 

patterns of different classes of cells [168]; see Fig. 27C in for voltage trace of a 

regular-spiking pyramidal cell) and has been successfully used in many cortical 

network simulations [149,155,215]. 

 

The model contained fast Na+ current, INa, with a higher density in the axosomatic 

compartment than in the dendritic compartment. In addition, a fast-delayed 

rectifier potassium K+ current, IK, was present in the axosomatic compartment. A 

persistent sodium current, INa(p), was included in both the axosomatic and 

dendritic compartments [169,170] A slow voltage-dependent, non-inactivating K+ 

current, IKm, a slow Ca2+-dependent K+ current, IKCa, a high-threshold Ca2+ 

current, IHVA, and a potassium leak current, IKL = gKL(V – EKL), were included in 

the dendritic compartment. The expressions for the voltage- and Ca2+-dependent 

transition rates for all currents are given in [149]. The maximal conductances and 

passive properties were Ssoma = 1.0 × 10−6 cm2, gNa = 3000 mS cm−2, gK = 200 

mS cm−2, gNa(p) = 0.07 mS cm−2 for the axosomatic compartment, Cm = 0.75 µF 

cm−2, gL = 0.033 mS cm−2, gKL = 0.0025 mS cm−2, Sdend = Ssomar, gHVA = 0.01 

mS cm−2, gNa = 1.5 mS cm−2, gKCa = 0.3 mS cm−2, gKm = 0.01 mS cm−2, and 

gNa(p) = 0.07 mS cm−2 for the dendritic compartment, EKL = −95 mV and Eleak = 

−68 mV for PY neurons and Eleak = −75 mV for the Ins [155]. For interneurons, 

gNa = 2500 mS cm−2. In addition, the INa(p) was not included in the interneurons. 

The resistance between compartments was r = 10 MΩ. 
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Table 2. Dynamical models of intrinsic currents

Cell Current Current dynamic

RE Fast sodium current INa M = 3; N = 1;
!1 = 0.32 ! ("37 " v)/(exp((13 " (V + 40))/4) " 1);
"1 = 0.28 ! (V " 90)/(exp(((V + 40) " 40)/5) " 1);
m# = !1/(!1 + "1);
#m = 1/(!1 + "1);
!2 = 0.128 ! exp((17 " (V + 40))/18);
"2 = 4/(exp((40 " (V + 40))/5) + 1);
h# = !2/(!2 + "2);
#h = (!2 + "2);

Fast potassium current IK M = 4; N = 0;
!1 = 0.032 ! ("35 " V)/(exp(("35 " V)/5) " 1);
"1 = 0.5 ! exp(("40 " V)/40);
m# = !1/(!1 + "1);
#m = 1/(!1 + "1);

Low threshold calcium current IT M = 2; N = 1;
m# = 1/(1 + exp("(V + 52)/7.4));
#m = (3 + 1/(exp((V + 27)/10) + exp("(V + 102)/15)))/6.8986;
h# = 1/(1 + exp((V + 80)/5));
#h = (85 + 1/(exp((V + 48)/4) + exp("(V + 407)/50)))/3.7372;

Potassium leak current IKL M = 0; N = 0;
gKL = 0.005mS/cm2;

TC Fast sodium current INa M = 3; N = 1;
!1 = 0.32 ! ("37 " v)/(exp((13 " (V + 40))/4) " 1);
"1 = 0.28 ! (V " 90)/(exp(((V + 40) " 40)/5) " 1);
m# = !1/(!1 + "1);
#m = 1/(!1 + "1);
!2 = 0.128 ! exp((17 " (V + 40))/18);
"2 = 4/(exp((40 " (V + 40))/5) + 1);
h# = !2/(!2 + "2);
#h = (!2 + "2);

Fast potassium current IK M = 4; N = 0;
!1 = 0.032 ! ("35 " V)/(exp(("35 " V)/5) " 1);
"1 = 0.5 ! exp(("40 " V)/40);
m# = !1/(!1 + "1);
#m = 1/(!1 + "1);

Low threshold calcium current IT M = 2; N = 1;
m# = 1/(1 + exp("(V + 59)/6.2));
#m = (1/(exp("(V + 131.6)/16.7) + exp((V + 16.8)/18.2)) + 0.612)/4.5738;
h# = 1/(1 + exp((V + 83)/4));
#h = (30.8 + (211.4 + exp((V + 115.2)/5))/(1 + exp((V + 86)/3.2)))/3.7372;

Potassium A current IA M = 4; N = 1;
if V < "63
m# = 1.0/(1 + exp("(V + 60)/8.5));
#m = (1.0/(exp((V + 35.82)/19.69) + exp("(V + 79.69)/12.7)) + 0.37)/3.9482;
#h = 1.0/((exp((V + 46.05)/5) + exp("(V + 238.4)/37.45)))/3.9482;
if V = "63
#h = 19.0/3.9482;
h# = 1.0/(1 + exp((V + 78)/6));

C$ 2012 The Authors. The Journal of Physiology C$ 2012 The Physiological Society
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Table 2. Continued

Cell Current Current dynamic

hyperpolarization-activated cation
current Ih Voltage dependence :

C
!!
"

O

h" = 1/(1 + exp((V + 75)/5.5));
#s = (20 + 1000/(exp((V + 71.5)/14.2) + exp(#(V + 89)/11.6)));
! = h"/#s

" = (1 # h")/#s

Calcium dependence :

P0 + 2Ca
k1$
k2

P1; O + P1
k3$
k4

OL ;

k1 = 2.5 % 107mM#4, k2 = 4 % 10#4ms#1, k3 = 0.1 ms#1, and k4 = 0.001ms#1.

Potassium leak current IKL M = 0; N = 0;
gKL = 0.03mS/cm2;

PY (Dendrite) Fast sodium current INa M = 3; N = 1;
!1 = 0.182(V + 25)/(1 # exp(#(V + 25)/9)) if |V # 10|/35 > 10#6

= 1.638 if |V # 10|/35 < 10 # 6
"1 = 0.124(#(V + 25))/(1 # exp((V + 25)/9)) if |V # 10|/35 > 10#6

= 1.116 if |V # 10|/35 < 10#6

#m = 0.34/(!1 + "1);
m" = !1/(!1 + "1);
!2 = 0.024(V + 40)/(1 # exp(#(V + 40)/5)) if |V # 10|/50 > 10#6

= 0.12 if |V # 10|/50 < 10#6

"2 = 0.0091(V # 85)/(1 # exp(#(V # 85)/5)) if |V # 10|/50 > 10#6

= 0.0455 if |V # 10|/50 > 10#6

#h = (1/(!2 + "2))/2.9529;
h" = 1/(1 + exp((V + 55)/6.2));

(Dendrite) Persistent sodium current INa(p) M = 1; N = 0;
m" = 0.02/(1 + exp(#(v + 42)/5));

(Dendrite) Slow voltage-dependent
noninactivating potassium current IKm

M = 1; N = 0;
! = 0.001 % (V + 30)/(1 # exp(#(V + 30)/9));
" = #0.001 % (V + 30)/(1 # exp((V + 30)/9));
#m = (1/(! + "))/(#30);
m" = !/(! + ");

(Dendrite) Slow calcium-dependent
potassium current IKCa

M = 1; N = 0;
! = 0.01 % [Ca2+]i ;
" = 0.02;
#m = (1/(! + "))/2.9529;
m" = !/(! + ");

(Dendrite) High threshold calcium current
IHVA

M = 2; N = 1;
!1 = 0.055 % (#27 # V)/(exp((#27 # V)/3.8) # 1);
"1 = 0.94 % exp((#75 # V)/17);
#m = (1/(!1 + "1))/2.9529;
m" = !1/(!1 + "1);
!2 = 0.000457 % exp((#13 # V)/50);
"2 = 0.0065/(exp((#V # 15)/28) + 1);
#h = (1/(!2 + "2))/2.9529;
h" = !2/(!2 + "2);

(Dendritic) Potassium leak current IKL M = 0; N = 0;
gKL = 0.0025mS/cm2;

C& 2012 The Authors. The Journal of Physiology C& 2012 The Physiological Society
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The firing properties of the model in equation (4.2) depend on the coupling 

conductance between compartments (g = 1/r) and the ratio of dendritic area to 

axosomatic area R (Mainen & Sejnowski 1996). We used a model of a regular-

spiking neuron for PY cells (R = 165) and a model of a fast-spiking neuron for INs 

(R = 50). The dynamical models of all voltage- and Ca2+-dependent currents are 

given in Table 4.2. 

 

Synaptic currents  

 

GABAA, NMDA and AMPA synaptic currents were modelled by first-order 

activation schemes [176]. Dependence of postsynaptic voltage for NMDA 

receptors was 1/(1 + exp(Vpost−Vth)/σ)), where Vth = −25 mV, σ = 12.5 mV 

[172,208,216] . GABAB receptors were modelled by a higher-order reaction 

3994 J.-Y. Chen and others J Physiol 590.16

Table 2. Continued

Cell Current Current dynamic

(Axosomatic) Fast sodium current INa M = 3; N = 1;
!1 = 0.182(V + 25)/(1 ! exp(!(V + 25)/9)) if |V ! 10|/35 > 10!6

= 1.638 if |V ! 10|/35 < 10!6

"1 = 0.124(!(V + 25))/(1 ! exp((V + 25)/9)) if |V ! 10|/35 > 10!6

= 1.116 if |V ! 10|/35 < 10!6

#m = 0.34/(!1 + "1);
m" = !1/(!1 + "1);
!2 = 0.024(V + 40)/(1 ! exp(!(V + 40)/5)) if |V ! 10|/50 > 10!6

= 0.12 if |V ! 10|/50 < 10!6

"2 = 0.0091(V ! 85)/(1 ! exp(!(V ! 85)/5)) if |V ! 10|/50 > 10!6

= 0.0455 if |V ! 10|/50 > 10!6

#h = (1/(!2 + "2))/2.9529;
h" = 1/(1 + exp((V + 55)/6.2));

(Axosomatic) Fast potassium current IK M = 1; N = 0;
! = 0.02 # (V ! 25)/(1 ! exp(!(V ! 25)/9));
" = !0.002 # (V ! 25)/(1 ! exp((V ! 25)/9));
#m = (1/(! + "))/2.9529;
m" = !/(! + ");

(Axosomatic) Persistent sodium current
INa(p)

M = 1; N = 0;
m" = 0.02/(1 + exp(!(v + 42)/5));

IN The intrinsic currents in IN have the same dynamics as those in PY except that INa(p) is not included. The ratio of
dendritic area to axosomatic area was R = 165 for PY neuron and R = 50 for IN.

The voltage-dependent ionic currents had the general form I = gmM hN (V ! E) where g is the maximal conductance, m(t) is the
activation variable, h(t) is the inactivation variable, and (V ! E) is the driving force. The gating variables, m(t) and h(t), follow:
dm/dt = [m"(V) ! m]/Tm(V); dh/dt = [h"(V) ! h]/Th(V).

Ca2+-dependent transition rates for all currents are given
in Timofeev et al. (2000a). The maximal conductances
and passive properties were Ssoma = 1.0 $ 10!6 cm2, gNa =
3000 mS cm!2, gK = 200 mS cm!2, gNa(p) = 0.07 mS
cm!2 for the axosomatic compartment, Cm =
0.75 µF cm!2, gL = 0.033 mS cm!2, gKL = 0.0025 mS
cm!2, Sdend = Ssomar, gHVA = 0.01 mS cm!2, gNa =
1.5 mS cm!2, gKCa = 0.3 mS cm!2, gKm = 0.01 mS cm!2,
and gNa(p) = 0.07 mS cm!2 for the dendritic compartment,
EKL = !95 mV and Eleak = !68 mV for PY neurons
and Eleak = !75 mV for the INs (Bazhenov et al. 2002).
For interneurons, gNa = 2500 mS cm!2. In addition, the
INa(p) was not included in the interneurons. The resistance
between compartments was r = 10 M$.

The firing properties of the model in equation
(2) depend on the coupling conductance between
compartments (g = 1/r) and the ratio of dendritic area to
axosomatic area R (Mainen & Sejnowski 1996). We used a
model of a regular-spiking neuron for PY cells (R = 165)
and a model of a fast-spiking neuron for INs (R = 50).
The dynamical models of all voltage- and Ca2+-dependent
currents are given in Table 2.

Synaptic currents. GABAA, NMDA and AMPA synaptic
currents were modelled by first-order activation
schemes (Galarreta & Hestrin, 1998). Dependence

of postsynaptic voltage for NMDA receptors was
1/(1 + exp(V post ! V th)/%)), where V th = !25 mV,
% = 12.5 mV (Traub & Miles, 1991; Destexhe et al.
1994; Golomb & Amitai, 1997). GABAB receptors were
modelled by a higher-order reaction scheme that took
into account the activation of K+ channels by G-proteins
(Dutar & Nicoll, 1988; Destexhe et al. 1994; Destexhe et al.
1996). All synaptic currents were calculated according to:

I syn = g syn[O](V ! E syn) (7)

where g syn is the maximal conductivity, [O] is the fraction
of open channels, and Esyn is the reversal potential. In
RE and PY cells, reversal potential is 0 mV for AMPA
and NMDA receptors, and !70 mV for GABAA receptors.
For TC cells, the reversal potential is !80 mV for GABAA

receptors (Ulrich & Huguenard, 1997). The fraction of
open channels [O] is calculated according to the equation
(8):

d[O]/dt = !(1 ! [O])[T] ! "[O];

[T] = A&(t0 + tmax ! t)&(t ! t0)
(8)

where &(x) is the Heaviside function and t0 is the time
of receptor activation. The parameters for the neuro-
transmitter pulse were amplitude A = 0.5 and duration
tmax = 0.3 ms. The rate constants were ! = 1.1 ms

C% 2012 The Authors. The Journal of Physiology C% 2012 The Physiological Society
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scheme that took into account the activation of K+ channels by G-proteins 

[172,212,217] . All synaptic currents were calculated according to: 

 

𝐼!"# = 𝑔!"#[𝑂](𝑉 − 𝐸!"#)                                           (4.7) 

 

 

where gsyn is the maximal conductivity, [O] is the fraction of open channels, and 

Esyn is the reversal potential. In RE and PY cells, reversal potential is 0 mV for 

AMPA and NMDA receptors, and −70 mV for GABAA receptors. For TC cells, the 

reversal potential is −80 mV for GABAA receptors [218] . The fraction of open 

channels [O] is calculated according to the equation (X.8): 

 

𝐷 𝑂
𝑑𝑡 = 𝛼 1− 𝑂 𝑇 − 𝛽 𝑂 ; 

(4.8) 

[𝑇] = 𝐴𝜃(𝑡! + 𝑡!"# − 𝑡)𝜃(𝑡 − 𝑡!) 

 

 

where θ(x) is the Heaviside function and t0 is the time of receptor activation. The 

parameters for the neurotransmitter pulse were amplitude A = 0.5 and duration 

tmax = 0.3 ms. The rate constants were α = 1.1 ms and β = 0.19 ms for AMPA 

receptors, α = 1 ms and β = 0.0067 ms for NMDA receptors, and α = 0.53 ms 

and β = 0.18 ms for GABAA receptors. GABAB synaptic current is given by 

equation (4.9) [212]: 

 

𝐼!"#"!! = 𝑔!"#"!!(
𝐺 !

𝐺 ! + 𝐾))(𝑉 − 𝐸!) 

 
! !
!"

= 𝑟! 1− 𝑅 𝑇 − 𝑟!)                                     (4.9) 
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𝑑 𝐺
𝑑𝑡 = 𝑟! 𝑅 − 𝑟![𝐺] 

 

where [R](t) is the fraction of activated receptors, [G](t) is the concentration of G 

proteins, and Ek = − 95 mV is the potassium reverse potential. The rate constants 

were r1 = 0.5 mm−1 ms−1, r2 = 0.0012 ms−1, r3 = 0.1 ms−1, r4 = 0.034 ms−1, and K 

= 100 µm4. 

A simple phenomenological model characterizing short-term depression of 

intracortical excitatory connections [149,174,175,176] was also included in the 

current model. According to this model, maximal synaptic conductance was 

multiplied by the depression variable, D, which represents the amount of 

available synaptic resources. Here, D = 1 − (1 −Di (1 −U)) exp (−(t−ti)/τ), where U 

= 0.2 is the fraction of resources used per action potential, τ = 500 ms is the time 

constant of recovery of synaptic resources, Di is the value of D immediately 

before the ith event, and (t−ti) is the time after the ith event. 

 

The maximal conductances for each receptor type were gAMPA(PY−PY) = 0.156 µS, 

gNMDA(PY−PY) = 0.013 µS, gAMPA(PY−TC) = 0.025 µS, gAMPA(PY−RE) = 0.05 µS, 

gAMPA(TC−PY) = 0.09 µS, gAMPA(PY−IN) = 0.025 µS, gNMDA(PY−IN) = 0.004 µS, 

gGABA−A(IN−PY) = 0.25 µS, gAMPA(TC−IN) = 0.09 µS, gGABA−A(RE−RE) = 0.2 µS, 

gGABA−A(RE−TC) = 0.15 µS, gGABA−B(RE−TC) = 0.04 µS, and gAMPA(TC−RE) = 0.4 µS [155]. 

 

Spontaneous miniature excitatory postsynaptic potentials (EPSPs) and inhibitory 

postsynaptic potentials (IPSPs) were simulated by the same equations as the 

regular PSPs, and their arrival times followed the Poisson process [219], with 

time-dependent mean rate µ = k× log((t−t0+T)/τ), where t is time in milliseconds 

and t0 is the time instant of the last presynaptic spike [149], the time shift T = 50 

ms was introduced to ensure that no minis are generated right after the last 
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spike, τ = 50 ms, k = 2.5 Hz. The miniature EPSPs and IPSPs amplitude was 

~0.75 mV. 

 

 

Evaluating the degree of synchronization 
 

In order to detect state transitions during slow oscillation, a threshold of −63 mV 

was selected. In accordance with the distribution of membrane potential, this 

threshold is located between the two peaks representing the active states and 

the silent states, respectively (see Fig. 27B). Thus, the initiation (termination) of 

active state is identified as the moment when traces of the membrane potential 

crossed the threshold upward (downward). In a rastergram, each active state is 

recognized as an individual wave. If short-lasting hyperpolarization appeared in 

the middle of an active wave (recognized as a branching strip in a rastergram), 

the termination of this active state was defined at the end of this wave, and the 

short and intermediate silent phases were ignored (see Fig. 27D). After the onset 

and offset times of each active state were identified in each PY, the cluster mean 

time of transition of each onset and offset across whole populations of PY 

neurons was calculated. Then, in each wave, the relative time difference 

between onset or offset time in each PY neuron to the cluster mean time of 

transition could be found. Finally, based on 30 consecutive waves in each run of 

simulation, the distribution of the time difference of initiation/termination of active 

states across entire populations of PY neurons was acquired. The standard 

deviation of this distribution was then used to quantify the level of 

synchronization during state transition. A smaller standard deviation (indicating a 

smaller time difference) thus implies a more synchronous transition across the 

pyramidal cells. 
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Results 
 
Active state termination is more synchronous than active state initiation in 
vivo 
 
We previously reported that termination of active states in vivo was more 

synchronous across populations of neocortical neurons than active state initiation 

during slow oscillation in anaesthetized cats [160]. Figure 24 shows a 

representative example of local field potential (LFP) and four simultaneous 

intracellular recordings during multiple cycles of slow oscillation in anaesthetized 

cats (see Methods for details). The data set used in this analysis is different from 

the one used in a previous study [160], where only distant recordings were used 

for analysis. In the current study, the recordings are a mixture of closely located 

neurons (<0.3 mm in lateral distance) and distant neurons (approximately 8 mm 

between recording sites). A sigmoid curve was used to fit each transition from 

active to silent state and also from silent to active state (not shown; similar to 

[163]. The time at half-amplitude was used as the time of transition. For every 

cycle, transition time was calculated for all four neurons, and the group mean, 

defined as mean cluster time of transition, was calculated. When the mean 

cluster time of transitions was set as time zero, for each neuron, delays to the 

mean cluster time in each cycle were calculated. According to Fig. 24D, it was 

noticed that the standard deviation of these delays was larger for the upward 

(from silent to active states) transitions than for the downward transitions. This 

result confirms our previous reports [160], and suggests the existence of a global 

network mechanism controlling the termination of active states across large 

populations of cortical neurons. We also recorded inhibitory interneurons 

simultaneously with pyramidal cells and found that they all behave similarly with 

identical upward and downward transition patterns during slow oscillation. 
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Figure 24. During slow oscillation, the termination of the active state is more synchronous 
across the cortical network than its initiation  A, segment of simultaneous quadruple 
intracellular and local field potential recordings performed in the suprasylvian gyrus of a cat 
anaesthetized with ketamine–xylazine. Action potentials of cell 2 (orange) are truncated. B, 
schematic representation of electrode locations. The colour code applies for all panels. In C and 
E, the superposition of 10 transitions from active to silent state (in C) and from silent to active 
state (in E) for the four neurons shown in A. Time zero corresponds to the cluster mean time of 
transition evaluated at the half-amplitude of the transition. Action potentials are truncated for 
clarity. D, standard deviation of transition delays between individual neurons and the cluster 
mean time are displayed. Open bars represent the standard deviation of the downward transition, 
and filled bars represent the standard deviation of the upward transition. In each recorded 
neuron, the standard deviation during upward transitions is much larger than that during 
downward transition. 
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It is important to note that the results in Fig. 24C–E indicate a higher reliability of 

downward transitions in individual recorded neurons. We then extended 

statistical analysis to include all four neurons. We found that the standard 

deviation (SD) of downward transitions in all four cells across multiple cycles was 

14.93 ± 10.13, and the SD of upward transitions was 28.98 ± 23.39 (P = 0.089). 

The ‘absolute distance’ to the cluster mean time was 43.12 ± 29.83 ms for active-

to-silent transitions, and 90.92 ± 79.16 ms for silent-to-active transitions (P = 

0.063). These results confirmed a higher population synchrony at active state 

termination. 

 

Blocking the inhibitory connections shortens the duration of spontaneous 
active states 
 
To explore the possible role of synaptic inhibition during active state termination, 

we performed a set of in vivo experiments in isolated neocortical slabs. Similar to 

the intact neocortex, slab activity is characterized by alternation between active 

and silent states. The active states in the slab carry many essential similarities 

with active states occurring during the natural sleep slow oscillation [149] . On 

the other hand, periods of silence are usually longer and variable in the slab. A 

relatively small slab size allows for a better control of distribution of GABAA 

antagonists, which would be impossible in the intact thalamocortical network in 

vivo. Therefore, we used this slab preparation to investigate network dynamics in 

the extreme case of a complete blockage of inhibition (see Fig. 25). 

 

Consistent with previous findings, slabs in the control condition were mainly silent 

[220,221]. On average, we observed three active periods per minute, but the time 

between active periods varied considerably as indicated by a large standard 

deviation in Fig. 25C. The duration of active states varied between 0.7 s and 3 s, 
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with the mean around 1.4 ± 0.66 s, similar to active states of regular sleep slow 

oscillation [160,192]. One hour after injection of bicuculline, a GABAA-receptor 

blocker, the number of active periods increased to about 10 per minute. At the 

same time, they become more periodic, as evidenced by a decreased standard 

deviation of inter-state intervals (Fig. 25 C). Following bicuculline injection, the 

duration of active states significantly decreased and was always situated 

between 0.2 and 0.3 s (Fig. 25 B and C). These results are in agreement with 

recent in vitro studies [222] [203] ; however, application of bicuculline in vitro only 

slightly changed the frequency of Up–Down cycles. A possible explanation is that 

in the slice [203] , the frequency of slow oscillation was higher than that in the 

slab before bicuculline injection and was already close to the frequency of slow 

oscillation in the intact cortex in vivo. The synchrony of active state termination 

was improved in the slab following bicuculline injection. The standard deviation of 

UP–Down transition was 48.28 ± 39.76 in control slab; 22.76 ± 11.98 in the 

presence of bicuculline (significantly different: P = 0.0021 of two-tailed unpaired t 

test with Welch's correction). 

 

To further characterize the potential role of interneuron-mediated inhibition in 

regulating slow oscillation, a conductance-based thalamocortical network model 

was used. Our modelling results are presented below. 

 

Periodical alternation between active and silent states in the 
thalamocortical network resembles sleep slow oscillation 
 
The architecture of a large scale thalamocortical network model used in the 

current study is illustrated in Fig. 26. It includes main distinct but interconnected 

thalamocortical pathways based on observation of non-human primates [207]: (i) 

the core pathway, in which the thalamic efferents project to the middle layers of 

the cortex (mostly to layers III and IV), and (ii) the matrix pathway, which has 
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thalamic afferents to superficial layers of the cortex (mainly to layer I) where they 

make connections with apical dendrites of layer V cells. The matrix 

thalamocortical pathway has more diffuse connections than the core pathway, 

the latter being more topologically compact and specific [207]; see Table 1). In 

Fig. 27A, a trace of the average membrane voltage of all PY neurons in the core 

subsystem and rastergrams including the entire population of cortical and 

thalamic neurons are shown. The patterns of activity in the matrix subsystems 

were very similar to the patterns in the core subsystem and we have only shown 

the results of the core subsystem here. During 10 s of simulation under the 

baseline setting, this thalamocortical network displayed six self-regulating cycles 

of state transitions. The frequency of this oscillation was about 0.6 Hz, with an 

active state lasting around 400 ms and a silent state lasting nearly 1000 ms. 

 

In this model, slow oscillation is driven by intracortical dynamics. Spontaneous 

summation of miniature EPSPs through AMPA-mediated synapses among 

pyramidal neurons (see Methods) triggered Na+ spikes in some (randomly 

located) PY neurons, which then initiated spikes in their postsynaptic neighbours 

[149,155]. Thus, the level of synchronization at the initiation of an active state 

depended on how PY neurons generated an initial Na+ spike within the same 

short time window, how close these neurons were located within the network 

and, to a large extent, how fast the signals were propagated within the network. 

The spread of activity within a cortical layer and between cortical layers was 

mediated by the lateral excitatory connections, which limited the degree of 

synchronization at active state onset. 
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Figure 25. Comparison of the duration of the active state under normal conditions (control) 
and a condition when GABAA receptors were blocked by the application of bicuculline in 
an isolated cortical slab in vivo 
Two segments of 8 LFP recordings are displayed (6 in a cortical slab, 2 in the intact cortex) in A 
(control conditions) and B (after the application of bicuculline). Compared to controls, active state 
was much shorter when inhibition was blocked. C, mean (bar) and standard deviation (line) of the 
duration of the active state (left panel) and silent state (right panel) in the control conditions (open 
bars) and in the presence of bicuculline (filled bars) are shown. After inhibition was blocked by the 
application of bicuculline, both the active and silent states became shorter (P value <0.0001). 
Interstate interval was also significantly reduced in the presence of bicuculline (P value = 0.0064) 
(both statistics from an unpaired t test with Welch's correction). 
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During slow oscillation, cortical pyramidal neurons exhibited a bimodal 

distribution of membrane voltage with peaks appearing around –57 mV (active 

state) and −67 mV (silent state) (Fig. 27B, top). In order to identify the transition 

between active and silent states, a threshold of membrane voltage at −63 mV 

was selected (Fig. 27C; see Methods for details). If short-lasting 

hyperpolarization appeared in the middle of an active state (see Fig. 27D), the 

termination of active state was defined at the end of this wave, and the short and 

intermediate silent phases (identified based on the analysis of the entire spatio-

temporal pattern of the network activity) were ignored. In the thalamus, the 

correlative alternations between active and silent phases of the slow oscillation 

were also observed across populations of RE cells and TC cells. RE cells were 

strongly depolarized by corticothalamic inputs and fired action potentials during 

active states. During silent states, they were hyperpolarized and quiet (Fig. 27B, 

middle). In this thalamocortical network model, TC cells displayed a 

superposition of cortical EPSPs and RE-mediated IPSPs, and usually generated 

only a few action potentials near the onset of an active state. TC cells showed a 

unimodal distribution of membrane voltages (see Fig. 27B, bottom). In addition, 

two thalamic populations, core and matrix, were found to be synchronized. This 

baseline setting captured many essential properties of sleep slow activity 

[162,201]; however, the downward transition in this setting is much more diverse 

compared to the data observed in in vivo experiment (see Fig. 24). We 

intentionally used this setup as a baseline model since it matches our previous 

modelling studies of slow oscillation [149,155] This diverse downward transition 

can be improved as the strength of feedback inhibition is changed in the following 

modelling experiments. 
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Figure 26. Schematic diagram of the anatomical structure of the thalamocortical network 
model used in this study 
The model contains two populations of thalamocortical (TC) neurons representing the core and 
matrix subsystems respectively. Furthermore, a population of thalamic reticular (RE) neurons, two 
populations of cortical (PY) neurons and a population of interneurons (INs) were also included. 
The black arrowheads indicate excitatory connections and the grey arrowheads represent 
inhibitory connections. The thalamocortical and corticothalamic projections in the matrix pathway 
were made more expansive than in the core pathway. The widths of all connections are 
summarized in Table 1. 
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Figure 27.  Alternation of active and silent states during slow oscillation in the 
thalamocortical network model 
 
A, representative trace of the average activity of all pyramidal neurons in the core subsytem (top) 
and the rastergrams of activity in different cell populations during 10 s of simulation. For each 
raster plot, the x-axis indicates time and the y-axis indicates cell index. Six spontaneous cycles of 
active and silent states were observed (frequency of oscillation ∼0.6 Hz). B, distributions of the 
membrane potential acquired from the entire population of PY (top), RE (middle) and TC (bottom) 
neurons during slow oscillation are displayed. The distributions obtained from PY and RE 
neurons show two peaks representing the activity during active and silent states respectively. On 
the other hand, the distribution obtained from TC neurons is unimodal. C, the timing of 
initiation/termination of an active state is defined as the time when the membrane potential of 
individual PY neurons crossed the threshold (−63 mv) that was selected between the two peaks 
of membrane potential distribution in B. D, definition of initiation and termination times of the 
active state is illustrated here. If the short-lasting hyperpolarizing period appeared in the middle of 
an active state, the termination time of an active state was defined at the end of this wave, and 
the short and intermediate silent phases were ignored. 
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Figure 28. Impact of interneuron excitability on the level of synchronization of state 
transition during slow oscillation A, rastergrams of the network activity across a population of 
PY neurons were plotted under five different settings of equilibrium potentials of the non-specific 
leak current (Eleak) in inhibitory interneurons. When interneurons were more excitable (more 
positive value of Eleak), active states became shorter and the termination of active states 
became more synchronous across cell ensembles. B, the level of synchronization during a state 
transition is further evaluated by plotting the distribution of the times when state transitions occur 
across a population of pyramidal neurons (left panel: Eleak of interneurons is −75 mV; right 
panel: Eleak of interneurons is −67 mV). The red line indicates the distribution of upward 
transition, while the blue line shows the distribution of downward transition. The synchronous 
level of downward transitions (blue line) significantly improved as the interneurons became more 
excitable. C, the traces of synaptic currents (top panel) and the corresponding synaptic 
conductances (bottom panel), including AMPA, GABAA and NMDA, during 5 s of simulation are 
displayed. The traces on the right were obtained from a simulation setting in which the 
interneurons were more excitable (Eleak of interneurons = −67 mv) compared to the traces on the 
left (Eleak of interneurons = −75 mv). D, the standard deviation of the timing distributions (upward 
and downward transitions) under different settings of interneuron excitability is summarized in a 
plot (left). The synchronous level of upward transition stayed constant regardless the levels of 
interneuron excitability (red line). On the other hand, the synchronous level of downward 
transition was significantly enhanced (smaller values of standard deviation) when the 
interneurons became more excitable. Furthermore, the average duration of active states was 
found to be shorter as the interneurons became more excitable (right plot). 
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Increase of interneuron excitability enhances the synchrony of active state 
termination 
 
To explore the possible role of interneuron-mediated inhibition in manipulating 

the spatio-temporal patterns of slow oscillation, we altered the intrinsic excitability 

of INs as well as the strength of synaptic connectivity mediating feedback 

inhibition [86] from INs to PY neurons. First, we tested whether the levels of 

excitability in  

 

INs affected the pattern of slow oscillation. The control of excitability was 

achieved by altering the non-specific leak currents in INs. When leak reversal 

potential was relatively depolarized, IN resting potential became closer to the 

threshold for spike generation and made these INs more excitable. Conversely, 

making the leak reversal potential more negative led to hyperpolarization and low 

excitability in INs. With this approach, the input resistance of INs remained 

largely unchanged. The plots at the top of Fig. 28A show slow oscillation with 

shorter active states and more synchronous downward transition when INs were 

relatively depolarized. In contrast, at the bottom of Fig. 28A, when INs were 

relatively hyperpolarized, the length of active states became longer and the 

timing of downward transitions across PY neurons became highly diverse. 

Further hyperpolarization of INs (below −80 mV) drastically reduced IN activities 

and caused the entire population of PY neurons to fire continuously (not shown; 

see Fig. 30). 

 

To quantify the level of synchronization of state transition across the entire 

population of PY neurons, we calculated the timing of onsets and offsets of active 

states in all PY neurons by setting a membrane potential threshold at −63 mV 

(Fig. 27 C and D). The results accumulating from 30 consecutive oscillatory 

cycles are presented as a distribution in Fig. 28B. When INs were relatively 
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hyperpolarized (Fig. 28B, left), the distribution of the onset times across all PY 

cells (red line) was significantly narrower than the distribution of the offset times 

(blue line). Increasing leak reversal potential of INs to −67 mV did not affect the 

distribution of onset times, but did significantly reduce the width of the distribution 

of offset times (Fig. 28B, right). This effect was simply induced by a higher level 

of excitability in INs. 

 

Fig. 28C shows representative traces of synaptic currents (top) and conductance 

(bottom) during simulations with different levels of interneuron excitability. In all 

simulation settings, GABAA conductance exceeded AMPA conductance during 

active states (Fig. 28C, bottom) in agreement with previous in vivo recording data 

[204]. Due to the difference in driving force (V–EAMPA vs. V−EGABAA), the average 

amplitude of the AMPA-mediated currents was larger than the amplitude of 

GABAA-mediated currents for the majority of the time (Fig. 28C, top). At the 

beginning of an  

 

active state, both currents (AMPA and GABAA) increased immediately and nearly 

simultaneously. After reaching the peak, the decay pattern of these two currents 

became different in two simulation settings with different IN excitability. When INs 

were more excitable (Fig. 28C, right), both currents decayed rapidly and reached 

their lowest point nearly simultaneously close to the end of an active state. On 

the other hand, when interneuron excitability was reduced (Fig. 28C, left), the 

decay time of excitatory currents was longer than that of inhibitory currents and 

synaptic excitation dominated over synaptic inhibition until the very end of an 

active state. 

 

The overall impact of interneuron excitability on the level of synchronization of 

state transition is summarized in Fig. 28D. In general, the level of synchrony at 

upward transition stayed constant, regardless of the changes of interneuron 
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excitability. Nevertheless, the level of synchrony at downward transition improved 

dramatically as interneurons became more excitable, and eventually reached the 

level close to that of the upward transition (the setting of Eleak = −64 mV in Fig. 

28D). In addition, the length of active states became shorter and the length of 

silent states became longer as the interneurons’ excitability increased (Fig. 28A 

and D, right). 

 

Increasing the strength and radius of PY neuron–IN connections enhances 
synchrony of active state termination 
 

Next, we investigated the impact of the strength of PY neuron–IN connection on 

the level of synchronization of downward transition. First, increasing the strength 

of AMPA-mediated conductance from PY neurons to INs caused higher firing 

rates of interneurons during active states. As a result, stronger inhibition was 

sent back to PY neurons and produced an effect similar to an increase in 

excitability of interneurons. In Fig. 29A, four rastergrams acquired from four 

different runs of simulation with different strengths of PY neuron–IN connection 

(a baseline setting, and three additional settings with the strength of PY neuron–

IN increased by 20%, 40% and 80% from the baseline setting) are displayed. 

The frequencies of slow oscillation are similar (0.6–0.7 Hz) in all four settings. 

However, as the synaptic strength of PY neuron–IN connection was increased, 

the length of active states and the degree of branching (appearance of short-

lasting hyperpolarization events in the middle of an active wave) in each 

oscillatory cycle were reduced. In Fig. 29B, the level of the synchronous state 

transition was further evaluated by the distributions of the onset and the offset 

times across entire populations of PY neurons. We found that the synchrony of 

downward transition was clearly improved by strengthening connections from PY 

neurons to INs. In Fig. 29C, the rastergrams of the network activity, the traces of 

synaptic currents (AMPA, NMDA, GABAA), the ratio between fast inhibitory and 
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excitatory currents (GABAA/AMPA), and the synaptic conductances are plotted. 

Consistent with our previous results, a higher ratio of GABAA/AMPA currents was 

maintained throughout an entire active state, especially when the strength of PY 

neuron–IN connections was increased. This suggests that the presence of 

inhibition, particularly near the offset of an active state, can be an important 

factor in explaining high synchrony of downward transition observed from in vivo 

recordings. 

 

Further analysis of the impact of interneuron-mediated inhibition on slow 

oscillation was done by varying the width of IN–PY neuron or PY neuron–IN 

connection (Fig. 29D). Increasing the radius of the IN–PY neuron connections 

(implying how many INs project to single PY neuron on average) reduced the 

length of active states and also improved the synchrony of downward transition 

(Fig. 29D, left). Similar results were found when the average radius of PY 

neuron–IN connection (implying how many PY neurons project to single IN on 

average) was increased from 5.9 cells to 16.56 cells (Fig. 29D, right). 

 

Effect of blocking IN–PY neuron inhibition in the model 
 

Our model predicts that a sufficient level of synaptic inhibition is required to 

explain the high degree of synchrony of downward transition during slow 

oscillation. To realize the impact of complete blockage of synaptic inhibition on 

slow oscillation and to compare simulating results with experimental data 

involving bicuculline injection, we systematically varied the synaptic strength from 

INs to PY neurons in the model. We found that the effect of alternating IN–PY 

neuron GABAA type connection highly depends on the strength of excitatory PY 

neuron–PY neuron connection (Fig. 30A). For weak PY neuron–PY neuron 

connection, the cortical network displayed spontaneous spikes and an active 

state cannot be initiated regardless the strength of IN–PY neuron connection 
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(Fig. 30A, dark blue). Increasing the strength of PY neuron–PY neuron 

connection led to initiation of active states toward a regular pattern of slow 

oscillation, but only when synaptic excitation in the network was balanced by the 

inhibition (Fig. 30A, light colours). Further increase of synaptic excitation reduced 

the chance of periodic transition to silence and, eventually, led the entire cortical 

network to continuously fire (Fig. 30A, dark red). 

 

In agreement with our earlier results (Fig. 28 and Fig. 29), for a range of PY 

neuron–PY neuron connection strength (e.g. 100% in Fig. 30A), reducing the 

strength of feedback synaptic inhibition first led to an increase of active state 

duration (e.g. comparing gIN−PY = 150% and gIN−PY = 100% among the range of 

gPY−PY = 60%–100% in Fig. 30A). However, a further reduction of synaptic 

inhibition shortened active state duration (e.g. comparing gIN−PY = 100% and 

gIN−PY = 20% in Fig. 30A). In the latter case, regular active states were replaced 

by intense bursting, suggesting that different termination mechanisms may be 

involved (Fig. 30B). These bursts were characterized by short duration and high-

frequency spiking and resembled paroxysmal bursting after blockage of synaptic 

inhibition in vivo (see Fig. 25) or in vitro (see [222] [203]). 

 

To reveal the mechanisms controlling active state termination after synaptic 

inhibition was blocked, in Fig. 31A, traces of intrinsic currents under two different 

settings of synaptic strength of IN–PY neuron are compared to each other. This 

showed that the high-threshold Ca2+ current, IHVA, and voltage-dependent K+ 

current, IKm, reached a much higher level when the strength of IN–PY neuron 

was decreased to 10% of the baseline. In addition, the slow Ca2+-dependent K+ 

current, IKCa, was found to have a  
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Figure 29. Impact of the strength and radius of PY neuron–IN connections on synchrony of 
downward transitions during sleep slow oscillation A, four rastergrams acquired from 
simulations with different strength of PY neuron–IN connection (baseline, and increasing to 20%, 
40% and 80% above the baseline). B, distributions of initiation and termination times of active 
state are displayed. Increasing the strength of PY neuron–IN improved the degree of synchrony 
of the downward transition (blue line) that approached the level of synchronization of the upward 
transition (red line). C, the rastergrams of PY activity, the traces of synaptic currents, the ratio of 
GABAA/AMPA, and the traces of synaptic conductances are plotted here. When the strength of 
PY neuron–IN connections was increased, the ratio GABAA/AMPA remained high till the end of 
active state. D, dependence of the duration of active state on the average width of IN–PY neuron 
or PY neuron–IN connections is shown. 
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Figure 30. Influence of excitatory and inhibitory synaptic strength on the duration of active 
states during slow oscillation A, the average length of active states is plotted based on 
different combinations of the strength of the intracortical excitatory (PY→PY) and inhibitory 
(IN→PY) connections. Sample traces of the PY neuron membrane potential illustrate typical 
examples of PY activity (e.g. spontaneous spiking, periodic bursting, regular slow oscillation, 
continuous firing). Colour bar indicates the average length of active states. B, the rastergrams 
and representative traces of the PY neuron membrane voltage were obtained from simulations 
with different strengths of the IN–PY neuron connection. Short and bursting activity appeared 
when the strength of the IN–PY neuron connection was significantly reduced (10% of the baseline 
in this case).larger amplitude and shorter rising time to reach the peak. Indeed, a blockage of 
synaptic inhibition to PY neurons caused a dramatic increase of PY neuron firing frequency at the 
very beginning of an active state (see Fig. 30B). These high frequency activities led to an 
increase in intracellular Ca2+ concentration and a fast activation of Ca2+-dependent K+ currents, 
which then hyperpolarized PY neurons and immediately terminated an active state. To verify this 
point, we have tested the effect of alternating the Ca2+-dependent K+ conductance on the network 
dynamics (Fig. 31B). When Ca2+-dependent K+ current was small in the network with weak IN–PY 
neuron inhibition, periodic bursting was replaced by continuous firing and the cortical network was 
not able to switch to a silent state (Fig. 30B, right). In contrast, in the model with strong IN–PY 
neuron inhibition, reducing the strength of the Ca2+-dependent K+ current increased active state 
duration, but transitions from active state to silent state can still be observed even when gKCa was 
fully blocked (Fig. 31B, left, gKCa = 0). Thus, when the synaptic inhibition (gIN−PY) was weak, the 
mechanism of intrinsic inhibition (gKCa) played a major role in terminating bursting activities.  
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Figure 31. Effect of intrinsic hyperpolarizing currents on active state duration and 
termination A, traces of intrinsic currents, including a high threshold Ca2+ current (IHVA), a 
Ca2+-dependent K+ current (IKCa) and a slow voltage-dependent K+ current (IKm), were 
obtained from simulations with two different settings of synaptic inhibition (baseline or 10% of the 
baseline). When the strength of inhibitory connections was reduced by 90%, PY neurons showed 
a high spiking rate during active states. This caused an instant rise in the voltage- and Ca2+-
dependent K+ currents and an immediate termination of active state. B, representative 
membrane voltage traces (top) and a summary of the duration of active state as a function of 
Ca2+-dependent K+ conductance, gKCa, (bottom) for two different settings of synaptic inhibition 
are shown here. Under weak IN–PY neuron connection setting (right column), decreasing the 
strength of gKCa prevented bursting activity in PY neurons and led to continuous firing. 
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Discussion 
 

Previous studies have suggested that the initiation of active states of sleep slow 

oscillation may involve several mechanisms including the summation of 

spontaneous transmitter release in excitatory synapses of the neocortex 

[149,155,163], spontaneous activity of some pyramidal neurons remaining active 

during the silent states of slow oscillation [150] [156], self-sustained 

asynchronous irregular activity in layer V [151], or intrinsic oscillatory 

mechanisms in thalamocortical neurons [157] [158]. In the current study, we 

further investigated the role of intrinsic and synaptic inhibition in manipulating 

sleep slow oscillation, particularly focusing on their contribution in terminating 

active cortical states. 

 

Using a detailed computational model of the thalamocortical network, we 

revealed the complementary role of synaptic and intrinsic inhibition in controlling 

active states during slow oscillation. In normal physiological conditions, when fast 

synaptic inhibition was sufficiently strong, it limited the firing rates of pyramidal 

neurons during active states and therefore confined the level of activation of 

intrinsic inhibitory conductances. In this condition, synaptic inhibition played a 

major role in terminating active cortical states. Strong synaptic inhibition 

(mediated by the strength of PY→IN→PY connections and the level of excitability 

of inhibitory interneurons) was necessary to synchronize downward transitions 

during sleep slow oscillation. A small decrease in synaptic inhibition led to an 

increase in the duration of active states and broke the regular spatio-temporal 

patterns of slow oscillation. However, when fast synaptic inhibition was 

significantly reduced, the intrinsic hyperpolarizing conductances took over the 

role of synaptic inhibition in controlling active state duration. High firing rate of 

pyramidal cells led to the fast activation of intrinsic hyperpolarizing conductances 
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and rapid termination of an active state. Network activity thus appeared in the 

form of synchronous short and high-frequency bursts across all cortical neurons. 

 

Synaptic inhibition and synchrony of state transitions during slow 
oscillation 
 

The results of our modelling study explain experimental observations acquired 

from the intact cortex (Fig. 24 and [160]). Using simultaneous multisite 

intracellular recordings in anaesthetized cats, it was found that both active and 

silent states of slow oscillation start almost synchronously in cells located up to 

12 mm apart. Termination of active states was even better synchronized than 

initiation [160] . Earlier studies proposed that the activation of the Ca2+- and 

Na+-dependent K+ currents in pyramidal neurons and depression of the 

excitatory synaptic currents between pyramidal neurons mediate downward 

transitions of sleep slow oscillation [149,155,156,159] . In the current study, we 

predict that in addition to the intrinsic properties operating within individual 

neurons, the interneuron-mediated inhibitory circuits are significantly involved in 

manipulating synchronous state transitions during slow oscillation. Enhancing 

feedback inhibition by increasing the excitability of interneurons or by enhancing 

the strength of PY neuron–IN connection significantly increased the degree to 

which the termination of active cortical states was synchronized across the 

network. A similar level of inhibition across the cortical network was mediated by 

widespread inhibitory projections and can be further enhanced by gap junctions 

between inhibitory interneurons [223] 

 

Our study suggests that different biological mechanisms are involved in the 

initiation and termination of active states during slow oscillation. The initiation of 

an active state mostly relies on the overall level of the network excitability 

regulated by the properties of spontaneous synaptic transmitter release and 
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intrinsic depolarizing conductances. The termination of an active state depends 

on the balance of excitation and inhibition and can be controlled by both intrinsic 

inhibitory conductances and activity of inhibitory interneurons. Because of this 

difference, during slow oscillation, alternating a specific network property, such 

as the activity of interneurons, would only affect the downward transitions but not 

the upward transitions. 

 

Another possible mechanism that plays a role in regulating state transitions 

during slow oscillation could be mediated by the cortico-thalamo-cortical loop. 

Cortical activity can recruit intrinsic oscillatory mechanisms in the thalamocortical 

neurons [157,158], which could then increase synchrony within populations of 

cortical cells. This idea is supported by the observation that the offset of active 

states (downward transition) is less synchronous in neocortical slabs when there 

is no thalamocortical input [149]. However, TC cells are typically more active at 

the beginning of an active state (and therefore can contribute to the initiation of 

activity), but usually remain silent during the later phase (probably due to the 

strong inhibitory drive from RE neurons). Thus, the main contribution of TC 

neurons to the regulation of sleep slow oscillation is likely to be towards the 

initiation of an active state. 

 

Effects of inhibition blockage on slow oscillation 
 

Blocking inhibition is a common way to induce highly synchronized epileptic 

activity [224] [225] [226] [227]. We found that under normal physiological 

conditions, fast synaptic inhibition controlled the properties of active states during 

slow oscillation. Therefore, when inhibition was only moderately reduced in the 

model, it prolonged active states and reduced the level of synchronization of the 

downward transitions. In contrast, a severe decrease of synaptic inhibition had 

the opposite effect, that of reducing the duration of the active state. Without 
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synaptic inhibition, intense firing of pyramidal neurons near the onset of an active 

state immediately triggered intrinsic hyperpolarizing currents (such as Ca2+-

dependent K+ current), and then terminated the active cortical state rapidly. 

 

In a recent paper, [203] have tested the impact of a progressive block of GABAA 

synaptic inhibition on the transition between active and silent states in vitro. They 

found that a progressive removal of inhibition leads to a steeper upward and 

downward transition in individual neurons. It was proposed that during the 

upward transition, synaptic events accumulate faster after the removal of 

inhibition suggesting that inhibition is able to slow down the recruitment of 

excitatory activity in local networks during physiological sleep slow oscillation 

[203]. Here, we also found that interneuron-mediated inhibition can slow down 

the firing rate of pyramidal neurons during active states, particularly near the 

onset of an active state. Higher firing rates in severely disinhibited networks led 

to vigorous activation of the K+ channels that facilitated the early termination of 

an active state. 

 

In another recent report, [222] revealed that in rat entorhinal cortex, application of 

a slow inhibitory (GABAB type) receptor antagonist, CGP55845, increased the 

duration of persistent network activity, and prevented stimulus-induced 

downward transition. It was suggested that activation of slow inhibitory receptors, 

GABAB type, contributes to termination of active cortical states. While 

intracortical GABAB type receptors were not installed in our cortical network 

model, this reported effect of blockage of slow inhibition can be equivalent to the 

moderate increase of excitation in our cortical network model by mild reduction of 

fast inhibition; such increase of excitation in the cortical network led to increase 

of the active state duration consonant with in vitro data reported by[222]. 
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Our results regarding the effects of synaptic inhibition during slow oscillation are 

in agreement with previous studies in vitro [203,222]and highlight the idea that 

inhibitory circuits in the cortex play a critical role in manipulating the spatio-

temporal pattern of slow oscillation. 

 

Balance between excitatory and inhibitory signals in the thalamocortical 
network 
 

During sleep slow oscillation, a silent state is characterized by the dramatic 

reduction of any synaptic activity in individual neurons. On the other hand, during 

active states, diverse combinations of recurrent excitation and inhibition were 

observed [205]. A nearly ‘linear’ relationship between the excitatory and inhibitory 

conductances during active states was reported experimentally [205,228]. In non-

anaesthetized naturally sleeping animals [204], it was found that at the beginning 

of an active state, the inhibitory conductance is usually lower than the excitatory 

conductance. As the intensity of the recurrent network activity increased, both 

conductances rose. This was followed by a relative increase in inhibitory 

conductances until a transition to the silent state was effected [204]. It was also 

found that the variance in inhibitory conductance was usually larger than the 

excitatory conductance during an active state [204]. In addition, inhibitory 

synaptic barrages were found to be stronger (at frequencies between 2 and 200 

Hz) and more synchronized than excitatory synaptic barrages during an active 

state [206]. 

 

More evidence supporting the potential contribution of inhibitory interneurons in 

manipulating neural network oscillations came from the anatomical studies. 

Electron microscopy has demonstrated that inhibitory interneurons are 

extensively connected via electrical synapses [229,230]. This low-resistance 

pathway allows quick communication within interneuron circuits and further 
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synchronizes its activity [231] [232,233]. Evidence highlighting the significance of 

inhibition during sleep slow oscillation can be also derived from clinical studies. 

Several reports have showed that heightening cortical inhibitory activity using 

tiagabine [234], or producing a tonic inhibitory conductance using gaboxadol 

[235] can pharmacologically increase sleep slow oscillation and reduce the 

negative neurobehavioural and physiological consequences of sleep loss [236]. 

 

However, another study performed with animals anaesthetized using a mixture of 

ketamine–xylazine and urethane [228] concluded that excitation dominates the 

active state until the downward transition to silence. Considering the apparent 

contradiction between different sets of experimental data, our model predictions 

regarding the role of inhibition in terminating active cortical states provide some 

new insights into this open question. A more complete experimental design and 

study will be necessary to test the model predictions and to resolve this 

controversy [204,228]. So far, the results reported in this study are consistent 

with previous observations [205] [206] [160] We further demonstrated that the 

powerful, prolonged, and synchronous inhibitory signals toward the end of an 

active state can lead to a higher incidence of IPSPs in neocortical neurons, and 

then synchronously cease recurrent activity in the cortical network. Thus, 

interneuron-mediated inhibition can be critical in regulating state transitions 

during slow oscillation and may directly contribute to various brain functions 

developed during slow-wave sleep. 
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