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Abstract 

Learning is a common ability, accompanied by gamma oscillation, across species to 

acquire new knowledge stored in the hippocampus and neocortex into short-term and 

long-term memory, respectively. Thus, memory is first stored as short-term memory 

quickly and then consolidated into long-term memory in a longer timescale. Excitatory 

to excitatory ( E → E ) spike-timing-dependent plasticity (STDP), an experimentally 

observable synaptic plasticity, is a widely used mechanism to form synaptic clusters in 

neural network models, where memory is proposed to be stored in strengthened 

synapses within the cluster. However, the interaction between gamma oscillation and 

STDP is unclear. On the other hand, the role of inhibitory plasticity in memory cluster 

formation attracts the attention of scientists in recent years, but it is not well 

understood yet because of the numerous species of inhibitory neurons and their 

plasticity. Besides, connectivity lesion, such as induced by Alzheimer’s disease, causes 

memory deficits and abnormal gamma oscillation, but its relation to memory cluster 

is still an open question. My doctoral research thus aimed to study the interaction 

among different types of synaptic plasticity, gamma oscillation and circuit connectivity 

in memory learning and recall through computer simulation of the integrate-and-fire 

neuronal network of excitatory and inhibitory (E-I) neurons.  
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In the first part of my study, we explored the interaction between gamma oscillation 

and E → E  STDP in an E-I integrate-and-fire neuronal network with triplet STDP, 

heterosynaptic plasticity, and transmitter-induced plasticity. We show that the 

plasticity performance depends on the synchronization levels accompanied by the 

emergence of gamma oscillations. Moreover, gamma oscillation is beneficial to form a 

unique network structure through synaptic potentiation.  

Secondly, we were inspired by an experimental result to study the functional role of 

excitatory to inhibitory ( E → I ) plasticity in memory consolidation through a 

feedforward two-layer E-I circuit model. We found that E → I plasticity can prevent 

overexcitation and assist memory cluster formation. We also predict that suitable 

pulse input to inhibitory neurons can rescue the memory performance deficits in the 

absence of E → I plasticity. 

Thirdly, we used E-I neuronal network model to investigate the effect of connectivity 

reduction as a result of Alzheimer’s diseases on the interaction between circuit 

dynamics and STDP and the rescue of memory performance by optogenetic 

stimulation found in the experiments. It is found that the firing rate of the persistent 

activity is increased if connectivity is reduced mildly because of a transition from 

synchronous state to asynchronous state, while the persistent activity cannot be 

maintained and the firing rate is reduced with severe connectivity reduction. 
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Furthermore, we found that stimulation with gamma frequency in circuits with 

connectivity lesion is the best for memory rescue because it can suppress the 

activation of the memory clusters that were initially activated in the lesion circuit. 

Moreover, we found that connectivity reduction causes the merging of memory 

clusters and the deterioration of existing memories during learning new memory with 

STDP. 

The whole study gives more insight into the co-evolution between microscopic 

synaptic dynamics, such as synaptic weight change, firing rate and synchronization of 

neuron spikes, and macroscopic phenomena, like gamma oscillation, memory 

performance, and connectivity. Our results may have implications in clinical 

applications to develop suitable brain stimulation schemes for memory rescue in 

neurodegenerative diseases. Furthermore, the understanding of the interaction 

among neural connectivity, dynamics, and plasticity may also offer insight into brain-

inspired neural networks in artificial intelligence.     
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Chapter 1 Introduction 

In this Chapter, we will introduce the concepts and theories developed in the research 

field about memory encoding and retrieval and identify open questions and state the 

primary objectives of this thesis.  

 

1.1 Background 

1.1.1 Neural Circuit And Complex Neural Dynamics  

Neuron, the basic unit of a neural circuit, comprises three parts, dendrites, soma, and 

axon (Figure 1.1A), and connects with other neurons to form a neural circuit. Neurons 

are separated into excitatory and inhibitory types, which generate positive and 

negative synaptic current, a kind of ionic signal, to connect neighboring neurons 

respectively. Synaptic currents are sent among neurons through synapses, a 

unidirectional passway, to process information. Functionally, neurons gather synaptic 

currents from their upstream neighbors through spines on dendrite and convert the 

input currents into membrane potential. When the membrane potential reaches the 

spiking threshold, an action potential (Figure 1.1B), or also called fire or spike, is 

generated. Action potential would pass to bouton at the end of the axon to trigger the 

release of neurotransmitters, which bind with the receptors at the spine at 

downstream neighbors’ dendrites to open ion channels or gates letting ions enter 
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post-synapse to generate synaptic current. Bouton together with a spine is called a 

synapse (Figure 1.1C) which is the connection between neurons mentioned above. 

After generating an action potential, the membrane potential is reset and the neuron 

enters into a refractory period during which the neuron cannot spike and its 

membrane potential is less sensitive to received synaptic currents. 

 

Figure 1.1 Neural circuit. (A): Cortical pyramidal cell diagram. (B): Membrane potential vs. time plot. An action 

potential is generated at around 150ms. After spike, the neuron enters a refractory period with relatively low 

membrane potential for some time. (C): Synapse diagram. (D): Neural circuit diagram. (A-C) Pictures from [1]. (D) 

Picture from [2]. 
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With this simple architecture, a biological neural circuit can typically maintain at a 

boundary state between nearly no firing and fully epileptic firing with a high rate when 

excitation and inhibition synaptic currents into a neuron are on average balanced (E-I 

balance). In E-I balance circuit, neuron fires irregularly [3, 4]. Balance circuits can be 

further separated into loose and tight balance (Figure 1.2A), which correspond to 

balancing current in long timescale and short timescale respectively [4]. As loose 

balance balances current in long timescale, the correlation between excitatory and 

inhibitory current in short timescale is weak, which induces zero mean of net current, 

but large fluctuation in the net current (Figure 1.2A Left), while tight balance balances 

current in a short timescale, the correlation between excitatory and inhibitory current 

in short timescale is also strong, therefore, the mean and variance of net current are 

both small (Figure 1.2A Right). The neural models studying E-I balance nowadays are 

mainly tight balance circuits. Tight balance circuits can provide several computational 

advantages, including but not limited to predictive coding [5], learning response which 

induces effective coding [5], self-organized critical dynamical state [6, 7] which 

maximizes the information capacity [8] (Figure 1.2B).  
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Figure 1.2 E-I balance. (A): Loose and tight balance. (Left): loose balance. (Right) tight balance. Red, blue, and black 

curves represent the excitatory, inhibitory, and net current received by a neuron. Picture from [4]. (B): Information 

entropy when different excitatory to inhibitory current ratio is applied. Criticality happens at 𝜅𝜅 = 1. Picture from 

[8]. (C): Distribution of avalanche size in subcritical (black), critical (blue), and supercritical state (red). Picture from 

[9]. 

In self-organized critical state [6, 7], where the inter-spike interval (ISI) and the 

avalanche size and lifetime (Figure 1.3), would show a power-law distribution of 

different dynamical quantities (Figure 1.2C) [9, 10]. Avalanche size and avalanche 

lifetime are respectively the numbers of spikes and duration of a successive spiking 

event in the circuit.   
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Figure 1.3 Local field potential raster plot measured at monkey cerebral cortex shows avalanche. (A): Raster plot of 

30 electrodes for 12s. (B): Illustration of avalanche size and avalanche lifetime using 𝛥𝛥𝛥𝛥 = 2𝑚𝑚𝑚𝑚 time window. 

Picture from [11]. 

Under this state, many different firing patterns (a snapshot about which neuron’s fire 

in a time interval), which are believed to represent information, can appear [7, 8] 

because the spike trains have long correlation length and neurons fire irregularly. The 

information entropy and mutual information between stimulus and response are also 

maximized [7, 8]. It is believed that the brain benefits from the characteristics of long 

correlation length and high complexity of critical state to transfer and process 

information [6, 10, 12].   
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1.1.2 Neuron Model 

Although the dynamic of one neuron is simple, the interaction among neurons makes 

the complex dynamics of the neural circuit difficult to study. A commonly used and 

powerful tool to peek into the mystery of neural dynamics is neuron modeling. In the 

following, a brief introduction of different neuron models, describing the different 

levels of biophysical details, to model the neuron electrical properties is provided. 

 

A Leaky Integrate-and-fire Model 

The leaky integrate-and-fire model is a widely used and extremely simplified neuron 

model. Neurons are treated as a single compartment, thus the morphology of neuron 

are ignored, and analogize to an electrical circuit consisting of a capacitor 𝐶𝐶 in parallel 

with a resistor 𝑅𝑅 driven by a current 𝐼𝐼(t) (Figure 1.4A) and described by a differential 

equation [13–15] 

𝑐𝑐m
d𝑉𝑉(𝛥𝛥)

dt
= −𝑔𝑔𝐿𝐿(𝑉𝑉(𝛥𝛥) − 𝑔𝑔𝐿𝐿) +

𝐼𝐼e
𝐴𝐴

, ( 1.1) 

where 𝑉𝑉(𝛥𝛥), 𝑔𝑔𝐿𝐿 ,  𝑔𝑔𝐿𝐿 are the membrane potential, leakage reverse potential, leakage 

conductance respectively. 𝐼𝐼e
𝐴𝐴

 is synaptic current per membrane surface area 𝐴𝐴 and 

cm is the capacity per membrane surface area 𝐴𝐴. When membrane potential 𝑉𝑉(𝛥𝛥) 

reaches the spiking threshold 𝑉𝑉𝑡𝑡ℎ by integrating the synaptic current, 𝑉𝑉(𝛥𝛥) is reset 
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to 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡  and enters the refractory period, within which the synaptic current is 

neglected. 

 
Figure 1.4 Electrical properties of the leaky integrate-and-fire neuron. (A): Neuron is analog to an electrical circuit 

with resistor 𝑅𝑅, capacitor 𝐶𝐶, voltage supply 𝑔𝑔𝐿𝐿 and an input current 𝐼𝐼(𝛥𝛥). (B): Membrane potential response to 

a step current input. (C): Leaky integrate-and-fire membrane potential (thin line) with experimental trace (thick line) 

by applying the same current signal, except there are one missing and extra current pulses added at the time 

indicated by arrows. Picture from [13]. 

The membrane potential 𝑉𝑉(𝛥𝛥)  is increased exponentially when a current 𝐼𝐼(𝛥𝛥)  is 

applied to the neuron until the leakage current, −𝑔𝑔𝐿𝐿(𝑉𝑉(𝛥𝛥) − 𝑔𝑔𝐿𝐿), is balanced with the 

current input, 𝐼𝐼e
𝐴𝐴

 (Figure 1.4B). In contrast, when the input current is removed, the 

membrane potential decreases exponentially to zero (Figure 1.4B).  

Although the leakage integrate-and-fire model largely simplified the morphology, it 

can still predict the subthreshold membrane trajectory of a real neuron [13] (Figure 

1.4C) and can be analyzed analytically [16, 17]. 
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B Hodgkin-Huxley Model 

Hodgkin-Huxley model (HH model) is a more comprehensive model, which has 

detailed membrane current description, but it requires higher computational power. 

Unlike the leakage integrate-and-fire model that only includes the leakage current 

𝑔𝑔𝐿𝐿(𝑉𝑉 − 𝑔𝑔𝐿𝐿) , HH model also includes delay-rectified K+  current and transient Na+ 

current, which are other membrane current sources that come from ions channel 

opening (Figure 1.5B) [13, 14], as 

𝑖𝑖𝑚𝑚 = 𝑔𝑔𝐿𝐿(𝑉𝑉 − 𝑔𝑔𝐿𝐿) + 𝑔𝑔𝑘𝑘𝑛𝑛4(𝑉𝑉 − 𝑔𝑔𝐾𝐾) + 𝑔𝑔𝑁𝑁𝑎𝑎𝑚𝑚3ℎ(𝑉𝑉 − 𝑔𝑔𝑁𝑁𝑎𝑎), ( 1.2) 

where 𝑔𝑔𝐿𝐿 ,𝑔𝑔𝑘𝑘,𝑔𝑔𝑁𝑁𝑎𝑎  are conductance of leakage, K+  and Na+  current respectively. 

𝑔𝑔𝐿𝐿 ,𝑔𝑔𝐾𝐾 = −77𝑚𝑚𝑉𝑉,𝑔𝑔𝑁𝑁𝑎𝑎 = 50mV [14], are reverse potential of leakage, K+ and Na+ 

current respectively which indict the concentration of K+ is lower and Na+ is higher 

outside of the neuron at subthreshold membrane potential (Figure 1.5A).  

 
Figure 1.5 Electrical properties of HH neuron. (A): Schematic diagram of ions and channels around the membrane. 

(B): neuron is analog to an electrical circuit with conductance 𝑔𝑔𝐿𝐿 , variable conductance 𝑔𝑔𝑁𝑁𝑎𝑎,𝑔𝑔𝐾𝐾  capacitor 𝐶𝐶, 

voltage supply 𝑔𝑔𝐿𝐿,𝑔𝑔𝑁𝑁𝑎𝑎,𝑔𝑔𝐾𝐾 and an input current 𝐼𝐼(𝛥𝛥). Picture from[13]. 

n, m, h are variables describing the degree of ion channels being open (synaptic 

current is generated by ions passing through opened channels) and the process can be 
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described as 

𝑑𝑑𝑑𝑑
𝑑𝑑𝛥𝛥

= 𝛼𝛼𝑛𝑛(𝑉𝑉)(1− 𝑑𝑑) − 𝛽𝛽𝑛𝑛(𝑉𝑉)𝑑𝑑,  ( 1.3) 

where y  can be n, m, h which representing activation degree of K+ ,  Na+  and 

inactivation degree of Na+ channel respectively. 𝛼𝛼𝑛𝑛(𝑉𝑉) and 𝛽𝛽𝑛𝑛(𝑉𝑉) are membrane 

potential-dependent functions determining the opening and closing rate of channels 

which can be obtained by a fitting curve in experimental data. Eq. ( 1.3) describes the 

ion channel dynamics, where the first term and the second term represent the closing 

rate and opening rate of channels respectively.  

The dynamics evolution of HH model with a positive current input 𝐼𝐼e
𝐴𝐴

 applied at 𝛥𝛥 =

5ms is shown in Figure 1.6. When the membrane potential is increased to -50mV, 𝑚𝑚, 

which describes the Na+  channel activation degree increases from 0 to 1 quickly. 

Simultaneously, h, representing the inactivation degree of Na+ channel, is around 

0.6. Therefore, a positive  Na+  current flows into the neuron and causes the 

membrane potential to increase. The increase of membrane potential induces h to 

reduce to almost zero, which turns off the Na+  current. At the same time, n , 

expressing the activation degree of K+ channel, increases which allows K+ current 

to exit the neuron to drive the membrane potential back to a negative value.  
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Figure 1.6 Hodgkin-Huxley neuron dynamics. Picture from [14]. 

Because of the involvement of the delay-rectified K+  current and transient Na+ 

current, the HH model can reset the membrane potential and reduce current 

sensitivity after action potential generation automatically [13, 14], leading to the 

refractory period.   

 

C Conductance-based Leaky integrate-and-fire Model   

Conductance-based leaky integrate-and-fire model is a model similar to the Leaky 

integrate-and-fire model in A, but also includes the membrane potential 𝑉𝑉 

dependence in synaptic current 𝐼𝐼e
𝐴𝐴

  like HH model and modifies into 𝑔𝑔(𝛥𝛥)(𝑉𝑉 − 𝑔𝑔) , 
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where 𝑔𝑔(𝛥𝛥)  and 𝑔𝑔  are time dependent conductance and reversal potential 

respectively. 

Therefore, the neural dynamics is modeled as  

𝑐𝑐m
d𝑉𝑉(𝛥𝛥)

dt
= −𝑔𝑔𝐿𝐿(𝑉𝑉(𝛥𝛥) − 𝑔𝑔𝐿𝐿) −�𝑔𝑔𝑦𝑦(𝛥𝛥)�𝑉𝑉(𝛥𝛥) − 𝑔𝑔𝑦𝑦�

𝑦𝑦

,  ( 1.4) 

where subscribe y represents that the conductance and reversal potential is synapse 

type dependent. By defining 𝜏𝜏 = 𝑐𝑐
𝑔𝑔𝐿𝐿

 and 𝐺𝐺𝑦𝑦(𝛥𝛥) = 𝑔𝑔𝑦𝑦(𝑡𝑡)
𝑔𝑔𝐿𝐿

, Eq. ( 1.4) can be written as  

𝜏𝜏
d𝑉𝑉(𝛥𝛥)

dt
= −(𝑉𝑉(𝛥𝛥) − 𝑔𝑔𝐿𝐿) −�𝐺𝐺𝑦𝑦(𝛥𝛥)(𝑉𝑉(𝛥𝛥) − 𝑔𝑔𝑦𝑦)

𝑦𝑦

  ( 1.5) 

Normally, 𝐺𝐺𝑦𝑦(𝛥𝛥) is in the form of bi-exponential function, Θ(𝑡𝑡)
𝜏𝜏𝑑𝑑−𝜏𝜏𝑟𝑟

�𝑒𝑒
−𝑡𝑡
𝜏𝜏𝑑𝑑 − 𝑒𝑒

−𝑡𝑡
𝜏𝜏𝑟𝑟� (some 

example plots can be seen in Figure 2.2B), where Θ(𝛥𝛥)  is Heaviside equation and 

𝜏𝜏𝑑𝑑 , 𝜏𝜏𝑟𝑟 are decay and rising time constant, which control the time of decaying to 0 from 

the peak and the time of rising from 0 to the peak. It may also be modeled as the alpha 

function, Θ(𝑡𝑡)𝑡𝑡
𝜏𝜏𝑠𝑠

�1 − 𝑒𝑒
−𝑡𝑡
𝜏𝜏𝑠𝑠�, in which 𝜏𝜏𝑑𝑑 and 𝜏𝜏𝑟𝑟 are both equal to 𝜏𝜏𝑟𝑟. 

Conductance-based leakage integrate-and-fire model is between HH model and 

leakage integrate-and-fire model. It models the neural dynamics better than the 

leakage integrate-and-fire model, but not as well as the HH model. However, it is less 

computational expensive than the HH model. Thus, this model is widely used in 

computational studies and will also be applied in this thesis.  
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1.1.3  Learning, Memory and Forgetting 

Environment stimulation is translated into a synaptic signal through sensory organs. 

The information is passed to the brain as a synaptic signal. Because neurons have 

different receptive fields, which is a relation between firing rate and stimulation, and 

shows the stimulation preference, a stimulation may cause a particular group of 

neurons to fire and cause a specific pattern to represent the stimulation. A simple way 

is to record the firing pattern as a sequence of 0 and 1, where neuron spike is coded 

as 1 and neuron without spike is coded as 0. An example of firing pattern 

representation is the primary visual cortex. Primary visual cortex neurons have a 

normal distributed receptive field which response to different bar orientation and 

center at different orientation angle [1, 18] (Figure 1.7). As a result, there is one 

corresponding firing pattern that is easiest to be produced by a bar with a specific 

orientation. 
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Figure 1.7  Diagram of the receptive field of a cat visual primary visual cortex. x and y represent the location on 

the retina. 𝐷𝐷𝑟𝑟 is the receptive field value. Receptive field value can be used as a domain to determine neuron firing 

rate. Picture from [1] 

The functional description of memory is the ability to store and retain information. It 

is now widely accepted that memory is physically stored in synapses in the neuronal 

circuits [19]. Different weighted synapses cause neurons responding to different 

stimulus differently and has their own stimulus preference. At the circuit level, as 

different neurons have their own stimulus preference, a specific pattern emerges 

when a particular stimulus is applied. 

Learning is the ability to acquire new knowledge, behaviors, skills, attitudes, etc. 

possessed by humans and animals [20]. At the circuit level, it is done by strengthening 

synapses among neurons having similar stimulus preferences and weakening synapses 

among neurons having different stimulus preferences to form neuronal clusters. The 
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synapse modification changes the spike time cross-correlation between neurons, 

where neurons tend to fire together within the clusters. The spiking pattern hence 

represents the stimulation and codes the memory. The variance of firing pattern 

among retrieval defines the learning quality [21]. The learning process can be 

separated into different stages. First, information is encoded as working memory or 

short-term memory, which is a kind of memory that can hold around seven items and 

lasts for seconds [22–24] by a mechanism called short-term plasticity [19, 25] which 

does not change the network structure. Second, if short-term memory is held for a 

long enough time, synaptic strength in the neural circuit starts to be modified. 

Memory is encoded into the connection structure of the neural circuit and becomes 

long-term memory [19, 21, 26]. The circuit structure stability determines how long a 

long-term memory can last, which can be the whole lifetime [27] and too high stability 

induces a loss of learning ability, in contrast, too low stability makes the circuit unable 

to retain memory. 

Forgetting, the loss of memory, can be classified into two types. First, memories 

encoded are lost which can be caused by synapses loss or improper modification of 

synaptic weight. Second, memories do not lose, but there are difficulties to retrieve 

memories which may happen when the density of the circuit is too sparse [28]. The 

two cases mentioned can happen together. Forgetting can be caused by aging or 
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diseases, such as dementia, and implied as no specific pattern emerging when a 

repeating stimulus is applied in the neural circuit. 

 

1.1.4  Persistent Activity and Synfire Chain 

Working memory, memory in the shortest timescale that can hold finite information 

for a timescale of seconds to assist us to finish the hands-on work, is functioned in the 

prefrontal cortex [23]. The neural circuit within the prefrontal cortex is separated into 

different memory clusters, which have strong connections within clusters, to represent 

different memories (each cluster represents one memory) [19, 23, 29]. The 

strengthened synapses within clusters induce bi-stability, which are low and high 

activity states respectively, to the clusters [19, 30, 31]. Memories are normally stayed 

at low activity state and can be activated into high activity state through external 

stimulation (cue stimulation) (Figure 1.8A) [19, 23, 30, 31]. It is similar to outer world 

stimulus in our daily life and triggers us to recall our memory. The memory cluster will 

stay at high activity state even the external stimulation is removed (persistent activity 

in delay period) (Figure 1.8A), which represents that the memory can be held. The high 

activity state would return to the low activity state when we finish our work (respond 

period) (Figure 1.8A). It represents the situation that the recalled memory is still in our 

mind until we finish our work, even the outer world stimulus disappears. 
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Figure 1.8 Persistent activity and synfire chain. (A): Persistent activity found in prefrontal neurons during the 

Oculomotor Tasks of monkeys. C, D, R at the top indicate cue, delay, and respond period respectively. Stimulus is 

only applied at the cue period. The reward is given in the response period. Top is a raster of 6 neurons. Bottom is 

the firing rate of the neurons. Picture form [23]. (B): Sequential spiking in the hippocampus of a mouse during maze 

exploration and sleeping. Top panel shows pictures of 6 neurons. Bottom panel shows pictures of the firing average 

among different trials. Picture from [32]. 

In some situations, the high firing activity may appear in different memory clusters in 

sequent (Figure 1.8B), but not localized in one memory cluster, and this sequential 

spiking is called synfire chain [33, 34]. For example, during the sleep of mouse after 

spatial navigation task, that requests the mouse to be familiar with the trajectory they 

walked past when they are awake, the neurons fire in a sequence similar to walking  

past the trajectory [32, 33]. It is believed that each neuron represents a memory of 

location and the sequential spiking during sleep is a memory replay of walking past the 

trajectory.  
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1.1.5 Synaptic Plasticity 

Synaptic plasticity, which means synaptic strength varies with time, contributes to 

encoding [21] and E-I balance[35]. There are different kinds of plasticity working on 

different synapses and different time scales. Here we will focus on short-term and 

long-term plasticity. 

 

A Short-Term Plasticity 

Short-term memory, which is governed by short-term plasticity (STP), performs as an 

increased firing rate within a group of neurons while the others maintain irregular 

firing with a low firing rate at the neural circuit level. This increased firing rate is called 

persistent firing. Short-term plasticity is the mechanism that generates persistent firing 

through a temporal change of neurotransmitter release or receptor activation 

probability. STP is further divided into pre-synaptic STP and post-synaptic STP which 

happens at pre-synapse and post-synapse, respectively. In the next two sub-sections, 

pre-synaptic and post-synaptic STP mechanisms and their models will be introduced. 

 

I Pre-synaptic Short-term Plasticity 

Pre-synaptic STP can facilitate or depress a synapse lasting for hundreds to a thousand 

milliseconds. Pre-synaptic STP is a mechanism related to neurotransmitter release 
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probability change within a synapse. When an action potential reaches the bouton, 

which is part of pre-synapse, residual calcium ion increases and neurotransmitter 

releases into the clef. After release, neurotransmitters within bouton will be refilled 

within hundreds of milliseconds. The amount of neurotransmitter released depends 

on the residual calcium ion within the bouton, which controls the utilization of 

neurotransmitter (𝑢𝑢), and the percentage of remaining (available) neurotransmitter (𝑥𝑥) 

in the bouton [36]. Depression happens when the neurotransmitters are used faster 

than the refilling rate, while facilitation happens when neurotransmitter utilization 

increases. Therefore, the amount of neurotransmitter is proportional to the product 

𝑢𝑢𝑥𝑥 (Figure 1.9). As the amount of current is proportional to neurotransmitter releases, 

thus, current is also proportional to 𝑢𝑢𝑥𝑥. 

Currently, this STP mechanism is usually modeled as  

 

 

( 1.6) 

 𝑑𝑑𝑥𝑥
𝑑𝑑𝛥𝛥

=
1 − 𝑥𝑥
𝜏𝜏𝐷𝐷

− 𝑢𝑢𝑥𝑥𝑢𝑢(𝛥𝛥 − 𝛥𝛥𝑟𝑟𝑠𝑠), ( 1.7) 

, where U is the baseline of neurotransmitter utilization, is the time constant of 

neurotransmitter refilling, is the time constant of neurotransmitter utilization, and 

is presynaptic neuron firing time. 

Fτ

Dτ

spt
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Figure 1.9 Diagram of Pre-synaptic STP. Y-axis is the change of membrane potential due to synaptic current. X-axis 

is the stimulation frequency to the pre-synapse. Open circuits are the experimental result and the solid line is model 

fitting Eq. ( 1.6), Eq. ( 1.7). Picture from [36]. 

 

II Post-synaptic Short-term Plasticity 

Post-synaptic STP is related to NMDA receptor dynamics. AMPA and NMDA are two 

receptors, locating at post-synapse, responsible for positive ionic current. AMPA 

receptor opens its gate when it binds with neurotransmitters to let ions enter post-

synapse. NMDA has an additional magnesium ion which blocks the entrance of ion in 

low membrane potential conditions [14]. To let ions pass through the NMDA receptor 

requires neurotransmitter binding with the NMDA receptor to open the gate and high 

enough post-synapse membrane potential to remove the magnesium ion blockage. 

NMDA receptor is responsible for generating persistent activity because of its long 

characteristic time (~100ms), which is longer than the GABA (a receptor to generate 

negative current from inhibitory neurons action potential) characteristic time. NMDA 

long characteristic time provides dynamic bifurcation property [37], which means 

neurons have two steady states depending on the initial NMDA current. If the initial 

NMDA current is large, the NMDA receptor’s long characteristic time causes the 
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situation that positive current cannot be balanced by short time scale negative current, 

hence persistent high firing activity emerges. In contrast, if the initial NMDA current is 

small, the excitatory current is dominated by AMPA, which has a shorter characteristic 

time than GABA, and is balanced by inhibitory current, and neuron fires irregularly. 

NMDA receptor dynamics is normally modeled as [38]  

 
, 

 

( 1.8) 

where dynamics of the synaptic gate in the form
 
of 

alpha is (bi-exponential) function and  is the 

dynamics of magnesium ion (Figure 1.10). 

 
Figure 1.10 𝑓𝑓(𝑉𝑉𝑚𝑚) vs. membrane potential 𝑉𝑉𝑚𝑚. Different symbols represent different concentration of magnesium 

ion. 

 

B Long-Term Plasticity 

Long-term memory is encoded by the change of neural circuit structure through long-

term plasticity, which can perform differently in different synapses and different time 
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scales. In the following sub-sections, a few kinds of long-term plasticity will be 

introduced. 

 

I Hebbian Learning 

Hebbian learning, which describes how synapse’s weight changes, was studied by 

Donald Hebb and introduced in his book “The Organization of Behavior” in 1949. 

When neuron A excites neuron B repeatedly, the synapse from neuron A to neuron B 

will be strengthened. This phenomenon was seen in many experiments on excitatory 

to excitatory (E → E) and NMDA receptor excitatory to inhibitory (E → I) connections 

[39–41]. These two kinds of connections have similar plasticity rules because the 

synapse strength modifications of these two connections are controlled by NMDA 

receptors on the post-synaptic spine. This plasticity rule is thought to underlie how the 

brain builds up neuron clusters to respond differently to different stimuli [21, 26, 40, 

42]. In other words, this plasticity explains how the brain learns. The early model of 

Hebbian learning is Bienenstock, Cooper and Munro theory (BCM theory) developed 

in 1981. This rule modeled the change of synaptic strength as 

 , ( 1.9) 

where  is synaptic strength, is pre-synaptic firing rate,  is post-synaptic firing 

rate and  is a threshold between potentiation and depression. 

( )dw uv v
dt

θ= −

w u v

θ
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II Excitatory and NMDA Inhibitory Plasticity 

BCM rule describes the synaptic change caused by the firing rate, which ignores the 

causality of the firing sequence. When neuron A excites neuron B, neuron A has to fire 

before neuron B. However, the BCM rule does not consider this causality. A new model 

taking this causality into consideration was proposed around 2000 [43, 44]. This model 

is called spike-timing-dependent plasticity (STDP) [17, 21, 26]. The modification of 

synaptic strength depends on the relative spiking time difference between pre-

synapse and post-synapse (Figure 1.11A, B). The classical form of STDP rule is 

  ( 1.10) 

 , ( 1.11) 

where  is synaptic strength,  ,   are synaptic trace, whose bio-physical 

foundation is the calcium hypothesis and it will be introduced below, is the time 

constant of synaptic trace, , are constant related to potentiation and depression 

respectively and  is Dirac delta function. 
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j i i j

sp sp

dw
A z t t A z t t

dt
δ δ+ −= − − −∑ ∑

( )spi i
iSTDP

sp

dz z t t
dt

δ
τ

= − + −∑

ijw jz iz

STDPτ

A+ A−

( )tδ



23 
 

Figure 1.11 STDP rule Eq. ( 1.10). A: Y-axis is the change of synaptic weight and x-axis is the spike time difference 

between pre- and post- synapse. Picture from [45]. B: Evolution of synaptic weight, 𝑤𝑤𝑖𝑖𝑖𝑖, connecting presynaptic 

neuron j and postsynaptic neuron I and their synaptic trace, 𝑧𝑧𝑖𝑖 and 𝑧𝑧𝑖𝑖 . Picture from [46]. 

STDP rule takes causality of spiking sequence into account and now is widely used in 

research. STDP is based on the calcium hypothesis, which states that long-term 

potentiation (depression) happens at synapses having high (low) calcium ion 

concentration. The Source of gaining calcium ion is mainly from the NMDA receptor, 

which requires neurotransmitters released by pre-synapse binding to and high enough 

post-synaptic membrane potential to remove the blocking magnesium ion, on the 

post-synaptic surface. When a post-neuron spikes, an action potential is generated and 

passed along the axon, at the same time, a back-propagated action potential is 

generated and traveled to the spine through dendrites which can remove magnesium 

ion that blocks NMDA receptor at low membrane potential. When the two conditions, 

NMDA gate opening and magnesium ion removal, coincident, calcium ion can flow into 

the synapse. Therefore, the pre-post firing sequence (𝑢𝑢𝛥𝛥 = 𝛥𝛥𝑠𝑠𝑝𝑝𝑟𝑟𝑡𝑡 − 𝛥𝛥𝑠𝑠𝑟𝑟𝑟𝑟 > 0 ) is 

important. If neurons fire in pre-post sequence, NMDA receptor gate is opened due to 

neurotransmitter released by pre-synapse and magnesium ion is removed by back-

propagated action potential generated which let calcium ion flow into synapse and 

calcium concentration may stay at a high level and potentiation happens. If neurons 

fire in post-pre sequence (𝑢𝑢𝛥𝛥 = 𝛥𝛥𝑠𝑠𝑝𝑝𝑟𝑟𝑡𝑡 − 𝛥𝛥𝑠𝑠𝑟𝑟𝑟𝑟 < 0) , receptor gate opening and 
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magnesium removal do not happen simultaneously. Calcium ions cannot flow into the 

synapse and the concentration may stay at a low level and depression occurs. However, 

the dynamics of the STDP rule are unstable because the STDP rule itself is a positive 

feedback mechanism. Once a synapse is potentiated (depressed), the post-synaptic 

neuron has a higher (lower) chance to be excited by the corresponding pre-synaptic 

neuron and this excitation will further strengthen (weaken) the synapse. Therefore, 

STDP causes the synaptic strength to either increase forever or reduce to zero. Many 

researches have focused on finding a biophysical mechanism that stabilizes the STDP 

rule [45, 47]. One of the candidates is heterosynaptic plasticity [21, 26, 48, 49] which 

states that every time a neuron spike, its post-synaptic weights that receiving input 

from other neurons are all reduced a little bit. It counteracts long-term potentiation 

when long-term potentiation and heterosynaptic plasticity are equal. The synaptic 

strength becomes stable. 

 

1.1.6 Neural Oscillation 

Oscillations in neurophysiological signals within different frequency bands, a 

commonly observed cross-species phenomenon in the animal brain, are behaviorally 

relevant [50–53]. Specific frequency bands neural oscillation can be detected in 

specific brain regions during performing tasks or at the resting state. For example, 
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alpha oscillations (8-12Hz) can be detected in occipital electroencephalography (EEG) 

signal when humans are in an eye-closed state and beta oscillation (15-30Hz) is 

detected when eyes are open [50]. In the neural circuit, oscillation is generated by 

collective membrane potential and can be measured as local field potential on the 

brain tissue. 

There is much experimental evidence that gamma (>30Hz) and theta (4-7Hz) 

oscillations are memory-related. For long-term memory tasks, gamma power in the 

hippocampus is found stronger during successful encoding new item [54, 55], while 

theta power is found stronger during attention [54, 56]. Theta-gamma coupling, 

gamma oscillation nested by theta oscillation (Figure 1.12), has been shown to be 

stronger in retrieving later remembered items than later forgotten items [54, 57, 58]. 

For working memory tasks, gamma and theta oscillation are found to increase during 

the delay period [55, 59, 60]. Moreover, the strength of the theta-gamma frequency 

coupling can predict the working memory performance [61]. In contrast, loss of 

gamma band oscillations during memory retrieval is also a common feature of 

memory-related synaptic lesions [51, 62, 63], like Alzheimer's disease and dementia. 
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Figure 1.12 Illustration of theta nested with gamma of hippocampus signal. Magenta (30 to 90 Hz) and green (90 

to 150 Hz) solid lines show filtered signal and dash lines represent the spectrum power. Picture from [64].  

The originate of gamma oscillation found in the hippocampus is still in debate, but 

there are three mechanisms frequently used in modeling, which are clock-like coupled 

interneuron oscillators, sparely synchronous recurrent interneuron population and 

reciprocally excitatory-inhibitory network [65], while theta power in the hippocampus 

is thought to be driven by medial septum [66]. Clock-like coupled interneuron 

oscillator makes use of tonic input, thus a single interneuron firing periodically at 

gamma frequency. Due to mutual inhibition, the inhibitory neurons would be quickly 

synchronized. If the input is not synchronized, strong inhibitory recurrent makes the 

asynchronous state unstable and oscillation appears. Reciprocally excitatory-inhibitory 

networks can induce synchrony through interaction between excitatory and inhibitory 

neurons to produce oscillation. 

 

1.1.7 Aging, Degeneration and Amyloid-beta 

Aging is happening to everyone every second. Alzheimer’s disease (AD) is believed to 
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happen to everyone, just a matter of being sooner or later [67, 68]. It is currently 

agreed that the cause of AD is the aggregation of amyloid-β (Aβ) monomers into 

solvable amyloid-β oligomer [69–71] which would break down synapses [72, 73]. As a 

note that Aβ monomers and plaque do not cause damage [74], only Aβ  oligomer 

does, and the aggregation process is irreversible. Brain circuit connectivity would thus 

be reduced which causes neural circuit dysfunction [72]. Connectivity reduction can 

induce loss of bifurcation property, which is the theoretical basis of persistent activity 

introduced in Section A. The influences of Aβ can cross different levels as introduced 

below. 

At the neuron level, Aβ reduces action potential peak and width [75, 76] (Figure 1.13). 

Intuitively, circuit activity must reduce due to the reduction in recurrent excitation 

caused by a reduction in action potential peak and width. However, this reduction does 

not affect the total number of spikes in acute brain slices because more neurons are 

involved in response to stimulus [77, 78]. It may relate to homeostatic modulation of 

the circuit inhibition to maintain the sensitivity to the outer world. 
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Figure 1.13 Membrane potential changes due to stimulation for wild type and AD mouse. The deep color line and 

light color line represent the wild type and AD mouse experimental fitting respectively. Picture from [78]. 

At the synapse level, a suitable amount of Aβ can increase the probability of synaptic 

vesicle release [79]. Synapses are potentiated, which may be good for signal processing 

(Figure 1.14). However, a high amount of Aβ may potentiate synapses too much [28]. 

It would cause desensitization of receptors [69] which reduces neurotransmitter 

recycle rate and causes spillover. Spillover neurotransmitters activate peri-synaptic 

receptors in the inter-synaptic region which can induce synaptic depression [80]. 

Finally, synapses are lost and symptoms of Alzheimer’s disease show up.  

 
Figure 1.14 Hypothetic relation between Aβ level and synaptic activity. Picture from [69]. 

At the network level, Aβ increases brain activities by sprouting inhibition in the 
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network [72] in young subjects. It is hypothesized that increased brain activities can 

improve subjects’ performance in different tasks, thus it may be beneficial [22, 81–83]. 

However, increasing brain activities also produce more Aβ monomers [71, 84, 85], 

which would have more chance to aggregate into oligomer and plaque [72, 74]. As 

more Aβ is produced when increasing brain activities, the speed of Aβ oligomer 

aggregation is accelerated. Increased activities cause the brain to keep excited and 

disturb sleeping quality, which is a natural process to remove the Aβ monomer [67, 

86]. When Aβ oligomer concentration increases to a certain level, Aβ oligomer starts 

to diminish synapses [69, 71]. Gamma oscillation starts to reduce [51, 62, 87, 88]. It is 

found that stimulating the brain with gamma activity can improve AD symptoms by 

reducing Aβ production, restore excitatory-inhibitory balance and compensate for lost 

gamma power [51, 62, 63, 88]. 

1.2 Open Questions 

As mentioned above in the background, memories are clusters in neural networks 

formed by synaptic plasticity, which depends on the spike timing in the circuit 

regulated by the collective neural oscillation at the circuit level, and is accompanied by 

gamma oscillation. The origin of gamma oscillation is not well understood. Moreover, 

traditionally, researchers focus on plasticity on excitatory-excitatory ( E → E ) 

connections. It was found recently that inhibitory connections should also play a role 
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in memory processing [89–91]. However, the role of inhibitory plasticity is still in 

debate. Other than oscillation and plasticity, the neural circuit also varies its 

connectivity in lesion conditions. Connectivity variation can induce bifurcation in 

dynamics, which is the theoretical basis of the persistent activity of working memory. 

Where is the transition point of this dynamics? What is the relationship between 

connectivity reduction caused by lesion and synaptic plasticity? We aim to focus on 

plasticity, gamma oscillation, and connectivity effects on the neural circuit to 

contribute to addressing the question of how the brain encodes, consolidates and 

retains memory. 

 

1.2.1 Effect of Gamma Oscillation During Learning in Neural Circuit Level 

Gamma oscillation is frequently observed in experiments to accompany learning [54, 

58, 92] and has been shown beneficial in information processing [93–96], while 

learning is a process of modification of neural network structure to form clusters at 

circuit level which phenomenally can be explained by plasticity [40, 43, 97]. However, 

the relationship between learning and gamma oscillation is unclear yet. Moreover, 

when the network structure is changed by plasticity, the neural dynamics will change 

right after. The dynamics change then comes back to affect the plasticity, which causes 

a self-organized process, but how plasticity interacts with gamma oscillation is still not 
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well understood. Therefore, we want to study the relationship between learning and 

gamma oscillation and explore the mutual interaction between gamma oscillation and 

plasticity.  

 

1.2.2 Effects of Inhibitory Plasticity on Neural Network 

Plasticity modifies synapses in different timescales and with different mechanisms. In 

most of the literature, the study of plasticity has focused on excitatory to excitatory 

(E → E) plasticity [98, 99]. It is known that E → E plasticity is able to form a memory 

cluster [100]. The role of inhibitory neurons in building memory clusters is still a 

mystery, though inhibitory neuron plasticity has been found for a long time [101, 102]. 

There is also evidences that inhibitory plasticity plays a role in memory formation [103]. 

It was found in the experiment that when the excitatory to inhibitory (E → I) plasticity 

is blocked, the memory consolidation ability of mice is affected [104]. During a 

conditional learning task, inhibit inhibitory neurons during the conditional stimulus 

and unconditional stimulus have different outcomes in learning [105]. It is also found 

that blocking feedforward E → I  plasticity can disturb long-term memory 

consolidation while it does not affect working memories [104]. However, how memory 

cluster formation is affected by 𝑔𝑔 → 𝐼𝐼 plasticity is not known yet. Why feedforward 
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𝑔𝑔 → 𝐼𝐼  plasticity affects long-term memory only, but not working memory? Which 

dynamics does it involve during learning?  

 

1.2.3 Effect of Connectivity Lesion on Memory Learning and Retrieval 

Neural network dynamics and function are very sensitive to connectivity [106] which 

is a crucial parameter for attractor dynamics [107, 108] underlying the working 

memory mechanism through short-term plasticity [19, 109]. When memory clusters 

are built up, there are two attractors for each memory cluster. One is the silence state, 

where memory is not retrieved and the other one is the active state, where memory 

is being retrieved [37, 110]. Connectivity also relates to AD. It is already known that 

AD reduces patients’ brain connectivity [69, 71, 72, 79, 90, 111]. Plasticity as a 

mechanism in modifying synaptic weight should play a crucial role in brain connectivity 

reduction. An experimentally found biochemistry mechanism has been proposed to 

induce AD synaptic reduction [69, 71]. Aβ, a chemical that is believed to cause AD, 

elevates the neurotransmitter emission. Pathologically neurotransmitter elevation 

causes desensitization of receptors [69], which reduces uptake of neurotransmitters 

and causes spillover. Spillover neurotransmitters activate the peri-synaptic pathway, 

which is a pathway to induce long-term depression (LTD) [80]. Finally, synapses are lost. 

When synapses are lost, bifurcation dynamics may be destroyed, and consequently, 
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retrieval of memory, which is performed as persistent activity in the circuit, may 

become difficult. When there is difficulty in maintaining persistent activity, it may be 

difficult to learn new memory either, because the circuit can only be shaped when 

stimulus can induce a significant change of dynamics, e.g., generating persistent 

activity to induce synaptic potentiation in a longer timescale. Therefore, we would like 

to study how does connectivity reduction affect neural plasticity and memory 

performance? When will the critical point of bifurcation happen as the connectivity is 

reduced? 

 

1.3 Objectives of The Thesis 

This thesis aims to address the above open questions through the following Objectives.  

 

1.3.1 Study Interaction Between Gamma Oscillation and Spike-timing-dependent 

Plasticity 

It is widely accepted that processing information during learning requires gamma band 

oscillation in the hippocampus [93–96]. However, the relationship between gamma 

band oscillation and learning is not clear yet. Moreover, the mechanism of generating 

gamma oscillation is still in debate. Furthermore, although plasticity in the neural 

circuit is widely used to explain cluster formation in both the prefrontal cortex and 
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hippocampus during the learning process [40, 43, 97], the effect on neural dynamics 

through plasticity is elusive. It is important to understand how gamma oscillation 

works in processing information, which neural circuit dynamics is involved in. On the 

other hand, neural circuit dynamics are highly affected by the neural network structure 

through plasticity.  

Therefore, we will study how circuit structure affects circuit properties such as 

oscillations, how diverse circuit properties would affect circuit structure through 

plasticity, and how network dynamics and structure co-evolve in the presence of 

plasticity.  

 

1.3.2 Study the Role of Hebbian NMDA Feedforward Inhibitory Plasticity in 

Memory Coding 

Memory consolidation involves different brain regions where neocortex, thalamus, 

hippocampus, and locus coeruleus are already known to be involved in memory 

consolidation during sleep [112]. The medial temporal lobe stores recent memories 

and the neocortex stores remote memories and recent memories are transferred into 

remote memories by replaying the neural firing patterns during sleep. It means 

communication between different local circuits is crucial for memory consolidation. 

How to map a memory cluster to another memory cluster from one local circuit to 
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another local circuit without mixing up different memory items and to maintain fidelity 

are important issues. The first thing popping up should be connecting excitatory 

neurons in different local circuits to form a feedforward network. However, 

feedforward networks are easy to be overexcited, and memory items can hardly 

distinguish from each other. Feedforward inhibition and its plasticity are found in 

experiments in recent years [104]. It is also found in mice experiments that blocking 

feedforward inhibitory plasticity by kicking out genes producing essential chemicals 

for feedforward inhibitory plasticity can disturb memory consolidation while working 

memories are not affected [104]. Therefore, we will study how memories are 

consolidated through mapping memory clusters from one circuit to another to reveal 

the functional role of feedforward inhibitory plasticity in memory consolidation.  

 

1.3.3 Study Interaction Among Connectivity Changes, Plasticity and Oscillation on 

Neural Network Dynamics Underlying Memory Maintenance, Retrieval and 

Alzheimer’s Disease 

Memory clusters are normally built by strengthening synaptic strength between 

neurons which produces bifurcation property. There are two steady states, which are 

low activity state representing inactivation of memory and high activity state 

representing activation of memory. However, when synaptic strength or connectivity 
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is lower than a threshold, high activity state would disappear. 

This is similar to symptoms in AD patients’ brain circuits. Synapse density in AD 

patients is much lower than normal persons [68, 69]. From the prediction of the theory 

of persistent activity, too low synapse density causes the disappearance of memory 

activation state [19, 37]. It means the memory cannot be activated by the stimulus. It 

would perform as forgetting things, which is a common symptom among AD patients. 

Therefore, there should be a bifurcation/phase transition with synapse density as a 

bifurcation parameter. We plan to study the transition of this bifurcation. When does 

it happen? What is the effect of the dynamic patterns in sparse networks on plasticity 

and memory coding? What is the relationship between synaptic strength which is 

related to the learning ability of the patient? By answering these questions, we hope 

to provide more understanding about AD from the interplay between network 

structure, dynamics, and their coevolution by synaptic plasticity in neural circuit 

models.    

 

1.4 Reading Guide 

The studies in this thesis are all about neural plasticity, but plasticity may involve 

different situations and in different forms. Below I make a brief guideline of the 

following chapters to give the readers an idea about the overall organization of the 
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thesis. 

We start from a learning process, without considering memory recall in Chapter 2 to 

study the relationship between gamma oscillation and spike-timing-dependent 

plasticity (STDP) in a local circuit. The plasticity involved is recurrent E → E STDP. This 

chapter is related to open question 1.2.1. 

After that, we move to a memory consolidation process in Chapter 3 to study the 

function of feedforward inhibitory plasticity in a two-layer circuit. The plasticity 

involved includes recurrent E → E STDP and feedforward E → I STDP. This chapter 

is related to open question 1.2.2. 

Finally, we shift to a forgetting process in the lesion circuit in 0 to study the connectivity 

reduction effect in the learning and recall process in a local circuit. The plasticity 

involved is recurrent E → E STDP. This chapter is related to open question 1.2.3. 

The neuron models and plasticities used in different chapters are similar but there are 

still differences. Thus the models and plasticity rules will be introduced in the Materials 

and Methods within each chapter and the differences will be pointed out.   
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Chapter 2 Interaction Between Gamma Oscillation and 

Spike-timing-dependent Plasticity 

This Chapter is related to open question 1.2.1 and objective 1.3.1 about the 

relationship between learning and gamma oscillation and explores the interaction 

between gamma oscillation and plasticity. 

In this Chapter, learning is studied in neural networks through STDP [21, 113], a 

plasticity rule which describes changes of synaptic strength based on the spiking time 

difference of neurons. Previously, the triplet STDP rule, heterosynaptic plasticity, and 

other plasticity rules are used together to study cell assemblies and memory recall in 

[21]. Moreover, it was shown that the triplet STDP rule can account for the firing 

frequency dependence of spiking [21, 39], which is not considered in the traditional 

pair-based STDP rule [46, 114], and heterosynaptic plasticity can prevent an explosive 

increase of synaptic weight [48, 49]. Excitation-inhibition neural circuit with synaptic 

kinetics can generate network oscillation with a wide frequency range [54, 58, 65, 107, 

115, 116], which can generate gamma oscillations under suitable network parameters. 

Gamma oscillation has been shown beneficial for information processing [93–96], but 

these studies focus on plasticity between external inputs and receiving neurons, and 

the interaction between gamma oscillation and plasticity to form a stable cluster 

within a recurrent circuit is not well understood. In this chapter, we used integrate-
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and-fire neurons in an excitation-inhibition circuit with synaptic kinetics to study 

plasticity (triplet STDP, heterosynaptic plasticity, and transmitter-induced plasticity) 

effects, how gamma oscillation is generated and how gamma oscillation mutually 

interacts with plasticity during the learning. 

The main contents of this Chapter are from my published and first-authored work [117], 

where I designed the model, did the simulations and analysis, and wrote the paper. 

 

2.1 Materials and Methods 

2.1.1 Neural Circuit Model 

A Network And Circuit Dynamics  

Our model circuit is composed of 2400 neurons, with 2000 excitatory (E), 𝑛𝑛𝐸𝐸 , and 400 

inhibitory (I), 𝑛𝑛𝐼𝐼, neurons. Neurons are connected randomly with directed synapses 

with probability 𝑝𝑝 = 0.2 . Each neuron receives background input from 400 

independent Poisson trains of rate 𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 = 2.5𝐻𝐻𝑧𝑧 . Neural dynamics in the 

network is modeled by conductance-based integrated-and-fire neurons [9] as  

 𝜏𝜏𝑘𝑘
𝑑𝑑𝑉𝑉𝑖𝑖𝑘𝑘

𝑑𝑑𝛥𝛥
= 𝑉𝑉𝐿𝐿 − 𝑉𝑉𝑖𝑖𝑘𝑘 + 𝐺𝐺𝑖𝑖𝐸𝐸→𝑘𝑘(𝛥𝛥)�𝑔𝑔𝐸𝐸 − 𝑉𝑉𝑖𝑖𝑘𝑘� + 𝐺𝐺𝑖𝑖𝐼𝐼→𝑘𝑘(𝛥𝛥)(𝑔𝑔𝐼𝐼 − 𝑉𝑉𝑖𝑖𝑘𝑘) ( 2.1) 

 𝐺𝐺𝑖𝑖𝐼𝐼→𝑘𝑘(𝛥𝛥) = 𝜏𝜏𝑘𝑘 ��𝑤𝑤𝑖𝑖→𝑖𝑖𝑆𝑆𝐺𝐺𝐴𝐴𝐺𝐺𝐴𝐴�𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛�
𝑛𝑛𝑖𝑖∈𝜕𝜕𝑖𝑖

𝐼𝐼
 ( 2.2) 
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𝐺𝐺𝑖𝑖𝐸𝐸→𝑘𝑘(𝛥𝛥) = 𝜏𝜏𝑘𝑘 �� �𝑔𝑔𝑂𝑂→𝑘𝑘𝑆𝑆𝐸𝐸(𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛)

𝑛𝑛𝑖𝑖∈𝜕𝜕𝑖𝑖
𝑂𝑂

+ � �𝑤𝑤𝑖𝑖→𝑖𝑖𝑢𝑢𝑖𝑖(𝛥𝛥)𝑥𝑥𝑖𝑖(𝛥𝛥)�𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴�𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛�
𝑛𝑛𝑖𝑖∈𝜕𝜕𝑖𝑖

𝐸𝐸

+ 𝑆𝑆𝑁𝑁𝐴𝐴𝐷𝐷𝐴𝐴�𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛���. 

    

( 2.3) 

Here 𝑘𝑘 = 𝑔𝑔 or 𝐼𝐼 denotes the neuron type and 𝜕𝜕𝑖𝑖𝑘𝑘 indicates the 𝑘𝑘 neighbors of 𝑖𝑖 

neuron. 𝑉𝑉𝑖𝑖𝑘𝑘(𝛥𝛥)  is membrane potential of neuron 𝑖𝑖  and 𝛥𝛥𝑖𝑖𝑛𝑛  is the n-th spike of 

neuron 𝑖𝑖. 𝑤𝑤𝑖𝑖→𝑖𝑖 is the synaptic strength from pre-synaptic neuron 𝑗𝑗 to post-synaptic 

neuron 𝑖𝑖, and their initial values are set as 

𝑤𝑤𝑖𝑖→𝑖𝑖 =

⎩
⎪
⎨

⎪
⎧𝑔𝑔

𝐸𝐸→𝐸𝐸 ,  𝑖𝑖 ∈ 𝑔𝑔 ,  𝑗𝑗 ∈ 𝑔𝑔
𝑔𝑔𝐼𝐼→𝐸𝐸 ,  𝑖𝑖 ∈ 𝑔𝑔 ,  𝑗𝑗 ∈ 𝐼𝐼
𝑔𝑔𝐸𝐸→𝐼𝐼 ,  𝑖𝑖 ∈ 𝐼𝐼 ,  𝑗𝑗 ∈ 𝑔𝑔
𝑔𝑔𝐼𝐼→𝐼𝐼 ,  𝑖𝑖 ∈ 𝐼𝐼 ,  𝑗𝑗 ∈ 𝐼𝐼

 

During the simulation, 𝑔𝑔𝐸𝐸→𝐸𝐸changes according to the plasticity rules illustrated below. 

The synaptic time course is described by a bi-exponential function with two 

characteristic time constants, the rising time constant 𝜏𝜏𝑟𝑟𝑘𝑘 and decay time constant 

𝜏𝜏𝑑𝑑𝑘𝑘, both depending on the type of pre-synaptic neurons. It takes the form 

 
𝑆𝑆𝑘𝑘(𝛥𝛥) =

Θ(𝛥𝛥 − 𝜏𝜏𝑙𝑙)
𝜏𝜏𝑑𝑑𝑘𝑘 − 𝜏𝜏𝑟𝑟𝑘𝑘

�𝑒𝑒
−𝑡𝑡−𝜏𝜏𝑙𝑙
𝜏𝜏𝑑𝑑
𝑘𝑘 − 𝑒𝑒

−𝑡𝑡−𝜏𝜏𝑙𝑙
𝜏𝜏𝑟𝑟𝑘𝑘 �, ( 2.4) 

where Θ(𝛥𝛥) is Heaviside function. We used excitatory synaptic time constant ranging 

from 𝜏𝜏𝑑𝑑𝐸𝐸 = 3~90𝑚𝑚𝑚𝑚. It is biologically realistic because AMPA receptors have a smaller 

synaptic time constant at about 5 ms [118] and NMDA receptors have a large synaptic 
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time constant at around 100ms [110]. Thus, an effective combination of AMPA and 

NMDA receptors gives the excitatory synaptic time constant lying in the range we 

studied in this Chapter and the value of 𝜏𝜏𝑑𝑑𝐸𝐸  is biologically determined by the ratio 

between these two receptors. Furthermore, we used 𝜏𝜏d𝐼𝐼 = 10𝑚𝑚𝑚𝑚, approximately the 

time constant of a major inhibitory receptor, the GABAa [119]. Different shapes of 

synaptic current Eq. ( 2.4) are shown in Figure 2.2B. 

 

B Short-term Synaptic Plasticity  

We adopted pre-synaptic short-term plasticity (STP) in the model, which has been 

introduced in 1.1.5I. It is described by two variables, the amount of 

neurotransmitter 𝑥𝑥𝑖𝑖 and its release probability per spike  𝑢𝑢𝑖𝑖, which are associated 

with their time constants 𝜏𝜏𝐷𝐷 , the depression time constant, and 𝜏𝜏𝐹𝐹, the facilitation 

time constant.  In general, 𝜏𝜏𝐹𝐹 ≫ 𝜏𝜏𝐷𝐷  holds. These variables are governed by the 

following equations 

 
𝑑𝑑𝑢𝑢𝑖𝑖(𝛥𝛥)
𝑑𝑑𝛥𝛥

=
𝑈𝑈 − 𝑢𝑢𝑖𝑖(𝛥𝛥)

𝜏𝜏𝐹𝐹
− 𝑈𝑈(1 − 𝑢𝑢𝑖𝑖(𝛥𝛥))𝑆𝑆𝑖𝑖(𝛥𝛥) ( 2.5) 

 
𝑑𝑑𝑥𝑥𝑖𝑖(𝛥𝛥)
𝑑𝑑𝛥𝛥

=
1 − 𝑥𝑥𝑖𝑖(𝛥𝛥)

𝜏𝜏𝐷𝐷
− 𝑢𝑢𝑖𝑖(𝛥𝛥)𝑥𝑥𝑖𝑖(𝛥𝛥)𝑆𝑆𝑖𝑖(𝛥𝛥), ( 2.6) 

where 𝑢𝑢(𝛥𝛥)  is Dirac delta function and 𝑆𝑆𝑖𝑖(𝛥𝛥) = ∑ 𝑢𝑢(𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛)𝑛𝑛   is the spike train of 

neuron 𝑖𝑖 . According to the firing history of neurons, short term potentiation or 

depression [19, 120–122] can be induced by the change (accumulation and release) of 
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neurotransmitter 𝑥𝑥𝑖𝑖  and the change of release probability 𝑢𝑢𝑖𝑖   ,which in turn 

temporal change the synaptic efficacy. 

 

C Long-term Plasticity Rule 

This synaptic weight changes according to the integrative plasticity mechanism, 

modeled by a triplet spike-timing-dependent plasticity (STDP), plus heterosynaptic 

plasticity and transmitter-induced plasticity [21]. In our model, the plasticity rule is 

applied to all E to E synapses in the recurrent network. That is, for two excitatory 

neurons 𝑖𝑖, 𝑗𝑗, their synapse evolves according to 

 𝑑𝑑𝑤𝑤𝑖𝑖→𝑖𝑖
𝑑𝑑𝛥𝛥

= 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ �𝐴𝐴𝑧𝑧𝑖𝑖𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠� − 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ (𝐵𝐵𝑧𝑧𝑖𝑖)���������������������
Triplet STDP

− 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ 𝛽𝛽𝑧𝑧𝑖𝑖3�𝑤𝑤𝑖𝑖𝑖𝑖 − 𝑤𝑤���������������
Heterosynaptic plasticity

+ 𝑢𝑢1 𝑆𝑆𝑖𝑖(𝛥𝛥)�����
Transmitter

induced plasticity

 

 

   

( 2.7) 

 
𝑑𝑑𝑧𝑧𝑖𝑖
𝑑𝑑𝛥𝛥

= −
𝑧𝑧𝑖𝑖

𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴
+ 𝑆𝑆𝑖𝑖(𝛥𝛥) ( 2.8) 

 
𝑑𝑑𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠

𝑑𝑑𝛥𝛥
= −

𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠

𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴_𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠
+ 𝑆𝑆𝑖𝑖(𝛥𝛥) ( 2.9) 

In the simulation, we set a lower bound of each synaptic weight as 0.001 to prevent 

negative and zero values.  

The plasticity modifies synaptic weight according to pre-synaptic and post-synaptic 

traces. Each neuron 𝑖𝑖 is accompanied by two synaptic traces, the fast synaptic trace 

𝑧𝑧𝑖𝑖 and the slow synaptic trace 𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠. They increase by a unit when the neuron has a 
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spike and decays to zero with fast and slow time constants, i.e. 𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴, 𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴_𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠 

respectively. Apart from the commonly used fast synaptic trace, we also adopted a 

slow synaptic trace, which is first introduced in [39]. Slow synaptic trace gives rise to 

the spiking frequency dependence of plasticity and it can better match with 

experimental results [21, 39]. The first term in the right-hand-side (RHS) of Eq. ( 2.7) is 

the triplet STDP that potentiates synapse by an amount of 𝐴𝐴𝑧𝑧𝑖𝑖𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠  every time a 

post-synaptic neuron fires and depresses synapse by an amount of 𝐵𝐵𝑧𝑧𝑖𝑖  every time a 

pre-synaptic neuron fires, where 𝐴𝐴  and 𝐵𝐵  are long–term potentiation and 

depression rates respectively. In general, considering the effect of a spike in pre-

synaptic neuron at time 𝛥𝛥𝑠𝑠𝑟𝑟𝑟𝑟
𝑟𝑟𝑠𝑠  and a spike in post-synaptic neuron at time 𝛥𝛥𝑠𝑠𝑝𝑝𝑟𝑟𝑡𝑡

𝑟𝑟𝑠𝑠 , the 

synapse linking these two neurons are potentiated when 𝛥𝛥𝑠𝑠𝑝𝑝𝑟𝑟𝑡𝑡
𝑟𝑟𝑠𝑠 − 𝛥𝛥𝑠𝑠𝑟𝑟𝑟𝑟

𝑟𝑟𝑠𝑠 > 0  and 

depressed when this difference is negative.  Imposing a triplet STDP alone is in 

general unstable in synapse evolution. This is because for STDP between excitatory 

neurons, potentiated (depressed) synapses tend to induce more (less) spiking of the 

post-synaptic neurons, which in turn potentiates (depress) this synapse. Such a 

positive feedback effect makes the synapse weights diverge. A solution to stabilize 

triplet STDP is to let it works with other plasticity rules together. The general rule that 

can stabilize STDP was introduced in [45, 47]. Zenke et. al. [21] used heterosynaptic 

plasticity, described by the second term on the RHS of Eq. ( 2.7), to stabilize triplet 
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STDP. Every time when a post-synaptic neuron spikes, the heterosynaptic plasticity 

reduces the synaptic strength by an amount of  𝛽𝛽𝑧𝑧𝑖𝑖3�𝑤𝑤𝑖𝑖𝑖𝑖 − 𝑤𝑤�� , with 𝛽𝛽   being a 

learning rate and 𝑤𝑤�   being the target synaptic weight value. The heterosynaptic 

plasticity rule was found in experiment [48, 49], which suggests that it works in high 

spiking frequency domain, therefore, a cubic exponent for post-synaptic trace, 𝑧𝑧𝑖𝑖3, is 

used. Transmitter-induced plasticity, the third term in the RHS of Eq. ( 2.7), prevents 

neurons from silence. It may represent spine growth [123] or a kind of long term 

potentiation to counteract Hebbian long term depression [124]. Its effect is not crucial 

for our study in this Chapter since we study relatively short simulation time ~100s. 

 

D Learning and Memory Encoding 

We encoded the memory into the network during learning by adding stimulus to a 

subset of neurons in addition to background input, which facilitates the formation of 

a cluster structurally by these neurons. Unless otherwise specified, at 𝛥𝛥 = 30𝑚𝑚 , an 

extra stimulation input representing a learning signal is applied to 200 chosen 

excitatory neurons to model the coding of a single memory. For those chosen neurons, 

their background rate is increased from 𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑  to 𝑓𝑓𝑟𝑟𝑡𝑡𝑖𝑖𝑚𝑚 = 𝐴𝐴𝑚𝑚 × 𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 

(Figure 1.1A), where 𝐴𝐴𝑚𝑚 is an augment factor. This extra stimulation input lasts until 

𝛥𝛥 = 100𝑚𝑚 and the background rate of the chosen neurons is tuned to 0.5𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 
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lasting for 2𝑚𝑚 to remove persistent activity [19, 37].  After that, their background 

input is tuned back to the default rate 𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 (Figure 1.1B) and the simulation 

is ended at 𝛥𝛥 = 110𝑚𝑚. 

The biological meaning and value of parameters in our model are summarized in Table 

2.1. 

 

 
Figure 2.1 Shematic diagram of learning. (A): Learning phase. Simulation signal 𝑓𝑓𝑟𝑟𝑡𝑡𝑖𝑖𝑚𝑚 is applied to chosen neurons. 

The other neurons receive background input 𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑. in time interval (30, 100]s. (B): Memory validation phase. 

Memory cluster is formed and the simulation signal 𝑓𝑓𝑟𝑟𝑡𝑡𝑖𝑖𝑚𝑚 is removed and all neurons received background input 

𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑  in time interval (102, 110]s. 

 

2.1.2 Statistical Index and Analysis 

A Spike Count Series  

For analyzing neural dynamics, we first constructed the neuron spike train series as 

follows. The time axis is first divided into consecutive time windows with sizes Δ𝛥𝛥 =

600𝑚𝑚𝑚𝑚. The number of spikes of neuron 𝑖𝑖 is then counted in each window to obtain 

a discrete sequence 𝑁𝑁𝑖𝑖(𝛥𝛥), which is designated as the spike count series of neuron 𝑖𝑖 
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with time window size Δ𝛥𝛥.  

Furthermore, we defined a binary spiking series 𝐵𝐵𝑖𝑖(𝛥𝛥) = 0 , if 𝑁𝑁𝑖𝑖(𝛥𝛥) = 0  and 

𝐵𝐵𝑖𝑖(𝛥𝛥) = 1, if 𝑁𝑁𝑖𝑖(𝛥𝛥) > 0 for each neuron. 

The number of spikes of the whole neuron population can be counted in each window. 

This constructs the population spike count series 𝑁𝑁𝛼𝛼(𝛥𝛥) for the E and I populations, 

respectively. Furthermore, 𝑞𝑞𝛼𝛼(𝛥𝛥) = 𝑁𝑁𝛼𝛼(𝑡𝑡)
𝑛𝑛𝛼𝛼Δ𝑡𝑡

 is the population-averaged firing rate series.  

 

B Synchrony Index  

We separate the dynamical state into synchronous state and asynchronous state 

according to the synchronization of firing. Therefore, we used synchrony index to 

quantify the synchronized spiking of neurons in the circuit [9] as 

 
𝑆𝑆𝐼𝐼𝑖𝑖𝑖𝑖 =

∑ 𝐵𝐵𝑖𝑖(𝛥𝛥)𝐵𝐵𝑖𝑖(𝛥𝛥)𝑡𝑡

�∑ 𝐵𝐵𝑖𝑖(𝛥𝛥)𝑡𝑡 ∑ 𝐵𝐵𝑖𝑖(𝛥𝛥)𝑡𝑡  
, 

( 2.10) 

 

where 𝐵𝐵𝑖𝑖(𝛥𝛥) is the binary spike series binned with Δ𝛥𝛥 = 3𝑚𝑚𝑚𝑚. If the two neurons 𝑖𝑖, 𝑗𝑗 

are completely synchronous, then 𝑆𝑆𝐼𝐼𝑖𝑖𝑖𝑖 = 1, and if they are completely asynchronous, 

𝑆𝑆𝐼𝐼𝑖𝑖𝑖𝑖 = 0. 

 

C Gamma Power  

We would like to study the interaction between synaptic plasticity and gamma 
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oscillation. In order to quantify the strength of gamma oscillation, we have to calculate 

the gamma power. 

The power spectrum density of network oscillation is calculated by Fourier transform 

of the mean-detrended population firing rate 𝑞𝑞𝛼𝛼(𝛥𝛥) constructed with Δ𝛥𝛥 = 600ｍ𝑚𝑚. 

We define gamma power as the integration of the power spectrum density from 

28𝐻𝐻𝑧𝑧 to 40𝐻𝐻𝑧𝑧 [115, 116]. 

In circuits with plasticity, high firing neurons within the 200 coding neurons, which are 

defined here as neurons having spikes in 95% of bins in the firing rate series with width 

Δ𝛥𝛥 = 50𝑚𝑚𝑚𝑚, are picked for calculating frequency, firing rate, synchrony, and oscillation. 

This is because we are interested in the properties related to plasticity and the synaptic 

potentiation/depression are concentrated at synapses of high firing neurons (synapses 

of low firing neurons only change slightly). No significant conclusion can be drawn if 

we take all the neurons into account. 

Table 2.1: Parameter used in the neural circuit. 

Description Symbol  Value 

Numbers of E, I neurons 𝑛𝑛𝐸𝐸 ,𝑛𝑛𝐼𝐼 2000,400 

Network connection probability 𝑝𝑝 0.2 [107] 

Background input connection 
number 

𝑛𝑛𝑂𝑂 400 

Default firing rate of 
background input (per 

connection) 
𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 2.5𝐻𝐻𝑧𝑧 

Augment factor 𝐴𝐴𝑚𝑚 3.5 
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Axonal delay 𝜏𝜏𝑙𝑙 1ms [107] 

leakage potential 𝑉𝑉𝐿𝐿 -70mV [107] 

Threshold potential 𝑉𝑉𝑡𝑡ℎ -50mV [107] 

Rest potential 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡 -60mV [107] 

Membrane time constant for E, 
I neurons 

𝜏𝜏𝐸𝐸 , 𝜏𝜏𝐼𝐼 20ms,10ms [107] 

Refractory period for E, I 
neurons 

𝛥𝛥𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑎𝑎𝑡𝑡𝑝𝑝𝑟𝑟𝑦𝑦𝐸𝐸 , 𝛥𝛥𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑎𝑎𝑡𝑡𝑝𝑝𝑟𝑟𝑦𝑦𝐼𝐼  2ms,1ms [107] 

Reversal potential of E, I 
neurons 

𝑔𝑔𝐸𝐸 ,𝑔𝑔𝐼𝐼  0mV，-70mV [107] 

Input conductance from 
background to E, I neurons 

𝑔𝑔𝑂𝑂→𝐸𝐸 ,𝑔𝑔𝑂𝑂→𝐼𝐼 
0.05, 0.05  

(normalized by leakage 
conductance) 

Input conductance from E to E, I 
to E, E to I, I to I 

𝑔𝑔𝐸𝐸→𝐸𝐸 ,𝑔𝑔𝐼𝐼→𝐸𝐸 ,𝑔𝑔𝐸𝐸→𝐼𝐼 ,𝑔𝑔𝐼𝐼→𝐼𝐼 

0.1, 0.6, 
0.84, 0.48  

(normalized by leakage 
conductance) 

Decay time constant of 
excitatory, inhibitory current 

𝜏𝜏𝑑𝑑𝐸𝐸 , 𝜏𝜏𝑑𝑑𝐼𝐼  3ms, 8ms 

Rising time constant of 
excitatory, inhibitory current 

𝜏𝜏𝑟𝑟𝐸𝐸 , 𝜏𝜏𝑟𝑟𝐼𝐼  0.5ms, 0.5ms [107] 

Facilitation time constant in STP 𝜏𝜏𝐹𝐹 1500ms [19] 

Depression time constant in STP 𝜏𝜏𝐷𝐷 200ms [19] 

Initial neural transmitter release 
probability in STP 

𝑈𝑈 0.2 [19] 

Learning rate for long-term 
potentiation 

𝐴𝐴 0.001 [39] 

Learning rate for long-term 
depression 

𝐵𝐵 0.001 [39] 

Transmitter plasticity strength  𝑢𝑢1 1𝑥𝑥10−5 [21] 

Learning rate for heterosynaptic  
plasticity 

𝛽𝛽 0.01 [21] 

Heterosynaptic plasticity 
parameter 

𝑤𝑤�  0.1 

Characteristic time constant for 𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴 20ms [39] 
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synaptic trace 

Characteristic time constant for 
slow synaptic trace 

𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴_𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠 100ms [39] 

 

2.2 Results 

2.2.1 Circuit Dynamics Without Plasticity  

We considered a randomly connected conductance-based excitatory-inhibitory 

neuronal circuit  [9] together with triplet STDP, heterosynaptic plasticity [21], and 

transmitter-induced plasticity. We studied the process of memory encoding with 

learning. Details of the model are presented in Methods. In this section, we 

investigated the circuit dynamical properties without the plasticity mechanism. The 

analysis in this subsection is carried out for the 20 neurons with the highest firing rates.  

First, we studied the effect of different excitatory synaptic time constants (𝜏𝜏𝑑𝑑𝐸𝐸) and the 

excitatory synapse weight 𝑔𝑔𝐸𝐸→𝐸𝐸 on the network dynamics. Before the extra learning 

stimulation (at 𝛥𝛥 = 30s ), the circuits with different 𝜏𝜏𝑑𝑑𝐸𝐸   are in low firing rate, low 

synchrony, and without apparent network oscillations (Figure 2.3A, B). After applying 

the extra stimulation, the dynamic feature of the circuit becomes apparent, and 

circuits with smaller 𝜏𝜏𝑑𝑑𝐸𝐸  tend to support synchronous spiking (Figure 2.3A, B).  

Second, we explored how synaptic weight affects the dynamics regarding synchrony, 

oscillation, and firing rate. Generally, smaller coupling strength 𝑔𝑔𝐸𝐸→𝐸𝐸  or smaller 

excitatory synaptic time constant 𝜏𝜏𝑑𝑑𝐸𝐸   induces lower firing rates (Figure 2.3C). The 

synchrony index (Figure 2.3D) and gamma power (Figure 2.3E) (details in Methods) 
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have a similar dependence on synaptic strength. They increase as 𝑔𝑔𝐸𝐸→𝐸𝐸  increases 

or 𝜏𝜏𝑑𝑑𝐸𝐸  decreases. Interestingly, there is a sharp change in these dependence relations 

when  𝜏𝜏𝑑𝑑𝐸𝐸  is close to  𝜏𝜏𝑑𝑑𝐼𝐼 , which inspires us to roughly distinguish two network states 

as follows. When  𝜏𝜏𝑑𝑑𝐸𝐸   is smaller than  𝜏𝜏𝑑𝑑𝐼𝐼  , the synchrony and gamma power are 

relatively strong. In this case, we termed the dynamics under stimulation input as 

synchronous dynamic state. In contrast, when  𝜏𝜏𝑑𝑑𝐸𝐸  is larger than  𝜏𝜏𝑑𝑑𝐼𝐼 , synchrony and 

gamma power are weak, and we termed the dynamics under stimulation input as 

asynchronous dynamic state. Finally, we will also explore the dynamic states with 

moderate synchrony when  𝜏𝜏𝑑𝑑𝐸𝐸    is close to  𝜏𝜏𝑑𝑑𝐼𝐼  . These definitions apply to the 

following of this chapter of networks with or without plasticity. 

 
Figure 2.2. Schematic diagram of the study in Chapter 2. (A) A paradigm of the interaction between network 

structure and dynamics. Branch I (left): Synaptic weights influence the circuit dynamical properties and this 

influence depends on other dynamical parameters such as synaptic time constant (𝜏𝜏𝑑𝑑𝐸𝐸 , 𝜏𝜏𝑑𝑑𝐼𝐼 ), background input 

𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑, etc. Branch II (right): The circuit dynamics influence the synaptic weights through the plasticity rule. 

(B) Illustration of the synaptic time course 𝑆𝑆𝑘𝑘(𝛥𝛥),𝑘𝑘 = 𝑔𝑔, 𝐼𝐼 in Eq. ( 2.4) with different decay time 𝜏𝜏𝑑𝑑𝑘𝑘. 
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Figure 2.3.  Dynamical properties of the circuits without plasticity. (A-B): Raster plot of the spiking time of 200 

stimulated neurons (extra stimulation onset at = 30𝑚𝑚  for 𝑔𝑔𝐸𝐸→𝐸𝐸 = 0.1. (A): Highly synchronous state with 𝜏𝜏𝑑𝑑𝐸𝐸 =

6𝑚𝑚𝑚𝑚. (B):  Asynchronous state, 𝜏𝜏𝑑𝑑𝐸𝐸 = 90𝑚𝑚𝑚𝑚. (C-E): Circuit properties with respect to synaptic strength during the 

extra stimulus. The cases of different 𝜏𝜏𝑑𝑑𝐸𝐸 values are plotted in different colors and the 𝜏𝜏𝑑𝑑𝐸𝐸 values corresponding 

to different colors are shown in the bar. (C): Network firing rate. (D): Synchrony index. (E): Gamma power. Other 

parameters are set as 𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚,𝐴𝐴𝑚𝑚 = 2.5. 

 

2.2.2 The Effect of Spiking Dynamics on Plasticity 

In neural circuits with the plasticity mechanism, the synaptic weights are shaped by 

network dynamic properties, especially, the degree of synchrony and firing rates. To 

understand the effect of network spiking dynamics on plasticity, we first studied the 

neural circuit without plasticity and with extra stimulation starting at 𝛥𝛥 = 30𝑚𝑚. Next, 

the plasticity rule is applied to artifact spike trains generated by manipulations of the 

spike trains of 200 coding excitatory neurons obtained from this network simulation. 

Then we imposed the plasticity rule with these artifact spike trains on a virtual network 

with the same topology connection as in the original circuit, to see how the synaptic 

weights can be changed. Note that here we did not consider how this change of 
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synaptic weights, in turn, shapes the network dynamics. In this way, we separated the 

co-evolution of dynamics and synapses and only considered the impact of dynamics 

properties on the evolution of synapses under plasticity (Figure 2.2A right). 

We aimed to explore how the change of (virtual) synaptic strength depends on the 

firing rate and synchrony index of the spiking series with the following approaches. 1) 

To examine the effect of different degrees of synchronization, we randomized a portion 

of spike time within every 100ms interval. This can generate spike trains with different 

synchrony indexes while almost keeping the average firing rate (in a short time scale 

of 100ms) of neurons. 2) To investigate the effect of different average firing rates, we 

insert empty bins with certain length 𝑇𝑇𝑟𝑟𝑚𝑚 into the spike trains every 100ms. This can 

generate spike trains with different firing rates (in a short time scale) while keeping the 

synchrony index. Note that this manipulation changes the time ranges of the spike 

trains. 3) We also tried the combination of the above two schemes (i.e. inserting empty 

bins together with randomizing some spikes) that simultaneously changes firing rate 

and synchrony index.  

When applying plasticity to the spike trains from highly synchronous dynamics in the 

presence of extra stimulations (small 𝜏𝜏𝑑𝑑𝐸𝐸  ) the synaptic weight quickly increases and 

stabilizes to a large value (Figure 2.4E, dashed line). When spikes are randomized to 

decrease the synchrony, the final average stabilized synaptic weights, the gamma 
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power, and the time required for stabilizing the synaptic weight get smaller (Figure 

2.4A). Next, by inserting empty bins, we found that a lower firing rate would produce 

lower finalized synaptic weight (Figure 2.4F), lower gamma oscillation power (Figure 

2.4B), and longer stabilizing time. Moreover, if the firing rate is low enough, the role 

of synaptic plasticity changes from potentiation to depression (Figure 2.4F).  

In the asynchronous dynamics, neurons often fire in a burst way (Figure 2.3B), that is, 

a neuron can have several spikes in a very short time period (see the distribution of 

instantaneous rate in Figure 2.5C where in the asynchronous dynamics, there is a peak 

at high firing rate up to 200 to 300Hz). In the asynchronous state, the spike time 

randomization does not change the synchrony index (Figure 2.4C) since the correlation 

is already very low, but it does change the synaptic weight evolution. Different from 

the case of synchronous dynamics, here the synaptic strength increases when a larger 

portion of spikes are randomized (Figure 2.4G). This is because the high instantaneous 

firing rate due to neuron bursts can strengthen the heterosynaptic plasticity (the 𝑧𝑧𝑖𝑖3 

term in Eq. ( 2.7) will become very large) that suppresses synaptic potentiation, and 

bursts are destroyed by spike time randomization. Furthermore, the final stable 

synaptic strength increases only slightly with the reduction of the firing rate by 

inserting empty bins (Figure 2.4H). This may be because the effect of inserting empty 

bins for destroying bursts is not as strong as randomization. 



54 
 

 
Figure 2.4. Effect of firing rate and synchrony on virtual synaptic weight evolution under plasticity. (A, E, C, G): The 

effect of spike time randomization. (B, F, D, H): The effect of empty bin inserting.  (A-D) The gamma power and 

firing rate of the network depend on the proportion of randomization/ size of the empty bin insert. (E-H) The change 

of synaptic weight with time. The time axis in (F, H) is modified based on the empty bins insert. (A, B, E, F): 

Synchronous state. 𝜏𝜏𝑑𝑑𝐸𝐸 = 6𝑚𝑚𝑚𝑚. (C, D, G, H): Asynchronous state. 𝜏𝜏𝑑𝑑𝐸𝐸 = 90𝑚𝑚𝑚𝑚. The other parameters are set as 

𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚,𝐴𝐴𝑚𝑚 = 3.5.  

 
Figure 2.5 Instantaneous firing rate distribution of neurons in different states. The instantaneous firing rate of 

neurons is defined by the inverse of the inter-spike interval. Inserts show the amplified plot at 0-50Hz and 100- 

500Hz respectively for a clearer comparison. The results of circuits with plasticity in different learning stages from 

30s~40s, 70s~80s, 110s~120s, the results of circuits without plasticity are plotted in different curve types. (A): 

Synchronous state. 𝜏𝜏𝑑𝑑𝐸𝐸 = 6𝑚𝑚𝑚𝑚. (B): Moderately synchronous state. 𝜏𝜏𝑑𝑑𝐸𝐸 = 10𝑚𝑚𝑚𝑚. (C): Asynchronous state. 𝜏𝜏𝑑𝑑𝐸𝐸 =

90𝑚𝑚𝑚𝑚. The other parameters are set as 𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚,𝐴𝐴𝑚𝑚 = 3.5. 
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By combinations of the randomization of spike times and the insert of empty bins, 

spike trains with different combinations of firing rate and synchrony index can be 

generated. We found that for synchronous dynamics, the final stable synaptic weight 

depends mainly on firing rate but slightly on synchrony index (Figure 2.6C), since a too 

high instantaneous firing rate would activate heterosynaptic plasticity and a too low 

firing rate would favor triplet STDP depression. Thus, the synaptic weight potentiation 

requires a suitable range of firing rate. Besides, synchrony index and gamma power 

are accompanied by synaptic potentiation (Figure 2.4 A, B). However, for asynchronous 

dynamics, synaptic weight can only potentiate slightly (Figure 2.6A) due to the burst 

spiking nature of the neurons. 

 
Figure 2.6.Result of final stable synaptic strengths on manipulations combining spike time randomization and 

empty bin inserting to modify spike synchrony and rate. The result without manipulation is indicated by diamonds. 

From right to left, the amount of randomization is 0%, 20%, 40%, 60%, 80% and 100%. From top to bottom, the 

empty bins inserted are 0ms, 5ms, 10ms, 20ms, 30ms, 50ms. (A): Synchronous state with 𝜏𝜏𝑑𝑑𝐸𝐸 = 6𝑚𝑚𝑚𝑚 . (B): 

Moderately synchronous state with 𝜏𝜏𝑑𝑑𝐸𝐸 = 10𝑚𝑚𝑚𝑚. (C) Asynchronous state with 𝜏𝜏𝑑𝑑𝐸𝐸 = 90𝑚𝑚𝑚𝑚. Other parameters are 

𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚,𝐴𝐴𝑚𝑚 = 3.5. 
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2.2.3 Circuit With Plasticity  

In the following, we study the interplay between structure and dynamic properties as 

a whole in the E-I circuit with plasticity, where the synaptic weights and dynamics 

patterns self-organize through co-evolution. We referred to the results in section 3.2, 

where the spiking dynamic is not influenced by the updated network structure, to the 

manipulation results. 

First, we examined the synaptic weight evolution. In the case of synchronous dynamics, 

the co-evolution dynamics induce a slightly lower final stable average synaptic weight 

(Figure 2.7A) compared with the manipulation results. This is because, under co-

evolution dynamics, neurons can be more excited after the potentiation of the 

synapses, producing a higher firing rate that supports stronger heterosynaptic 

plasticity to reduce the potentiation. However, the synaptic weight evolution under 

asynchronous dynamics does not show much difference (Figure 2.7B) compared with 

manipulation results.  

Below we investigated how gamma power evolves in the self-organized plastic circuit.  

We calculated the gamma power (see Method) from the population spike train of high 

firing neurons from simulation results for every short period with a length of 600ms. 

The initial gamma power is very weak (around 10−3 to 10−2) with weak background 

inputs and it undergoes a jump (Figure 2.7C, D) when extra stimulus starts. In circuits 
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with synchronous dynamics, the synaptic weight potentiates and gamma oscillation 

increases significantly together (Figure 2.7C). In circuits with asynchronous dynamics, 

the increases of gamma oscillation and the synaptic weight are both tiny (Figure 2.7D).  

We further tested the performance of supporting the working memory of the network 

after learning under different dynamics modes. Under synchronous dynamics, the 

significant potentiation of synaptic weights facilitates the maintenance of working 

memory (Figure 2.7E) after initial recall, whereas for asynchronous dynamics, the 

network after learning is not potentiated enough for the robust maintenance of 

working memory (Figure 2.7F). 
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Figure 2.7. Properties of circuits with plasticity. (A, B): Synaptic weight evolution. Blue curves are results from 

networks with plasticity, whereas orange curves are from virtual networks in Figure 2.4. (C, D): The evolution of 

Gamma oscillation and synaptic weight in different dynamical states. (E, F) The ability of the working memory 

maintenance after recalling in the network after learning. Extra stimuli ( 𝐴𝐴𝑚𝑚 = 5 ) are applied to the neuron group 

with memory encoded for 2s (from 1s to 3s). The persistent firing ability of the group after extra stimuli removal is 

checked. The insets compare the firing rate of the memory-coding group and the firing rate of other neurons during 

the persistent period. (A, C, E): Synchronous state. 𝜏𝜏𝑑𝑑𝐸𝐸 = 6𝑚𝑚𝑚𝑚. (B, D, F): Asynchronous state. 𝜏𝜏𝑑𝑑𝐸𝐸 = 90𝑚𝑚𝑚𝑚. The 

other parameters are set as 𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚,𝐴𝐴𝑚𝑚 = 3.5. 

Furthermore, we were curious about how fast the synaptic weight can be stabilized, 

which reflects the learning speed. We explored the stabilizing times (defined as the 

time required for reaching half maximum synaptic weight) in circuits with plasticity 

under different initial dynamics states (at the time right after extra stimulation onset) 

such as different firing rates and synchrony using both different τd𝐸𝐸 and As. Under 

synchronous dynamics, it is found that stabilizing time in circuits with plasticity is 

inversely proportional to the initial firing rate (Figure 2.8A), as well as to the initial 
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synchrony index (Figure 2.8B). There is a linear relationship between the initial firing 

rate and synchrony index (Figure 2.8C). Thus, the increase of the firing rate is important 

to stabilize the synapses quickly. As the stabilized synaptic weights are different for the 

synchronous and asynchronous state, we further studied the speed of synaptic 

potentiation with respect to firing rata and synchrony, we recorded the synaptic weight 

change in different synaptic weight intervals (shown above Figure 2.8D-I). A higher 

initial firing rate produces a higher initial synaptic weight change (Figure 2.8D). 

Potentiated synapses generate a higher firing rate and in turn trigger stronger 

heterosynaptic plasticity and thus more depression (Figure 2.8E-F). Consequently, the 

stabilized synaptic weight would be less (Figure 2.7A) but also takes less time to 

stabilize. In contrast, the asynchronous state stabilizes quickly (<600ms) and the 

synapses are only potentiated slightly (Figure 2.7B). The higher initial firing rate due to 

bursting in the asynchronous state (Figure 2.8G) causes strong heterosynaptic 

plasticity to prevent the synapses from further potentiation (Figure 2.8H, I). However, 

the speed of synaptic potentiation, that is, the amount of potentiation in unit time, is 

higher under synchronous dynamics (Figure 2.8D, G). 
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Figure 2.8. The process of synaptic stabilizing in circuits with plasticity. (A) The relation between stabilizing time 

and firing rate. (B) The relation between stabilizing time and synchrony index. (C) The relation between firing rate 

and synchrony index. In (A-C), black/red dots are results under synchronous/asynchronous dynamics. (D-I): The 

relationship between the change of synaptic weight with respect to the instantaneous firing rate and synchrony 

index during the simulation. The studied ranges of synaptic weight are shown in the title above the subfigures. (D-

F): Under synchronous dynamics with 𝜏𝜏𝑑𝑑𝐸𝐸 = 3,4,5 … 9𝑚𝑚𝑚𝑚  (G-I): Under asynchronous dynamics with 𝜏𝜏𝑑𝑑𝐸𝐸 =

20, 30, 40 … 90𝑚𝑚𝑚𝑚. Other parameters are  𝐴𝐴𝑚𝑚 = 2, 2.5, 3, 3.5. and  𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚.  

In circuits without plasticity, it was found that the increase of synaptic weight results 

in an increased firing rate (Figure 2.3C). This relation does not hold in the presence of 

plasticity, as too high firing rate would induce synaptic weight depression due to 

heterosynaptic plasticity. First, the initial firing rate and gamma power of the network 

(in the beginning stage of extra stimulus onset, Figure 2.9A, B) are positively correlated 

to those after learning (Figure 2.9E, F). In general, we found that high synchrony index 

and gamma power facilitate the increase of synaptic weight (Figure 2.9A-D), whereas 

the effect of firing rate is not pronounced relatively. It suggests that synchrony and 
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gamma oscillation are beneficial for synaptic potentiation in the plastic EI networks. 

 
Figure 2.9. The relationship between synaptic potentiation and network dynamics in circuit with plasticity. (A, B): 

The relationship between the final stable synaptic weight (represented by color) and initial firing rates and gamma 

power. (C, D): The relationship between the final stable synaptic weight and final firing rates and gamma power. In 

general, there is a positive correlation between the gamma power/ synchrony index and the stable synaptic weight. 

Stars represent the results in asynchronous states whereas dots represent results in synchronous and moderate 

synchronous states. (E-F): The relationship between initial and final firing rate and synchrony index, respectively. In 

(A-F), parameters used are 𝜏𝜏𝑑𝑑𝐸𝐸 = 3,4,5 … 10,20,30 … 90𝑚𝑚𝑚𝑚 , 𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚, 𝐴𝐴𝑚𝑚 = 2, 2.5, 3, 3.5 

The above studies suggest that there should be essential differences in the network 

structures after learning under different dynamic states. To investigate the essential 

features of these structure changes, we performed various shuffling of the 

connectivity matrix of the subgroup of excitatory neurons for memory encoding 

adopted from the plastic circuits when they have evolved into a stable state. Then we 

simulated the whole network dynamics without plasticity after shuffling this sub 

connectivity matrix with stimulation input applying at the 30s. In particular, we 

focused on exploring whether the structure can still support synchronous dynamics 
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after shuffling.  

The major finding is that the network can preserve synchronous dynamics when the 

incoming connections of the memory-coding neurons are shuffled (total input is 

preserved) (Figure 2.10C). On the contrary, the network cannot preserve synchronous 

dynamics when the outgoing connections of the neurons are shuffled (total input is 

changed) (Figure 2.10D). If the row of the sub-matrix is further randomized (rows are 

moved as a whole) after shuffling the incoming connections, the synchronous dynamic 

is destroyed (Figure 2.10E). However, synchronous dynamics can be preserved if the 

randomization of rows is performed in the whole connectivity matrix (Figure 2.10F), 

that is, preserving the inhibitory inputs in this randomization. Taken together, it implies 

that the ability for networks supporting synchronization is related to the sum of 

incoming synaptic weights. 

Interestingly, we found that there is a high correlation between the sum of excitatory 

and the sum of inhibitory synaptic weights in the learning-stabilized matrix under 

synchronous dynamics (Figure 2.10A), suggesting that neurons receiving strong 

inhibitory synapses (these inhibitory synapses are without plasticity) also receive 

stronger excitatory synapses (these synapses are with plasticity). This special network 

structure is not present under asynchronous dynamics (Figure 2.10B). To further 

confirm networks with such structural features really favor synchronous spiking 
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dynamics, a random circuit with similar synaptic weight sum distribution is generated 

and we found that the generated circuit indeed supports synchrony dynamics (Figure 

2.11C). 

 
Figure 2.10. Special circuit structures formed by plasticity. (A, B) The relation between the sums of the incoming 

excitatory and inhibitory synaptic weight of different neurons in the plastic circuit after learning, sorted according 

to the ascending order of inhibitory weight sum. Parameters are set as 𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚,𝐴𝐴𝑚𝑚 = 3.5 . (A): Synchronous 

with 𝜏𝜏𝑑𝑑𝐸𝐸 = 6𝑚𝑚𝑚𝑚  (B): Asynchronous with  𝜏𝜏𝑑𝑑𝐸𝐸 = 90𝑚𝑚𝑚𝑚 .  (C-F) Illustration of shuffling schemes. Each figure 

represents a connectivity matrix. In (C-E), we shuffled the elements of the connectivity sub-matrix of the chosen 

excitatory neurons (to encode the memory). (C): The input elements of each neuron (each row) are shuffled (total 

input is preserved). (D): The output elements of each neuron (each column) are shuffled (total input is changed). (E): 

The elements of each row are first shuffled and then the row is randomly shuffled (total excitatory input is preserved, 

but total inhibitory input is changed). The shuffling scheme of (F): The elements of each row of the sub-matrix of 

excitatory neurons are first shuffled and then the row of the entire matrix is randomly shuffled (total excitatory and 

inhibitory input are preserved). If the shuffled matrix results in synchronous/asynchronous dynamics, then it is 

marked in a red/black box. 

Synapses potentiation leads to burst firing when excitation is strongly over inhibition 

(Figure 2.11A). When a neuron gets bursts, its synapses would be suppressed by 

heterosynaptic plasticity. Therefore, neuron stays synchrony with only a few bursting 

events. As neurons receiving stronger inhibitory current need more excitation for burst 

firing to happen, its synapses can potentiate more before the heterosynaptic plasticity 
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sets in. Hence the correlation between excitatory and inhibitory inputs is developed. 

We should note that it is not related to the number of incoming excitatory connections, 

but the sum of the incoming excitatory weights. 

 
Figure 2.11. Results of artificially generated network structure. (A): Raster plot (only 9 neurons around #38 are 

shown) picking out one neuron (#38) in a learnt synchronous circuit. We increased the excitatory input to one of the 

picked neurons (#38). After this increase of input strength, this neuron tends to spike in bursts. Parameters are set 

as 𝜏𝜏𝑑𝑑𝐸𝐸 = 6𝑚𝑚𝑚𝑚, 𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚,𝐴𝐴𝑚𝑚 = 3.5 . Red dot are spikes of the picked out neuron. (B-C): Result of a randomly 

generated circuit without STDP. (B): Raster plot result. Synchronous starts at around 2.5s. (C) Incoming synaptic 

weight sum of the generated circuit. X-axis is sorted in ascending order of excitatory synaptic weight sum. 

2.2.4 The Moderate Synchronous Dynamics  

From the comparison between synchronous and asynchronous states, we have seen 

that the effect of learning depends significantly on the background dynamics. This 

raises a question: whether there are special properties on the boundary between 

these two dynamics regimes, that is, the moderate synchronous state. We found that 

under moderate synchronous dynamics, the transient network activity can switch 

between asynchronous burst and weak synchronization. Therefore, such a switching 

state should have both features in synchronous and asynchronous states. In static 

networks without plasticity, this switching dynamic is a long-lasting property. In 

networks with plasticity, this switching state is only temporal and the network will 
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finally evolve into synchronous dynamics (Figure 2.12C). 

We first tested the effect of manipulation spike trains from circuits of moderate 

synchronization on shaping a virtual network structure with similar methods in Figure 

2.4. For spike time randomization, the stable synaptic weights are almost unchanged 

with the synchrony index (Figure 2.12A). When inserting empty bins to reduce the 

firing rate, the stable synaptic weight is first kept unchanged and then starts to reduce 

and even becomes depressed (Figure 2.12B) when the firing rate is lower than a level. 

Next, we studied the network with plasticity under moderate synchronous dynamics. 

Interestingly, the transient synaptic weight evolution in plastic networks differs 

strongly compared with manipulation results (Figure 2.12D). The synaptic weight 

increases during temporally synchronous periods and recovers during asynchronous 

periods but this switching period is transient. The circuit will finally evolve into the fully 

synchronous state (e.g. from t = 80s  in Figure 2.12C) and the synaptic weight 

increases after that until reaching the maximum (Figure 2.12D). The gamma oscillation 

increases gradually during the time period with switching synchronous and 

asynchronous spiking (Figure 2.12F), where the gamma oscillation power and synaptic 

weight have large fluctuations. Once the circuit reaches the synchronous state, both 

synaptic weights and gamma oscillation power increase to the stable value quickly. 

Neurons in moderately synchronous circuits can perform differently with respect to 
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the amount of inhibitory input they receive, as shown in Figure 2.12C (neurons sorted 

according to total inhibitory synaptic weights). The evolution of the mean excitatory 

synaptic weight is also plotted in Figure 2.12C. For neurons receiving too many 

inhibitory inputs, they do not have enough instantaneous excitatory current to 

overcome inhibitory suppression and they fire sparsely. In contrast, neurons receiving 

relatively fewer inhibitory inputs can overcome the inhibitory suppression and have 

the potential to perform like synchronous state, with a similar mechanism described 

above for the synchronous state.   

 

Figure 2.12. The dynamic properties of learning under moderate synchronous state. (A, B): Effect of firing rate and 

synchrony on synaptic weight evolution under plasticity with spike manipulation.  (A) The effect of spike time 

randomization. (B) The effect of empty bin inserting. (C): Raster plot. Neuron number is sorted in increasing order 

of inhibitory input connections. The red curve is the mean excitatory synaptic strength of high firing neurons, which 

increases during synchronous windows and decreases during asynchronous windows. The green curve is the mean 

excitatory synaptic strength of low firing neurons. (D) The synaptic weight evolution. (E) The sum of the incoming 

excitatory and inhibitory synaptic weight of neurons in the plastic circuit after learning, sorted according to the 

ascending of the inhibitory sum. (F) The evolution of gamma oscillation and synaptic weight in moderately 

synchronous states. 
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A special relationship between excitatory and inhibitory current causes moderately 

synchronous state to switch between synchronous and asynchronous because its 

excitatory current is both high in amplitude (not as high as the synchronous state) and 

long-lasting (not as long as the asynchronous state), as 𝜏𝜏𝑑𝑑𝐸𝐸   is in between that of 

synchronous and asynchronous state. Once neurons are synchronized, inhibitory 

neurons can be activated by the synchronized excitatory current to induce strong 

inhibition and terminate the synchrony event. Therefore, the circuit becomes 

asynchronous again and neurons that receive few inhibitory inputs may start to burst 

and this process underlies the temporal switching between synchronous and 

asynchronous states. When plasticity is applied, synapses are potentiated during 

synchrony and depressed during asynchrony (Figure 2.12C). However, when the 

synapses are potentiated to a large enough value, the excitatory current is too strong 

that the inhibitory current cannot terminate the synchrony anymore and the circuit 

starts to develop strong synchrony.  

 

2.2.5 Other Dynamic Properties During Learning  

We have examined the co-evolution between synaptic weight and circuit dynamics 

with STDP in synchronous and asynchronous regimes. In the following, we want to test 

if there are differences between the dynamical properties of the circuits with dynamic 



68 
 

synaptic weights and with fixed weights. After that, we also want to test if the circuit 

maintains balance during and after learning, more importantly, if the learnt circuit is 

stable. 

We simulated circuits with plasticity under different background dynamics, to study 

the transient evolution of dynamic properties. Every time we checked the 

corresponding dynamic properties of a static circuit sharing the same average synaptic 

weight but without plasticity, to examine their difference. Here, the synaptic weight, 

average firing rate, and synchrony index among high firing neurons in every 600ms 

periods during the co-evolution process are considered and compared with the firing 

rate and synchrony index among the same number of highest firing neurons in a static 

circuit with different 𝑔𝑔𝐸𝐸→𝐸𝐸  in the range [0.1, 1.2]. It was found that the co-evolution 

dynamics of synchronous and asynchronous plastic circuits are very close to that of 

static circuits at different coupling strength 𝑔𝑔𝐸𝐸→𝐸𝐸  (Figure 2.13A, C), suggesting that 

although the network architecture is changed by plasticity, it does not significantly 

alter the plastic network dynamics in these two states. However, moderately 

synchronous circuits are strongly different from the corresponding static circuit (Figure 

2.13B). In the static circuits, they are switching between asynchronous and 

synchronous states in all synaptic strengths tested (0.1-1.2) and the synchrony indexes 

are relatively small. However, in the self-organized plastic circuits, they differ from the 
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dynamics of static circuits, and they become synchronous monotonically at last (Figure 

2.12C). Therefore, it suggests that plasticity has significantly changed the dynamics. 

Biological neural circuits are reported to work in an excitation-inhibition (E-I) balanced 

condition [4]. Our model can maintain an overall E-I balanced current input (the time-

average E/I ratio in our model is close to 1) on average and this property can maintain 

after applying the strong extra stimulus. Asynchronous dynamics can best support E-I 

balanced input (Figure 2.13D, E, F). Considering the transient balance, for moderate 

synchronous and synchronous dynamics, there are temporally strong imbalances 

corresponding to gamma oscillations during learning (Figure 2.13D, E, F). It suggests 

that the temporal imbalance is beneficial to effective learning.  

Next, we examined whether the network is stable, and the balance can be restored 

when the extra stimulus stops after learning. To check whether the network 

connectivity still changes significantly with plasticity under normal background input, 

the L2 norm difference between the connectivity (reshaped to 1d and then normalized, 

with value in [0, 2]) among the chosen neurons for memory encoding right after the 

removal of extra stimulus input and 10s later is measured. It was found that the 

connectivity only changes slightly (Figure 2.13I). The firing rate (Figure 2.13H) and 

average E/I ratio (Figure 2.13G) are also returned to levels similar to the circuit before 

learning with the stimulation.  
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Figure 2.13. Other dynamic properties. (A-C): Blue curves are the evolutionary dynamics in circuits with plasticity 

starts from strength 0.1. The red diamond represents the start of the simulation and the green diamond represents 

the start of extra stimulus. Orange curves are the results of static circuits with different synaptic strengths. (A): 

Synchronous dynamics with 𝜏𝜏𝑑𝑑𝐸𝐸 = 6𝑚𝑚𝑚𝑚 .  (B) Moderately synchronous dynamics with 𝜏𝜏𝑑𝑑𝐸𝐸 = 10𝑚𝑚𝑚𝑚.  (C): 

Asynchronous dynamics with  𝜏𝜏𝑑𝑑𝐸𝐸 = 90𝑚𝑚𝑚𝑚. The other parameters: 𝜏𝜏𝑑𝑑𝐼𝐼 = 8𝑚𝑚𝑚𝑚,𝐴𝐴𝑚𝑚 = 3.5. Transient excitatory and 

inhibitory current ratio in the early stage of stimulus (D) (<5s after applying extra stimulus input at t=30s) and late 

stage of stimulus (E) (after synaptic weight stabilized). (F): Standard deviation of E/I ratio after synaptic weight 

stabilized. Error bars indicate the standard deviation among neurons. (G): Average E/I ratio before the extra 

stimulus and after the removal of stimulus. (H): firing rate before and after extra stimulus. (I): L2 norm of the 

difference of the connectivity matrices (reshaped to 1d and normalized) at the removal of the extra stimulus and 

10s later under normal background input. 
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2.3 Conclusion and Discussion 

In this Chapter, we studied the dynamics of plasticity neural circuit under the learning 

process with the combination of triplet plasticity, heterosynaptic plasticity, and 

transmitter-induced plasticity, with a particular focus on the role of gamma oscillation. 

To tackle the challenging co-evolution of network structure and dynamics, we first 

separately explored the effect of structure on dynamics and vice versa. We then 

unified this understanding to elucidate the principles of dynamics state-dependent 

learning in the E-I neural circuit with plasticity. 

 

2.3.1 Summary of the Findings  

We first studied the static circuit without plasticity and found that networks with small 

𝜏𝜏𝑑𝑑𝐸𝐸  show higher synchrony. Furthermore, synchrony in spiking and gamma oscillation 

power increase together with coupling strength 𝑔𝑔𝐸𝐸→𝐸𝐸  throughout these cases. 

Through studying the effect of spiking dynamics on shaping a virtual network structure 

through plasticity, we found that firing rate plays a crucial role. The firing rate needs to 

be in a suitable range in order to induce potentiation. Synaptic potentiation is 

restricted by heterosynaptic plasticity in the case of too high firing rate and by triplet 

plasticity rule in the case of too low firing rate. Synchrony index and gamma power 

show greater value when potentiation happens. 
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The understanding from the separate studies shed light on the properties of co-

evolution of dynamics and synaptic weights in plastic circuits. Increasing synchrony 

(higher gamma power and synchrony index) is always beneficial to synaptic 

potentiation, but there is no such relation on firing rate. It thus suggests that gamma 

oscillation may be more important for synaptic potentiation in the learning process in 

biological E-I circuits. Furthermore, the circuit structure after learning depends on the 

original basic dynamic states (different degrees of synchrony). The effective learning 

where the synaptic weights are potentiated is accompanied by a temporal deviation 

from E-I balance to the case of slight dominance in excitation. The E-I balance can be 

restored after learning when extra stimulus input is removed.  

In the following, we provide a discussion on key aspects of the study.  

 

2.3.2 Gamma Oscillation  

The origin of gamma oscillation is still under debate in the literature. It is suggested 

that gamma oscillation is due to inhibitory loops [65]. Another study found that 

controlling long-range synaptic weight, synchronization between two columns of E-I 

neural circuits [125] can generate gamma oscillation in the cross-correlograms 

between the two E-I circuits’ population firing rates. It is known that mediated by 

synaptic kinetics, E-I balanced neural circuits can support such fast oscillation out from 
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a low firing rate [9, 107], which is the way to produce gamma oscillation in this Chapter.  

Furthermore, it was discovered that long-range axonal delay can modulate oscillation 

between gamma and beta [126]. In the moderate synchronous state, we observed the 

switching dynamics between asynchronous spiking and synchronous spiking. If the 

switching frequency is in the theta band, it is highly similar to the spindle [54, 82, 127] 

observed in the hippocampus during sleeping, which has been assumed to relate to 

memory consolidation. It is also found in an experimental study that U1 snRNA 

overexpression mice, having weaker gamma oscillation than normal mice due to the 

reduction in inhibition-related proteins, have deficits in learning [128]. It may be 

possible to further explore the phenomena related to sharp-wave ripple and its 

functional benefits in our model.  

2.3.3 The Role of Spike-timing-dependent Plasticity in Learning  

It has been shown that heterosynaptic plasticity can prevent explosive synaptic weight 

potentiation [48, 49]. However, it is unclear what kind of circuit structure can be 

formed by heterosynaptic plasticity. Our model uses a combination of three plasticity 

roles. The triplet STDP is mainly responsible for synaptic potentiation, bounded by the 

heterosynaptic plasticity rule, while the transmitter-induced plasticity does not play a 

significant role since our simulation time is not long enough. Thus, the final stable 

network structure is mainly shaped by heterosynaptic plasticity. We found that 
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heterosynaptic plasticity shapes the circuit into a structure where the sum of 

excitatory input weights of a neuron is correlated/uncorrelated with the sum of 

inhibitory input weights of a neuron under the conditions of 

synchronous/asynchronous background dynamics respectively.  

 

2.3.4 Learning With Gamma Oscillation in Biological Neural Circuits.  

This Chapter using biologically plausible E-I circuits confirmed several previous studies 

and provided new understandings. Cell assembly formation through spike-timing-

dependent plasticity has been studied previously [21, 100, 129–131]. It has been 

shown that during learning, plasticity shapes the circuit synaptic weights and spiking 

correlation [47, 132–134]. The research of learning in biological neural networks has 

mainly focused on the recall reliability of working memories and the usage of the 

network for performing classification tasks, but seldom considered the effect of 

gamma oscillation in the learning process, although gamma oscillations have been 

widely observed to accompany learning in experiments [54, 58, 65, 115, 116]. Here 

we found that the increase of gamma power and synchrony always facilitates 

potentiation in plasticity circuits, providing the understanding behind the 

experimental observations. The synchronizations during gamma oscillations within 

suitable firing rates are beneficial to synaptic potentiation, which in turn forms a 
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network structure better support gamma oscillations. Thus, gamma oscillation is 

important to forming cell assembles, leading to efficient learning.     

We have considered the variation of excitatory synaptic time constant (𝜏𝜏𝑑𝑑𝐸𝐸) on the 

dynamical modes of the circuits. AMPA receptors have smaller synaptic time constants 

~ 5 ms [118] and NMDA receptors have large synaptic time constants ~ 100 ms [110]. 

Thus, the value of 𝜏𝜏𝑑𝑑𝐸𝐸   used in the network is biologically determined by the ratio 

between these two receptors. Experiments show that AMPA and NMDA receptors 

exist extensively in synapses, and their ratio varies in different brain region  [135–

137]. For example, the number of NMDA receptors is larger in the prefrontal cortexes 

[135] than in visual cortexes. Thus, the fact that neural circuits in different brain 

systems favor different 𝜏𝜏𝑑𝑑𝐸𝐸  sheds light on the differential functional role of different 

brain systems in learning.   
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Chapter 3 Hebbian NMDA Feedforward Inhibitory 

Plasticity Contribute to Memory Consolidation 

This Chapter is related to open question 1.2.2 and objective 1.3.2 about the role of 

Hebbian feedforward inhibitory plasticity in memory coding. 

In this Chapter, a possible function of feedforward inhibitory plasticity is studied. 

Historically, inhibitory plasticity has been found for a long time [91, 138–140], but due 

to a large number of inhibitory neuron species and their different plasticity, inhibitory 

plasticity rules are less investigated and their functions are still in debate. 

Recently, an experiment [104] shows differences in performance and neural oscillation 

between the case of having excitatory to inhibitory (E → I) plasticity and without E →

I  plasticity in a mouse model. Without E → I  plasticity, the long-term memory 

performance of the mouse is impaired, while short term memory is unaffected. It is 

well known that short-term memory and long-term memory are stored at different 

brain regions [141]. As a result, we will use a two-layer feedforward circuits to 

represent region (first layer) to transfer stored memories to another region (second 

layer) that is ready to study the memory transfer between brain regions. In successful 

situation, the second layer should be able to learn the memories stored by the first 

layer. However, if the stored memories cannot be transferred to the second layer, it 

indicates that memories is failed to transfer to higher memory systems and may be 
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lost at last. It is also shown that the plasticity of synapses connecting excitatory neuron 

and PV+ interneurons (E → I) show potentiation when theta-burst stimulation (TBS) 

is applied which is similar to the plasticity among excitatory synapses (E → E) that can 

be modeled as Hebbian spiking-timing-dependent plasticity. Therefore, we will 

assume the plasticity of E → I synapses is also Hebbian and in the same form as E →

E synapses. In this Chapter, we will use modeling to study the role of feedforward 

E → I  STDP in memory consolidation and explore the mechanisms underlying the 

experimental observations in [89]. The modeling results and experimental results are 

under preparation for publication in collaboration with the experimental team of [89].  

Neural circuits learn by forming strengthened synapses, which happen at synapses 

among neurons within local circuits and extra inputs. However, potentiated extra 

inputs may induce overexcitation (most of the neurons fire at the same time within a 

period), if extra inhibition is not provided. In order to maintain the excitability of 

neurons in a suitable regime, inhibitory inputs with plasticity can be introduced to 

modulate the enhanced excitability induced by extra potentiated inputs. In this 

Chapter, triplet STDP rule, heterosynaptic plasticity, and transmitter-induced plasticity 

as in the previous Chapter are used to model the feedforward (FF) NMDA excitatory to 

excitatory (E → E ), excitatory to inhibitory (E → I ) and recurrent (Re) E → E  long-

term synaptic plasticity. Here, we used two-layer excitatory-inhibitory circuits of 
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integrate-and-fire neurons to study the effect of FF E → I  plasticity on memory 

coding. Our modeling predicts that applying gamma pulses (40Hz) nested within theta 

(8Hz) periods can rescue the performance and oscillation degradation in the case 

without FF E → I plasticity. 

 

3.1 Materials and Methods 

3.1.1 Neural Circuit Model 

The model used in this Chapter is similar to that in Chapter 2, except the Long-term 

plasticity is applied to both E → E and E → I synapses, parameters used are slightly 

different and the synaptic currents are divided into AMPA and NMDA for excitatory 

synapses and GABA for inhibitory synapses rather than only separated into excitatory 

and inhibitory for the notation in Chapter 2. For the convenience of reading, we 

provide the model used as follows. 

 

A Network and Circuit Dynamics 

The model circuit (Figure 3.1A) is composed of two layers (L1, L2), each with 2000 

excitatory neurons (E), 𝑛𝑛𝐸𝐸 , and 400 inhibitory (I), 𝑛𝑛𝐼𝐼, neurons. Neurons are randomly 

connected with probability 𝑝𝑝 = 0.2 within each layer and from L1 excitatory neurons 

to L2 excitatory neurons and feedforward inhibitory neurons in L2. In L2, feedforward 
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inhibitory neurons also uni-directionally connect with recurrent inhibitory neurons. 

Each neuron in L1 and L2 receives background input from 400 independent Poisson 

trains, 𝑛𝑛𝑝𝑝, with rate 𝑓𝑓𝐿𝐿1
𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 and 𝑓𝑓𝐿𝐿2

𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑respectively. Neuros are modeled 

by conductance-based integrate-and-fire dynamics [9].  

𝜏𝜏𝑘𝑘
𝑑𝑑𝑉𝑉𝑖𝑖𝑘𝑘

𝑑𝑑𝛥𝛥
= 𝑉𝑉𝐿𝐿 − 𝑉𝑉𝑖𝑖𝑘𝑘 + 𝐺𝐺𝑖𝑖𝐸𝐸→𝑘𝑘(𝛥𝛥)�𝑔𝑔𝐸𝐸 − 𝑉𝑉𝑖𝑖𝑘𝑘� + 𝐺𝐺𝑖𝑖𝐼𝐼→𝑘𝑘(𝛥𝛥)(𝑔𝑔𝐼𝐼 − 𝑉𝑉𝑖𝑖𝑘𝑘) ( 3.1) 

𝐺𝐺𝑖𝑖𝐼𝐼→𝑘𝑘(𝛥𝛥) = 𝜏𝜏𝑘𝑘 ��𝑤𝑤𝑖𝑖→𝑖𝑖𝑆𝑆𝐺𝐺𝐴𝐴𝐺𝐺𝐴𝐴�𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛�
𝑛𝑛𝑖𝑖∈𝜕𝜕𝑖𝑖

𝐼𝐼
 ( 3.2) 

𝐺𝐺𝑖𝑖𝐸𝐸→𝑘𝑘(𝛥𝛥) = 𝜏𝜏𝑘𝑘 �� �𝑔𝑔𝑂𝑂→𝑘𝑘𝑆𝑆𝐸𝐸(𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛)
𝑛𝑛𝑖𝑖∈𝜕𝜕𝑖𝑖

𝑂𝑂

+ � �𝑤𝑤𝑖𝑖→𝑖𝑖𝑢𝑢𝑖𝑖(𝛥𝛥)𝑥𝑥𝑖𝑖(𝛥𝛥)�𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴�𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛�
𝑛𝑛𝑖𝑖∈𝜕𝜕𝑖𝑖

𝐸𝐸

+ 𝑆𝑆𝑁𝑁𝐴𝐴𝐷𝐷𝐴𝐴�𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛���, 

( 3.3) 

 

where 𝑘𝑘 = 𝑔𝑔, 𝐼𝐼  indicate the neuron type excitatory and inhibitory respectively. ∂x
y 

denotes the 𝑑𝑑th neighbors of neuron 𝑥𝑥. V𝑖𝑖k(t) is membrane potential of neuron i 

with type k. 𝛥𝛥𝑖𝑖𝑛𝑛 is the spike time of the nth spike of neuron 𝑗𝑗. 𝑤𝑤𝑖𝑖→𝑖𝑖 is the synaptic 

weight from presynaptic neuron 𝑗𝑗 to postsynaptic neuron 𝑖𝑖 and the initial values are 

set as 

 

𝑤𝑤𝑖𝑖→𝑖𝑖 =

⎩
⎪
⎨

⎪
⎧𝑔𝑔

𝐸𝐸→𝐸𝐸 ,  𝑖𝑖 ∈ 𝑔𝑔 ,  𝑗𝑗 ∈ E
𝑔𝑔𝐼𝐼→𝐸𝐸 ,  𝑖𝑖 ∈ 𝑔𝑔 ,  𝑗𝑗 ∈ I
𝑔𝑔𝐸𝐸→𝐼𝐼 ,  𝑖𝑖 ∈ 𝐼𝐼 ,  𝑗𝑗 ∈ E
𝑔𝑔𝐼𝐼→𝐼𝐼 ,  𝑖𝑖 ∈ 𝐼𝐼 ,  𝑗𝑗 ∈ I
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In the simulation, 𝑤𝑤𝑖𝑖→𝑖𝑖 changes according to the plasticity rule Eq. ( 3.6) when 𝑖𝑖 ∈

𝑔𝑔 ,  𝑗𝑗 ∈ E or 𝑖𝑖 ∈ 𝐼𝐼 ,  𝑗𝑗 ∈ E. 

𝑆𝑆𝛼𝛼(𝛥𝛥) is the synaptic time course of different receptors α = 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑁𝑁𝐴𝐴𝐷𝐷𝐴𝐴,𝐺𝐺𝐴𝐴𝐵𝐵𝐴𝐴 . 

It is modeled by a biexponential function with characteristic decay, τdα, and rising, τrα, 

time constants, which depend on the receptor type. 𝑆𝑆𝛼𝛼(𝛥𝛥) takes the form 

 
𝑆𝑆𝛼𝛼(𝛥𝛥) =

Θ(𝛥𝛥 − 𝜏𝜏𝑙𝑙)
𝜏𝜏𝑑𝑑𝛼𝛼 − 𝜏𝜏𝑟𝑟𝛼𝛼

�𝑒𝑒
−𝑡𝑡−𝜏𝜏𝑙𝑙𝜏𝜏𝑑𝑑

𝛼𝛼 − 𝑒𝑒
−𝑡𝑡−𝜏𝜏𝑙𝑙𝜏𝜏𝑟𝑟 𝛼𝛼 �, 

( 3.4) 

 

where Θ(t) is the Heaviside function.  

 

 
Figure 3.1 Model architecture and simulation protocol. (A): Model architecture. The model consists of two layers. 

Each with 2000 excitatory (Exc) and 400 inhibitory (Inh) neurons. In Layer 1, there are 10 preset clusters with 

strengthened synaptic weight and synfire chain structure between clusters. In L2, inhibitory neurons are separated 

into feedforward (FF) and recurrent (Re) populations. Memories stored in L1 will be learnt to L2 through plastic 

synapses within L2 and from L1 to L2. (B): Simulation protocol. Plasticity is applied for learning in the learning period 

[2,140)s. The memory clusters in L1 are recalled in synfire chain. In [141,242)s, plasticity is not applied. The memory 

clusters in L1 are recalled in random sequence in each verification period for testing the quality of coding. 

 

B Short-term Depression 

Short-term depression is applied to excitatory synapses. It is described by the amount 

of neurotransmitter 𝑥𝑥𝑖𝑖  and time constant 𝜏𝜏𝐷𝐷.  
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𝑑𝑑𝑥𝑥𝑖𝑖(𝛥𝛥)
𝑑𝑑𝛥𝛥

=
1 − 𝑥𝑥𝑖𝑖(𝛥𝛥)

𝜏𝜏𝐷𝐷
− 0.4𝑥𝑥𝑖𝑖(𝛥𝛥)𝑆𝑆𝑖𝑖(𝛥𝛥) 

( 3.5) 

 

where 𝑆𝑆𝑖𝑖(𝛥𝛥) = ∑ 𝑢𝑢(𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛)𝑛𝑛   is the spike train of neuron 𝑖𝑖  and 𝑢𝑢(𝛥𝛥)  is the Dirac 

delta function. When the interspike interval of a neuron is close to or smaller than 𝜏𝜏𝐷𝐷, 

short-term depression [19, 120–122] happens as neurotransmitters are used up and 

reduce the synaptic efficacy temporally. 

 

C Long-term Plasticity 

We model the long-term synaptic change on L2 E to E, L1 E to L2 FF I synapses by triplet 

spike-timing-dependent plasticity (STDP) plus heterosynaptic plasticity and 

transmitter-induced plasticity [21]. We are interested in projection memory from one 

local circuit to another local circuit, thus, we do not consider plasticity within L1. The 

synaptic efficacy evolves according to 

𝑑𝑑𝑤𝑤𝑖𝑖→𝑖𝑖
𝑑𝑑𝛥𝛥

= 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ �𝐴𝐴𝑘𝑘𝑧𝑧𝑖𝑖𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠� − 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ (𝐵𝐵𝑘𝑘𝑧𝑧𝑖𝑖)�����������������������
𝑆𝑆𝑟𝑟𝑖𝑖𝑠𝑠𝑙𝑙𝑟𝑟𝑡𝑡 𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴

− 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ 𝛽𝛽𝑘𝑘𝑧𝑧𝑖𝑖3�𝑤𝑤𝑖𝑖→𝑖𝑖 − 𝑤𝑤�𝑘𝑘������������������
𝐻𝐻𝑟𝑟𝑡𝑡𝑟𝑟𝑟𝑟𝑝𝑝𝑟𝑟𝑦𝑦𝑛𝑛𝑎𝑎𝑠𝑠𝑡𝑡𝑖𝑖𝑐𝑐 𝑠𝑠𝑙𝑙𝑎𝑎𝑟𝑟𝑡𝑡𝑖𝑖𝑐𝑐𝑖𝑖𝑡𝑡𝑦𝑦

 

+ 𝑢𝑢1𝑘𝑘 𝑆𝑆𝑖𝑖(𝛥𝛥)�����
𝑆𝑆𝑟𝑟𝑎𝑎𝑛𝑛𝑟𝑟𝑚𝑚𝑖𝑖𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟

𝑖𝑖𝑛𝑛𝑑𝑑𝑏𝑏𝑐𝑐𝑟𝑟𝑑𝑑 𝑠𝑠𝑙𝑙𝑎𝑎𝑟𝑟𝑡𝑡𝑖𝑖𝑐𝑐𝑖𝑖𝑡𝑡𝑦𝑦
 

( 3.6) 

where 𝑘𝑘 = 𝑔𝑔 → 𝑔𝑔,𝑔𝑔 → 𝐼𝐼. The synaptic traces evolve as 

 𝑑𝑑𝑧𝑧𝑖𝑖
𝑑𝑑𝛥𝛥

= −
𝑧𝑧𝑖𝑖

𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴
+ 𝑆𝑆𝑖𝑖(𝛥𝛥) 

( 3.7) 

 𝑑𝑑𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠

𝑑𝑑𝛥𝛥
= −

𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠

𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴_𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠
+ 𝑆𝑆𝑖𝑖(𝛥𝛥) 

( 3.8) 
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A lower bound of 0.001 is set for each plastic synapse to prevent negative and zero 

weight. 

 
Table 3.1: Parameter used in the neural circuit. 

Description  Symbol  Value 

Numbers of E, I 
neurons 

 
𝑛𝑛𝐸𝐸 ,𝑛𝑛𝐼𝐼  2000,400 

Network connection 
probability 

 
𝑝𝑝 0.2 [107] 

Background input 
connection number 

 
𝑛𝑛𝑂𝑂 400 

Default firing rate of 
background input 
(per connection) 

 
𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 2.5𝐻𝐻𝑧𝑧 

Axonal delay  𝜏𝜏𝑙𝑙 1ms [107] 

leakage potential  𝑉𝑉𝐿𝐿 -70mV [107] 

Threshold potential  𝑉𝑉𝑡𝑡ℎ -50mV [107] 

Rest potential  𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡 -55mV [107] 

Membrane time 
constant for E, I 

neurons 

 
𝜏𝜏𝐸𝐸 , 𝜏𝜏𝐼𝐼  20ms,10ms [107] 

Refractory period for 
E, I neurons 

 
𝛥𝛥𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑎𝑎𝑡𝑡𝑝𝑝𝑟𝑟𝑦𝑦𝐸𝐸 , 𝛥𝛥𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑎𝑎𝑡𝑡𝑝𝑝𝑟𝑟𝑦𝑦𝐼𝐼  2ms,1ms [107] 

Reversal potential of 
E, I neurons 

 
𝑔𝑔𝐸𝐸 ,𝑔𝑔𝐼𝐼  

0mV，-70mV 
[107] 

Input conductance 
from background to 

E, I neurons 

 

𝑔𝑔𝑂𝑂→𝐸𝐸 ,𝑔𝑔𝑂𝑂→𝐸𝐸 

0.05, 0.08  
(normalized by 

leakage 
conductance) 

Input conductance 
from E to E, I to E, E 

to I, I to I in L1 

 

𝑔𝑔𝐿𝐿1𝐸𝐸→𝐸𝐸 ,𝑔𝑔𝐿𝐿1𝐼𝐼→𝐸𝐸 ,𝑔𝑔𝐿𝐿1𝐸𝐸→𝐼𝐼 ,𝑔𝑔𝐿𝐿1𝐼𝐼→𝐼𝐼 

,𝑔𝑔𝑖𝑖𝑛𝑛𝑡𝑡𝑟𝑟𝑎𝑎𝐸𝐸→𝐸𝐸 ,𝑔𝑔𝑖𝑖𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟𝐸𝐸→𝐸𝐸  

0.02, 0.6, 
0.56, 0.48, 0.8, 

0.18   
(normalized by 

leakage 
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conductance) 

Input conductance 
from E to E, I to E, E 

to I, I to I in L2 

 

𝑔𝑔𝐿𝐿2𝐸𝐸→𝐸𝐸 ,𝑔𝑔𝐿𝐿2𝐼𝐼→𝐸𝐸 ,𝑔𝑔𝐿𝐿2𝐸𝐸→𝐼𝐼 ,𝑔𝑔𝐿𝐿2𝐼𝐼→𝐼𝐼 

0.05, 0.6, 
0.56, 0.48  

(normalized by 
leakage 

conductance) 

Input conductance 
from E L1 to E and FF 

I L2 

 

𝑔𝑔1→2𝐸𝐸→𝐸𝐸, 𝑔𝑔1→2𝐸𝐸→𝐼𝐼 

0.05, 0.05 
(normalized by 

leakage 
conductance) 

Decay time constant 
of AMPA, GABA, and 

NMDA current 

 
𝜏𝜏𝑑𝑑𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴, 𝜏𝜏𝑑𝑑𝐺𝐺𝐴𝐴𝐺𝐺𝐴𝐴, 𝜏𝜏𝑑𝑑𝑁𝑁𝐴𝐴𝐷𝐷𝐴𝐴 

3ms, 8ms, 100ms 
[14, 38] 

Rising time constant 
of AMPA, GABA, 
NMDA current 

 
𝜏𝜏𝑟𝑟𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴, 𝜏𝜏𝑟𝑟𝐺𝐺𝐴𝐴𝐺𝐺𝐴𝐴, 𝜏𝜏𝑟𝑟𝑁𝑁𝐴𝐴𝐷𝐷𝐴𝐴 

0.5ms, 0.5ms 
[107], 20ms [14, 

38] 
Depression time 
constant in STP 

 
𝜏𝜏𝐷𝐷 200ms [19] 

Learning rate for 
long-term 

potentiation 

 
𝐴𝐴𝐸𝐸→𝐸𝐸 ,𝐴𝐴𝐸𝐸→𝐼𝐼 0.001 [39], 0.0001 

Learning rate for 
long-term depression 

 
𝐵𝐵𝐸𝐸→𝐸𝐸 ,𝐵𝐵𝐸𝐸→𝐼𝐼 0.001 [39], 0.0001 

Transmitter plasticity 
strength  

 
𝑢𝑢1𝐸𝐸→𝐸𝐸 , 𝑢𝑢1𝐸𝐸→𝐼𝐼 10−5 [21], 10−6 

Learning rate for 
heterosynaptic  

plasticity 

 
𝛽𝛽𝐸𝐸→𝐸𝐸 ,𝛽𝛽𝐸𝐸→𝐼𝐼 0.002 [21], 0.0002 

Heterosynaptic 
plasticity parameter 

 
𝑤𝑤�𝐸𝐸→𝐸𝐸 ,𝑤𝑤�𝐸𝐸→𝐼𝐼 0.02, 0.05 

Characteristic time 
constant for synaptic 

trace 

 
𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴 20ms [39] 

Characteristic time 
constant for slow 

synaptic trace 

 
𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴_𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠 100ms [39] 
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3.1.2 Statistical Index and Analysis 

A Pearson Correlation, Discriminability and Reliability in Memory Recall 

Good memory storage should be both distinguishable among different memories and 

be consistent with every recall of the same memory. In order to quantify these two 

abilities, we measure the similarity among recall of the same memory and dissimilarity 

between different memories recall. The details are as followed: 

For analyzing patterns similarity, we first count each L2 excitatory neuron firing count 

for each memory recall in the verification period (1s) and obtain a firing count array, 

Fm,n = [N1
m,n, N2

m,n, … ], where m, n is the nth recall of memory m. Ni
m,n is the firing 

count of the ith L2 excitatory neuron in the nth recall of memory m.  

The dissimilarity between patterns representing different memories is called 

discriminability D and is calculated as the inverse of the mean correlations between 

different memories 

 

D = �
∑ ∑ Cm,m′𝑚𝑚=𝐴𝐴

𝑚𝑚=1
𝑚𝑚′=𝐴𝐴
𝑚𝑚′=1,𝑚𝑚′≠𝑚𝑚

𝐴𝐴 ∙ (𝐴𝐴− 1) �

−1

, 
( 3.9) 

 
Cm,m′ =

𝑐𝑐𝑐𝑐𝑐𝑐(F�m, F�m′)
𝑚𝑚𝛥𝛥𝑑𝑑(F�m) ∙ 𝑚𝑚𝛥𝛥𝑑𝑑(F�m′)

, 
( 3.10) 

 
F�m = 〈Fm,n〉𝑛𝑛, 

( 3.11) 

 

where 𝑐𝑐𝑐𝑐𝑐𝑐  represents covariance, 𝑚𝑚𝛥𝛥𝑑𝑑  represents standard deviation, 〈. 〉𝑛𝑛 

denotes mean among 𝑛𝑛. If memories are coded by different neural ensembles, the 
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correlations in the firing patterns will be small and D will be large. There is no 

discriminability with D=1.  

The similarity between patterns representing the same memory in different recalls is 

called recall reliability R and is calculated as 

 

 
R = 〈

∑ ∑ Cm,n,n′
𝑛𝑛=𝐿𝐿𝑚𝑚
𝑛𝑛=1

𝑛𝑛′=𝐿𝐿𝑚𝑚
𝑛𝑛′=1,𝑛𝑛′≠𝑛𝑛

𝐿𝐿𝑚𝑚 ∙ (𝐿𝐿𝑚𝑚 − 1)
〉𝑚𝑚, 

( 3.12) 

 
Cm,n,n′ =

𝑐𝑐𝑐𝑐𝑐𝑐(Fm,n, Fm,n′)
𝑚𝑚𝛥𝛥𝑑𝑑(Fm,n) ∙ 𝑚𝑚𝛥𝛥𝑑𝑑(Fm,n′)

, 
( 3.13) 

 

where Lm is the total number of recall of memory m. If neural ensembles have a 

similar firing pattern every recall, the correlations in the firing patterns will be large 

and R will be large. There is no recall reliability with R=0.  

 

B Relative Spectrum Power  

Relative spectrum power is an important index in learning experiments. As we will 

compare our result with the experiment result, we would like to measure the relative 

spectrum power in our simulation. 

To investigate the change of neural oscillations with learning under different 

conditions, we calculated relative spectrum power defined as the proportion of theta 

and gamma oscillation within L2 excitatory neurons,   
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 ∑ 𝐴𝐴𝑟𝑟𝑓𝑓𝑟𝑟𝑖𝑖𝑖𝑖𝑡𝑡𝑖𝑖𝑠𝑠𝑡𝑡 (𝑓𝑓)
∑ 𝐴𝐴𝑟𝑟∈(0,𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚) (𝑓𝑓) 

( 3.14) 

 

where 𝐴𝐴(𝑓𝑓) is the power of frequency 𝑓𝑓 obtained from fast Fourier transform (FFT) 

of total L2 excitatory membrane potential ∑ 𝑉𝑉𝑖𝑖𝐸𝐸(t)𝑖𝑖∈𝐸𝐸,𝑖𝑖∈𝐿𝐿2  , 𝑓𝑓𝑚𝑚𝑎𝑎𝑚𝑚   is the maximum 

frequency after FFT. 𝑓𝑓𝑖𝑖𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟𝑡𝑡 is the interested frequency range, which can be gamma 

(36-42HZ) and theta (6-10Hz). 

 

C Evolution of Mean Synaptic Weight in Coding Neurons   

We want to measure the synaptic weight evolution because it may give us more insight 

into memory cluster formation in the learning process. 

Neurons are classified into coding neurons representing different memory depending 

on their highest firing rate when a memory is recalled. For each memory with at most 

10 neurons, if there are more than 10, are randomly picked for L1 excitatory, L2 

excitatory, L2 FF inhibitory neurons. The synaptic weights between L1 and L2 and 

within L2 are averaged accordingly and plotted in Figure 3.7 to monitor the evolution 

of synaptic weights during learning.  

 

D Averaged Synaptic Current in Theta Period  

We will see in the result that NMDA current is an important factor to control memory 
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performance. In order to understand how synaptic current is affected by the pulse 

input, synaptic current between the ath and Nth theta period is averaged as 

 
𝐼𝐼(̅𝜃𝜃) =

∑ 𝐼𝐼(𝑇𝑇𝑖𝑖 + 𝜃𝜃)𝑁𝑁
𝑖𝑖=𝑎𝑎
𝑁𝑁 − 𝑎𝑎 + 1

, 
( 3.15) 

 

where 𝜃𝜃 is between 0 and the period of theta, 𝑇𝑇𝑖𝑖 is the starting time of the ith theta 

period, 𝐼𝐼(𝛥𝛥)  is synaptic current at time t, which can be different components in 

𝐺𝐺𝑖𝑖𝑘𝑘𝐸𝐸(𝛥𝛥)�𝑔𝑔𝐸𝐸 − 𝑉𝑉𝑖𝑖𝑘𝑘� + 𝐺𝐺𝑖𝑖𝑘𝑘𝐼𝐼(𝛥𝛥)(𝑔𝑔𝐼𝐼 − 𝑉𝑉𝑖𝑖𝑘𝑘) in Eq. ( 3.1), depending on which current, like 

AMPA, NMDA, to be investigated.  

 

E Duration of L1 Memory Cluster Activation  

Theta oscillation is used to modulate the memory clusters activation in L1 in this 

Chapter, but we found that suitable frequency and short-term depression time 

constant, τD, is required. In order to investigate the reasons behind this, we measure 

the memory cluster duration.  

The cluster activation duration is the maintaining time of strong excitatory synaptic 

current within the memory cluster. Cluster activation duration is defined here as 𝛥𝛥2 −

𝛥𝛥1, where t1 is the time the excitatory synaptic current passing 4V/s from below and 

t2 is the last time the excitatory synaptic current passing 2V/s from below between 

t1 and t1+700ms, where 700ms is 3.5times of τD. We prevent using too long time 
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windows because different recalls may be overlapped. 

The average cluster activation current in Figure 3.16F is calculated as 

 𝐼𝐼(̅𝑇𝑇) = 〈〈𝐼𝐼𝑚𝑚exc(𝛥𝛥2
𝑚𝑚,𝑛𝑛 − 𝑇𝑇𝑚𝑚𝑎𝑎𝑚𝑚 + 𝑇𝑇)〉𝑛𝑛〉𝑚𝑚,𝑇𝑇 ∈ [0,𝑇𝑇𝑚𝑚𝑎𝑎𝑚𝑚] ( 3.16) 

 𝐼𝐼𝑚𝑚exc(𝛥𝛥) = 〈𝐼𝐼𝑖𝑖(𝛥𝛥)〉𝑖𝑖∈𝜕𝜕𝑚𝑚 , ( 3.17) 

 𝑇𝑇𝑚𝑚𝑎𝑎𝑚𝑚 = min
𝑚𝑚

(〈𝛥𝛥2
𝑚𝑚,𝑛𝑛 − 𝛥𝛥1

𝑚𝑚,𝑛𝑛〉𝑛𝑛), ( 3.18) 

 

where 𝛥𝛥2
𝑚𝑚,𝑛𝑛 and 𝛥𝛥1

𝑚𝑚,𝑛𝑛 are 𝛥𝛥2 and 𝛥𝛥1 of nth activation of memory m respectively, 

𝜕𝜕𝑚𝑚 indicates the L1 neurons in memory cluster m, 𝐼𝐼𝑖𝑖(𝛥𝛥) denotes the excitatory 

current of neuron i at time t. 

 

3.2 Results 

Experiment [104] shows the difference in performance and oscillation between the 

case of having feedforward (FF) E → I  STDP (Normal) and without FF E → I  STDP 

(NO  E → I  STDP). It is also shown that the plasticity of synapses connecting 

excitatory neuron and PV+ interneurons (E → I) show potentiation when theta-burst 

stimulation (TBS) is applied which is similar to the plasticity among excitatory synapses 

( E → E ) that can be modeled as Hebbian spiking-timing-dependent plasticity. 

Therefore, we assume the plasticity of E → I  synapses is also Hebbian and in the 

same form as E → E synapses and build a model to study the effect of plasticity.  
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3.2.1 Network and Circuit Dynamics  

It is found in the experiment that feedforward and recurrent excitatory to inhibitory 

synapses in the hippocampus performed different plasticity [41, 142], which are 

Hebbian and non-Hebbian respectively, and the plasticity found in [104] experiment is 

Hebbian like, therefore we assume the E → I  STDP is mainly functioning in 

feedforward synapses. As a result, the model circuit (Figure 3.1A) is composed of two 

layers (L1, L2), each with 2000 excitatory neurons (E), 𝑛𝑛𝐸𝐸 , and 400 inhibitory (I), 𝑛𝑛𝐼𝐼, 

neurons. Neurons are randomly connected with probability 𝑝𝑝 = 0.2  within a layer 

and from L1 excitatory neurons to L2 excitatory neurons and feedforward inhibitory 

(FF inh) neurons in L2. In L2, FF inh neurons also uni-directionally connect with 

recurrent inhibitory (Re inh) neurons to separate the feedforward and recurrent 

inhibitory population. More generic circuit structures are also tested and it does not 

change our result much (Figure 3.14). Each neuron in L1 and L2 receives background 

input from 400 independent Poisson trains, 𝑛𝑛𝑝𝑝 , with rate  𝑓𝑓𝐿𝐿1
𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑  and 

𝑓𝑓𝐿𝐿2
𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 respectively. Neuros are modeled by conductance-based integrate-and-

fire dynamics [9] with short-term depression and long-term plasticity (details in 

Materials and methods). 
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3.2.2 Learning and Verification of Memory Coding   

We preset 𝐴𝐴 = 10 memories in sequence (each consists of 200 excitatory neurons, 

𝑛𝑛𝐴𝐴 ) and the synaptic strength, 𝑔𝑔𝑖𝑖𝑛𝑛𝑡𝑡𝑟𝑟𝑎𝑎𝐸𝐸→𝐸𝐸  , within L1 memory cluster is strengthened. 

There are also strengthened synapses, 𝑔𝑔𝑖𝑖𝑛𝑛𝑡𝑡𝑟𝑟𝑟𝑟𝐸𝐸→𝐸𝐸 ,   from one memory cluster to its 

consecutive memory cluster in L1 (Figure 3.1A). 400 inhomogeneous Poisson spike 

train with frequency 𝑓𝑓𝐿𝐿1
𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 modulated by theta (𝑓𝑓𝑡𝑡ℎ𝑟𝑟𝑡𝑡𝑎𝑎 = 8Hz) oscillation (i.e. 

𝑓𝑓𝐿𝐿1
𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 = 2.5(2 − cos (2𝜋𝜋 × 𝑓𝑓𝑡𝑡ℎ𝑟𝑟𝑡𝑡𝑎𝑎 × 𝛥𝛥 + 𝜋𝜋)) ) is then applied to L1 neurons to 

undergo synfire train recall of the memory clusters. L2 neurons receiving 400 Poisson 

spike train with frequency 𝑓𝑓𝐿𝐿2
𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 = 2.5𝐻𝐻𝑧𝑧 to maintain background activity. We 

let the network evolve for 2s to stabilize the dynamics states before switching on the 

long-term plasticity.  

During the learning period (Figure 3.1B), synaptic strength between L1 and L2 and 

within L2 is modified to learn patterns from L1 firing. After learning for 140s, plasticity 

is switched off and the strengthened synapses in L1 between different memories 

clusters are reset to 𝑔𝑔1𝐸𝐸→𝐸𝐸 to stop synfire recall in L1 in order to verify the coding 

performance in L2 in different verification periods (Figure 3.1B). One verification 

period is composited of 1s applying Theta (8Hz) oscillation to L1 in order to randomly 

activate one memory and another 1s shifting L1 excitatory neurons input into 0.25 Hz 

Poisson spike train in order to deactivate memory cluster. This verification period 
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cycle would be performed 100 trials to collect sufficient data about the learnt firing 

patterns in L2 representing L1 memory clusters. 
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Figure 3.2 Simulation result. (A-C): Comparison between having FF 𝑔𝑔 → 𝐼𝐼 STDP (Normal) and without FF 𝑔𝑔 → 𝐼𝐼 

STDP (NO 𝑔𝑔 → 𝐼𝐼 STDP). (A-B): Relative power normalized by initial power, where initial indicates, where initial 

indicates first 10s of learning, and finial indicates last 10s of learning. (A): theta (8-10Hz). (B): gamma (36-42Hz). 

(C): Coding performance. (D-E): Raster plot of NO 𝑔𝑔 → 𝐼𝐼 STDP at early (D) and later learning periods (E). (F-G): 

Raster plot of Normal at early (F) and later learning periods (G). Black and red colors indicate excitatory and 

recurrent inhibitory neurons in L1 and L2, and blue color denotes feedforward inhibitory neurons in L2. Neuron 

numbers 0-2399 are L1 neurons and 2800-5199 are L2 neurons. Subplots on top are the magnification of the L2 

inhibitory neuron population. Note that numbers 2400-2799 are not used to label neurons. (H-I): Synaptic weight 

evolution between neurons representing the same memory (corresponding) and neurons representing different 

memories (not corresponding) (details in Method, statistical index, and analysis). (H): Recurrent L2 𝑔𝑔 → 𝑔𝑔 

synapses and NO 𝑔𝑔 → 𝐼𝐼 STDP. (I): Recurrent L2 𝑔𝑔 → 𝑔𝑔 synapses and with 𝑔𝑔 → 𝐼𝐼 STDP. (J): Feedforward 𝑔𝑔 → 𝐼𝐼 

synapses when 𝑔𝑔 → 𝐼𝐼  STDP is available. (K): Recurrent NMDA current and (L): Recurrent AMPA current in L2 

excitatory neurons. In (A-C, K, L), **** indicates p<0.0001 and N.S. means p>0.05 in 2 samples Student’s t-test. 

 

3.2.3 Consistency With Experiment 

A Neural Oscillations During Learning  

In the experiment [104], theta and gamma oscillations are found to be unchanged 

before and after learning if E → I STDP is prohibited, and both increase when E → I 

STDP is available. Relative spectrum power (details in Materials and methods) is 

calculated to investigate if a similar phenomenon occurred in our model simulation. It 

is found that gamma oscillation is increased after learning when FF E → I  STDP is 

available while there is no change without FF E → I  STDP (Figure 3.2A), which is 

consistent with the experiment. However, theta oscillation is decreased after learning 

when FF E → I  STDP is available (Figure 3.2B), which is not consistent with the 

experiment. 
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B Performance 

A well-coded memory has the following two properties, high similarity between 

different recalls of the same memory (high recall reliability) and low similarity among 

different memories (high discriminability). We compare the discriminability, recall 

reliability in L2 respectively (details in Materials and methods). Moreover, a 

comprehensive quantity, defined as recall reliability minus reciprocal of 

discriminability, is used to compare the performance. It is found that when FF E → I 

STDP is available, the discriminability and performance of having FF E → I STDP is 

much better than without FF E → I STDP (Figure 3.2C), which is consistent with the 

experiment that having FF E → I  STDP produces better long term memory 

performance. The difference in performance can be visualized in the raster plot where 

L2 excitatory neurons respond similarly when there is without E → I  STDP (Figure 

3.2D, E) and spike relatively corresponding to L1 memory cluster activation when E →

I STDP is applied (Figure 3.2F, G). It has to be clarified that both with and without E →

I STDP also formed potentiated clusters in the L2 excitatory population (Figure 3.2H, 

I). The difference between them is that these clusters respond to L1 memory activation 

differently. The performance difference in the model comes from the formation of 

inhibitory clusters when FF E → I STDP is available (Figure 3.4D, Figure 3.5), which 

can assist memory discrimination in L2 through choosing L2 excitatory neurons that 
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have fewer inhibitory connections with the corresponding inhibitory memory cluster 

to fire and shape the pattern to represent memory in L2. 

 

C AMPA and NMDA Current Modulation 

It is found in the experiment that AMPA and NMDA receptors are over-activated when 

FF E → I STDP is not available. We also found that the NMDA and AMPA currents 

after learning are much stronger when FF E → I STDP is prohibited (Figure 3.2K, L), 

while it can be maintained during learning when FF E → I STDP is available. 

 

3.2.4 Rescue Prediction 

As the model shows various properties that are similar to the experimental result, we 

would like to use this model to further study the possibility of rescuing memory 

performance in the following. 

We have seen that when FF E → I STDP plasticity is not available, the L2 circuit is 

overexcited with much stronger NMDA and AMPA currents. We expected that applying 

appropriate pulse input to inhibitory neurons in L2 in the case without FF E → I STDP, 

which may induce additional inhibition to prevent overexcitation, can rescue the 

memory performance and oscillation. In modeling, gamma (40Hz) pulse input 

represented by cycles with an interval Δ𝛥𝛥1 = 125𝑚𝑚𝑚𝑚 (theta period) apart is applied 

to feedforward inhibitory neurons (FF inh, Figure 3.3A). Within each cycle, pulses are 
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applied to L2 FF inh with duration Δ𝛥𝛥3 = 2𝑚𝑚𝑚𝑚 separated by shorter interval Δ𝛥𝛥2 =

25𝑚𝑚𝑚𝑚 (gamma period) (Figure 3.3A). During the pulse applying period, half of the FF 

inh neurons that are not within the refractory period are forced to spike.  
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Figure 3.3 Pulse input and memory rescue. (A): Model architecture and pulse input mechanism. Theta period 𝛥𝛥𝛥𝛥1 =

125𝑚𝑚𝑚𝑚. Gamma period 𝛥𝛥𝛥𝛥2 = 25𝑚𝑚𝑚𝑚. Pulse duration 𝛥𝛥𝛥𝛥3 = 2𝑚𝑚𝑚𝑚. (B): Coding performance of applying different 

numbers of pulses. The red line indicates the performance of having FF 𝑔𝑔 → 𝐼𝐼 STDP. Black (0 pulse), red (1 pulse) 

and green (5 pulses) bars correspond to NO 𝑔𝑔 → 𝐼𝐼 STDP, theta only and gamma only, respectively.  (C): Mean 

membrane potential among 1100th to 1128th theta periods. Dash lines indicate a gamma period. (D-E): Mean 

recurrent current per theta cycle at the beginning of learning (initial) (mean of 8th to 18th theta cycle) and late 

learning (finial) (mean of the 1100th to 1128th theta cycle). (D): NMDA. (E): AMPA. (F-K) Raster plot of for inputs of 

theta+gamma (F, G), theta (H, I), and gamma (J, K) pulses at the beginning of learning (F, H, I) and late learning (G, 

I, K) stages. Black, red and blue dots indicate excitatory, recurrent inhibitory and FF inh neurons in L2, respectively. 

Neuron numbers 0-2399 are L1 neurons and 2800-5199 are L2 neurons. Subplots on top are the magnification of 

the L2 inhibitory neuron population. Note that numbers 2400-2799 are not used to label neurons. (L): Relative 

gamma power of late learning (mean of last 10s of learning) normalized by mean NO 𝑔𝑔 → 𝐼𝐼 STDP gamma power 

of early learning (mean of first 10s of learning). (M): Relative theta power of late learning (mean of last 10s of 

learning) normalized by mean NO 𝑔𝑔 → 𝐼𝐼 STDP theta power of early learning (mean of first 10s of learning). (N-P): 

Recurrent 𝑔𝑔 → 𝑔𝑔 synaptic weight evolution between neurons representing the same memory (corresponding) and 

neurons representing different memories (not corresponding) (details in Method, statistical index, and analysis). 

(N): Theta+gamma. (O): Theta (P): Gamma. (Q-U): Synapses connections among high firing neurons in L2 excitatory. 

In (B, D, E, L, M), **** indicates p<0.0001, *** indicates p<0.001 and N.S. means p>0.05 in 2 samples Student’s t-

test. 

 

A Effects of Additional Pulse Input  

To test if applying pulse input can rescue and if providing different numbers of pulses 

within theta period to networks without FF E → I  STDP would rescue the 

performance to different extents, we tested by applying different numbers of pulses 

to the network. It is found that the performance is the best when 2 and 3 pulses are 

applied (Figure 3.3B, Figure 3.3F-K) because they have the highest discriminability 

(Figure 3.4F) and recall reliability (Figure 3.4G). In the following, applying 1, 2, and 5 

gamma pulses within 1 theta cycle when FF E → I STDP is not available will be studied 

and called theta, theta plus gamma, and gamma respectively for simplicity. The direct 
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effect of the pulses is activating the FF inh neurons and suppressing the L2 excitatory 

membrane potential temporarily. Therefore, the more pulses applied, the more time 

the membrane potential stays at a low value (Figure 3.3C). The intuitive expectation is 

that the more the pulses are applied to the inhibitory neurons in L2, the lower the L2 

excitatory neurons firing rate is because the applied pulses would suppress the L2 

excitatory membrane potential, which is proportional to firing rate, but it is not 

necessarily the case. We observed that in the case of gamma, the firing rate of the high 

spiking neurons is higher than both theta and theta plus gamma (Figure 3.3C). It can 

be explained by the recurrent NMDA current. L2 Recurrent NMDA current reflects the 

excitability within high firing cluster and the performance improvement comes from 

NMDA current reduction (Figure 3.3D). The reduction is largest when 2 to 3 gamma 

pulses are applied (Figure 3.9E), which shows that there exists a particular pulse 

number providing the lowest excitability in L2. When too many pulses are applied, 

post-inhibitory rebound [143], which provided excitability to excitatory neurons, 

would be generated (Figure 3.12). Moreover, AMPA current also shows a similar trend 

as NMDA current (Figure 3.3E). Similar as with and without E → I STDP, clusters are 

also formed within L2 high firing excitatory neurons for theta plus gamma, theta, and 

gamma (Figure 3.3N-P), but the time required to form a cluster is significantly longer 

for gamma (Figure 3.3P). It is because it takes time for the inhibitory rebound to 
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interact with STDP to overcome the strong inhibitory suppression. 

Furthermore, the theta and gamma oscillations, which stay at a low value when FF 

E → I STDP is prohibited, would also be rescued for theta plus gamma (Figure 3.3L, 

M). The gamma oscillation rescue is even stronger than theta plus gamma for the case 

of gamma, but it has no theta oscillation (Figure 3.3L, M). For the case of theta input, 

gamma oscillation is unchanged, but theta oscillation is rescued but not as much as 

theta plus gamma (Figure 3.3L, M).   

 

B Cluster Formation in L2 

Synapses among high spiking L2 excitatory neurons are strengthened to form a 

memory cluster. Each neuron has different firing rates responding to different 

memories, where the memory coded by a neuron is defined as the memory neuron 

that responds with the highest firing rate. We think that good coding should code 

different memories in different clusters and these clusters should have a similar size. 

In order to investigate the memory coding quality in L2, we, therefore, pick out those 

high firing neurons representing different memories and study the synaptic strength 

and cluster formation among them (details in Materials and methods) (Figure 3.3Q-U 

and red bracket indicate neurons within having the highest firing rate in responding to 

the same memory) It is found that number of memory coded in high spiking neurons 

in the case with FF E → I STDP (Figure 3.3Q) is the most and the coding clusters have 
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the evenest in size, theta plus gamma (Figure 3.3S) is second and then theta and 

gamma (Figure 3.3T, U), the case without FF E → I STDP (Figure 3.3R) is the worst. It 

is also consistent with the performance result (Figure 3.3B). 

 

3.3 Mechanism 

We have shown that our simulation results match with most of the experimental 

founding in [104]. In the following, we are going to show the mechanism behind and 

some further exploration of our model. 

 

3.3.1 Discriminability, Reliability and Performance 

A Discriminability  

Good quality of memory coding should be able to separate different memories. 

Therefore, the L2 firing rate patterns under different L1 memory retrievals are 

compared through correlation among these patterns. High (Low) correlation means 

low (high) coding quality and low (high) discriminability because the firing patterns 

simulated by different L1 clusters are similar (different) and cannot (can) be 

distinguished. It is found that when feedforward E → I  STDP is available, the 

discriminability is high and it is not strongly related to initial 𝑔𝑔1→2𝐸𝐸→𝐼𝐼  (Figure 3.4A). 

However, when the feedforward E → I  STDP is unavailable, discriminability is 
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decreased a lot, it is more serious when 𝑔𝑔1→2𝐸𝐸→𝐼𝐼 is small (Figure 3.4A), where D is close 

to 1.0, suggesting no discriminability at all. This is because with too small 𝑔𝑔1→2𝐸𝐸→𝐼𝐼, FF 

inhibitory neurons in L2 mainly responds to background input, thus cannot provide 

sufficient inhibition to the excitatory neurons in L2. These neurons firing frequently 

irrespective of the memories in L1 (Figure 3.4E).  The discriminability can be rescued 

to some extent when theta plus gamma or gamma oscillation is applied around 

𝑔𝑔1→2𝐸𝐸→𝐼𝐼=0.05, but cannot be rescued by theta oscillation (Figure 3.4A, F). We found that 

there is also memory cluster formation in the L2 inhibitory population with FF E → I 

STDP is available (Figure 3.4D). We think that the inhibitory memory cluster can assist 

memory discrimination by choosing L2 excitatory neurons that have fewer inhibitory 

connections with corresponding inhibitory memory clusters to fire and shape the 

pattern. Therefore, we assign a representing memory to each L2 excitatory and 

inhibitory neuron according to their highest firing rate during different memory recall 

in L1. We calculate the connectivity for I → E synapses among these neurons for each 

memory and we found that the I → E connectivity for having FF E → I STDP is much 

less when inhibitory and excitatory neurons are representing the same memory than 

representing different memory, while NO E → I STDP and theta plus gamma has no 

much difference (Figure 3.5). It means network with FF E → I STDP form inhibitory 

memory cluster to assist memory discrimination, while without FF E → I STDP and 
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theta plus gamma cannot form inhibitory memory cluster (theta plus gamma being 

better than NO E → I STDP is because of NMDA current, details in 3.3.4), thus does 

weaker discriminability. 

 

B Recall Reliability  

Another requirement for good memory coding quality is firing rate pattern consistency 

for the same memory. Good coding should be able to present the same information in 

different retrieval, therefore, correlation among different retrievals is used to quantify 

the similarity of the firing rate patterns of the same memory in different retrieval. High 

(Low) correlation means high (low) recall reliability because the firing patterns 

simulated by the same L1 memory are (are not) reliable. With and without 

feedforward E → I STDP have similar reliability in all 𝑔𝑔1→2𝐸𝐸→𝐼𝐼 (Figure 3.4B). In the case 

of applying gamma, theta, and theta plus gamma oscillation in the absence of 

feedforward E → I STDP, recall reliability are good at small 𝑔𝑔1→2𝐸𝐸→𝐼𝐼 (Figure 3.4B,G), but 

get worse in the large 𝑔𝑔1→2𝐸𝐸→𝐼𝐼  regime(Figure 3.4B). It is because the number of high 

spiking neurons in L2, which is defined as the mean number of neurons that have more 

than 10 Hz within one verification period among different memories, decreases to a 

very low value (Figure 3.4E) and some memories have even no high spiking neurons in 

the case of applying gamma and theta oscillation.  
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C Performance 

Good memory coding should have both high discriminability and high recall reliability. 

Therefore, we define the performance as recall reliability minus reciprocal of 

discriminability (R − D−1). Overall, having feedforward E → I STDP out preforms the 

case without feedforward E → I  STDP (Figure 3.4C). When theta plus gamma or 

gamma oscillation is applied, the performance is better around 𝑔𝑔1→2𝐸𝐸→𝐼𝐼 = 0.05 because 

of improvement in discriminability (Figure 3.4C). When 𝑔𝑔1→2𝐸𝐸→𝐼𝐼  is large, the recall 

reliability falls, therefore the performance becomes worse than without applying 

oscillation (Figure 3.4C). Theta oscillation does not provide higher discriminability; 

therefore, the performance is not improved (Figure 3.4C). 

  



103 
 

 

Figure 3.4 Quality of memory coding of different 𝑔𝑔1→2𝐸𝐸→𝐼𝐼. (A): Discriminability. (B): Recall reliability (C): Performance. 

(D): L2 inhibitory population discriminability. (E): Number of high spiking neurons in L2 excitatory population. 

Legend denotes the plasticity and oscillation setting. Normal: All plasticities are variable. NO 𝑔𝑔 → 𝐼𝐼 STDP: FF 𝑔𝑔 →

𝐼𝐼 STDP is forbidden. Theta+Gamma: FF 𝑔𝑔 → 𝐼𝐼 STDP is forbidden and 2 pulses are applied within one theta period 

as Figure 3.3A. Theta (8Hz): FF 𝑔𝑔 → 𝐼𝐼 STDP is forbidden and 1 pulse is applied within one theta period. Gamma 

(40Hz): FF 𝑔𝑔 → 𝐼𝐼 STDP is forbidden and 5 pulses are applied within one theta period. Coding discriminability (F) 

and recall reliability (G) of applying different numbers of pulses when  𝑔𝑔1→2𝐸𝐸→𝐼𝐼 = 0.05. Black (0 pulse), red (1 pulse) 

and green (5 pulse) bars correspond to NO 𝑔𝑔 → 𝐼𝐼 STDP, theta only and gamma only, respectively.   

 

Figure 3.5Connectivity of L2 FF inh to L2 exc of different memories. (A): Normal, (B): NO 𝑔𝑔 → 𝐼𝐼 STDP, (C): 

theta+gamma. (D): Statistical result. Other parameter used: 𝑔𝑔21𝐼𝐼𝐸𝐸 = 0.05. 
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3.3.2 Relative Power Spectrum and Oscillation Power During Learning 

The relative power spectrum is used to calculate the gamma and theta oscillation, 

which are important observations in experiments, and they may change before and 

after learning. Therefore, we average the first and last 10s of learning in our simulation 

to represent the relative power spectrum before and after learning respectively 

(Figure 3.6). The power spectrums of NO E → I STDP and theta plus gamma do not 

change much after learning (Figure 3.6A, C), while the power density can more 

concentrated to 42Hz after learning for Normal (Figure 3.6B), which causes the gamma 

and theta power to potentiate and depress in Figure 3.3B, C. The power spectrum 

density of theta plus gamma, theta and gamma do not have much change after 

learning because the pulses modulate the oscillation (Figure 3.6C, D, E). It is also found 

that there are many peaks between 8Hz and 40Hz in the case of theta plus gamma and 

theta (Figure 3.6C, D). The frequencies of those peaks are multiple of 8Hz, i.e. 16Hz, 

24Hz, 32Hz, therefore, we expect they are harmonics of 8Hz. For the case of gamma, 

5 gamma periods equal to 1 theta period, therefore no peak at 8Hz (Figure 3.6E). 
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Figure 3.6 Relative spectrum of different conditions. (A-E): Relative power spectrum density comparison between 

before (mean of first 10s of learning) and after learning (mean of last 10s (130s-140s) of learning). (A): NO 𝑔𝑔 →

𝐼𝐼𝑆𝑆𝑇𝑇𝐷𝐷𝐴𝐴. (B): Normal. (C): Theta+gamma. (D): Theta. (E): Gamma. (F-G): Relative spectrum power during learning. 

(F): gamma (36-42Hz). (G): theta (6-10Hz). Other parameter used 𝑔𝑔1→2𝐸𝐸→𝐼𝐼 = 0.05. The curve is smoothed with sliding 

window spanned 5 data points. 

Focusing on theta and gamma oscillation, gamma oscillation is found to increase 

during learning in all situations, except with theta waves (Figure 3.6F). The amount of 
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gamma oscillation during learning for Normal is NO E → I STDP, which is consistent 

with the experiment. Theta oscillation is found reduced for both Normal and NO E →

I STDP during learning (Figure 3.6G), which is not consistent with the experiment.  

 

3.3.3 Synaptic Weight 

E → E synaptic weights evolve according to the STDP rule and their pre- and post- 

neurons. Plastic E → E synapse in our model can be separated into feedforward (FF, 

from L1 to L2) and recurrent (within L2). These EE synapses can also be separated as 

that their pre- and post- neurons responding to the same memory (corresponding) or 

not (not corresponding). Neurons respond to different memories differently and 

neurons that generate the highest firing rate among different memories correspond 

to that memory. Both feedforward and recurrent E → E  synapses have stronger 

fluctuation for the case NO E → I STDP (Figure 3.7B, E) than Normal (Figure 3.7A, D). 

It is because the discriminability is low (Figure 3.7A) and coding synapses involve in all 

memories, therefore, synaptic weights change no matter which memory is activated. 

Corresponding synapses have stronger synaptic weight than not corresponding 

synapses for both FF and recurrent synapses. FF synapses have strong fluctuation and 

return to initial value frequently (Figure 3.7A, B). In contrast, the recurrent synapses 

potentiate gradually to form memory clusters (Figure 3.7D, E). Additionally, FF E → I 
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synapses are plastic when Normal is available and the synaptic weight is also 

potentiated gradually (Figure 3.7C). For the case of theta plus gamma, theta, and 

gamma pulse inputs, the FF E → E synapses also fluctuate vigorously (Figure 3.7F, G, 

H) and clusters can be formed (Figure 3.7 I, J, K). The formation of clusters in the 

gamma case is much slower than the others because the firing rate is strongly 

suppressed at the start of learning (Figure 3.7A orange). It suggested that clusters can 

be formed for all the cases, but clusters may respond to more than one memory 

similar to without NO E → I STDP (Figure 3.7E), therefore, it is not equal to good 

memory coding.  
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Figure 3.7 Mean synaptic weight evolution during learning for success coding memory in different situations. FF: 

feedforward. Re: recurrentLegend shows neurons connected by synapse are corresponding (blue) and not 

corresponding (red) to the same memory respectively. Other parameter used 𝑔𝑔1→2𝐸𝐸→𝐼𝐼 = 0.05. 

Synapses among high spiking L2 excitatory neurons are strengthened to form clusters. 

Each neuron has different firing rates responding to different memories, where the 

memory coded by a neuron is defined as the memory neuron that responds with the 

highest firing rate. We think that good coding should code different memories in 
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different clusters and these clusters should have a similar size. In order to investigate 

the memory coding quality in L2,  we, therefore, pick out those high firing neurons 

representing different memories and study the synaptic strength among them (Figure 

3.7A-F and red bracket indicate neurons within having highest firing rate in responding 

to the same memory). It is found that the number of memory coded in high spiking 

neurons in the case Normal (Figure 3.7A, B) is the most and the coding clusters have 

the evenest in size, theta plus gamma (Figure 3.7E, F) is second and NO E → I STDP 

(Figure 3.7C, D) is the worst. It is and consistent with the discriminability result (Figure 

3.7A). 

 

Figure 3.8 Synapses connections among high firing neurons when 𝑔𝑔1→2𝐸𝐸→𝐼𝐼 = 0.05. (A, C, E) Synaptic strength among 

L1 excitatory neurons (x-axis) and L2 high spiking excitatory neurons (y-axis). L1 neurons are sorted according to 

the 10 memories (1-200 for memory 1 and so on). (B, D, F): Synaptic strength among L2 high spiking excitatory 

neurons. The red brackets indicate neurons within having the highest firing rates in responding to the same memory. 

(A, B): All plasticity available. (C, D): without FF 𝑔𝑔 → 𝐼𝐼 STDP. (E, F): theta plus gamma. 
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3.3.4 Effect of Additional Pulse Inputs 

In 3.2.4A, it is found that the performance is the best when 2 and 3 pulses are applied 

(Figure 3.3B, Figure 3.10H red). It is because they have the highest discriminability 

(Figure 3.10B red) and recall reliability (Figure 3.10E red). 

In the following, we are going to study how pulses within a theta period produce 

discriminability differences. We observed that without feedforward E → I  STDP, 

gamma pulse (5 pulses separated by 25ms in one theta period) and theta pulse (1 

pulse in one theta period) induce too strong persistent activity that responds to all 

memories during learning (Figure 3.9A, C). To investigate the cause of too strong 

persistent activity, we first found that the firing rate of the high firing neurons is lowest 

when 3 pulses are applied and highest when no or one pulse is applied (Figure 3.9E), 

which shows that there exists a particular pulse number providing the lowest 

excitability in L2, different from the intuitive expectation that the more the pulses are 

applied to the inhibitory neurons in L2, the weaker the excitability is. We further found 

that the mean recurrent synaptic current at the end of learning has a smaller value 

when 2 or 3 pulses are applied and has a higher value when 0 or 5 pulses are applied 

(Figure 3.9F). After that, we looked into the recurrent synaptic current which is similar 

at the start of learning (Figure 3.9H), but is differentiate when closing to the end of 



111 
 

learning (Figure 3.9J). The synaptic current is smaller for 2 or 3 pulses and higher for 0 

or 5 pulses which is consistent with Figure 3.9F.  

High synaptic current coincidently found for too few or too many pulses, which are 

the cases for poor performance and too strong persistent activity. It made us wonder 

if the synaptic current being the cause of generating too strong persistent activity and 

hence deteriorate the performance. It is known that NMDA current can be a 

mechanism to generate persistent activity [110, 144]. Therefore, in order to test if 

NMDA being the cause of too strong persistent activity, we tried to manually reset the 

NMDA current to zero every theta period. If NMDA is the cause, the persistent activity 

should be weakened and better respond to memories. It is found that reducing both 

recurrent NMDA current receiving by all excitatory neurons and membrane potential 

periodically can stop the persistent activity and excitatory neurons start to respond to 

specific memory when no pulse is applied (Figure 3.9A, B). The persistent activity of 

applying 5 pulses can also be terminated by resetting the recurrent NMDA current 

(Figure 3.9C, D). It suggested that recurrent NMDA current should play a role in the 

strong persistent activity that prevents proper memory coding.  

As recurrent NMDA current is the cause of the strong persistent activity, we further 

investigate the recurrent NMDA current when different numbers of pulses are applied 

to networks without FF E → I STDP. It is found that recurrent NMDA current starts 
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and ends at a higher value (Figure 3.9G, I, K) when no pulse is applied than applying 

pulses. It suggested that gamma pulses can reduce the recurrent NMDA current. 

However, when applying 5 pulses, although the recurrent NMDA current starts at a 

low value (Figure 3.9G, I), it also ends with large values (Figure 3.9G, K). It can be 

explained by inhibitory rebound [143], where the excitation frequency of inhibitory 

neurons matching with the natural frequency of the membrane potential oscillation 

causes additional excitability of the neurons (Details in 3.3.6 inhibitory rebound). 

When two or three pulses are applied within each theta cycle, the applied pulses 

reduce the network activity for a period of time which allows recurrent NMDA current 

to decay (Figure 3.9K). Therefore, the recurrent NMDA current does not grow to high 

value, and persistent activity can be maintained and stopped effectively and 

discriminability power can be developed.  
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Figure 3.9 NMDA current effect. Raster plot of manipulated synaptic current and membrane potential in the case 

of NO 𝑔𝑔 → 𝐼𝐼 STDP. Black, red and blue dots indicate excitatory, recurrent inhibitory and FF inh neurons in L2, 

respectively. Neuron numbers 0-2399 are L1 neurons and 2800-5199 are L2 neurons. (A): No pulse is applied (B): 

No pulse is applied and recurrent NMDA current and membrane potential are reset to 0 and 𝑉𝑉𝐿𝐿  every 125ms. (C): 

gamma pulse is applied. (D): gamma pulse is applied and recurrent NMDA current is reset to 0 every 125ms. (E-K): 

Firing rate and synaptic current of applying pulse within theta cycle to network NO 𝑔𝑔 → 𝐼𝐼 STDP. (E): firing rate of 

high spiking neurons. (F): Mean recurrent excitatory current (smoothed with sliding window spanned 100 cycles) at 

different theta cycles. (G): Mean recurrent NMDA current (smoothed with sliding window spanned 100 cycles) at 

different theta cycles. (H): Mean recurrent excitatory current of 10th to 38th theta period. (I): Mean recurrent NMDA 

current of 10th to 38th theta period. (J): Mean recurrent excitatory current of 1100th to 1128th theta period. (K): Mean 

recurrent NMDA current of 1100th to 1128th theta period. The legend shows the number of pulses used in one cycle. 

Dash lines in H-K represent the starting time of applying pulse input. 

As a result, we suggest that suitable recurrent NMDA current is important for forming 

strong synapses through STDP. Persistent activity generated by recurrent NMDA 

current can induce more post spikes to more easily form strong synapses and memory 

clusters in L2. However, too strong persistent activity can hardly be terminated and 

hence the network’s responses to all memory patterns are similar, leading to low 

discriminability. 

We further investigate the effect of combinations of different theta (6, 8, 10Hz) and 

gamma (30, 40, 50Hz) frequencies. The maximal number of pulses that can be applied 

is restricted by the theta and gamma frequencies used ( = 𝑔𝑔𝑎𝑎𝑚𝑚𝑚𝑚𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑓𝑓𝑟𝑟𝑏𝑏𝑛𝑛𝑐𝑐𝑦𝑦
𝑡𝑡ℎ𝑟𝑟𝑡𝑡𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑓𝑓𝑏𝑏𝑟𝑟𝑛𝑛𝑐𝑐𝑦𝑦

 ). 

Discriminability has a similar inverted U shape, having lower value at the two ends and 

higher value at around 3 and 4 pulses, among different theta frequency and has a 

slightly lower value when higher gamma frequency is applied for fixed theta frequency 

condition Figure 3.10A, B, C), but it does not show much difference among 6,8,10Hz 
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theta frequency. Recall reliability has also a similar shape, decreasing slowly when 

increasing the number of pulses applied, among different theta frequencies (Figure 

3.10D, E, F). The decrease is due to the reduced number of coding neurons. As a result, 

the best performance is around 2 to 4 pulses at gamma frequency applied to one theta 

period (Figure 3.10G, H, I) and the performance is slightly better for higher gamma 

frequency but is not affected by theta frequency. It suggested that the effect of 

applying gamma pulse into theta oscillation is not very sensitive to theta and gamma 

frequency. 

 

Figure 3.10 Effect of theta (6, 8, 10Hz) and gamma (30, 40, 50Hz) combination on discriminability. (A-C), recall 

reliability (D-F) and performance (G-I). (A, D, G): Theta=6Hz , (B, E, H): Theta=8Hz, (C, F, I): Theta=10Hz. Data points 

representing theta and gamma are in filled diamond and circle respectively. 

 

3.3.5 Extent Frequency Regime 

One theta period can be separated into two parts, with gamma pulse ([0, Δt2]) and 

without gamma pulse ([Δt2, Δt1]) (Figure 3.3A).From Figure 3.10, it can be seen that 
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at higher gamma frequency, the performance is slightly better. Considering applying 2 

pulses, if fixing Δt1  and reducing Δt2  by increasing gamma frequency, the 

discriminability should reduce because NMDA current has no time to decay. In another 

way round, if fixing Δt2 and lengthening Δt1 (slower theta, even go into delta range), 

the persistent activity would be harder to terminate and discriminability should also 

reduce. Therefore, we are curious to what extent Δt2 can be shortened and Δt1 can 

be lengthened and we expected it should be related to the timescale of NMDA current. 

For convenient for comparison with theta (6-10Hz) and gamma (30-50Hz) oscillation, 

we will call 𝑓𝑓1 as frequency of Δt1 and 𝑓𝑓2 as frequency of Δt2. Therefore, we are 

going to test lower 𝑓𝑓1and higher  𝑓𝑓2 frequency in applying 2 pulses situation. It is 

found that the discriminability and performance get worse when  𝑓𝑓1 moves to lower 

frequency (Figure 3.11 A, C). Moreover, the discriminability and performance are 

improved as  𝑓𝑓2 is increased, but when  𝑓𝑓2is increased to around 100Hz, they start 

to get worse (Figure 3.11 D, F). The recall reliability are maintained (Figure 3.11 B, E). 

The phenomenon found can be explained by when  𝑓𝑓1 moves to lower frequency, 

the persistent activity period sustains too long in each Δt1 cycle (Figure 3.11I, J) and 

the long sustain persistent activity causes neurons to fire at different L1 memory 

cluster activation. And when  𝑓𝑓2 is larger than the natural frequency 40Hz, inhibitory 

rebound does not occur and termination of persistent activity is better (Figure 3.11G, 
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H), but if  𝑓𝑓2 is too large, the period is too small and it would get similar to only 

applying one pulse (Figure 3.11G). 
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Figure 3.11 2 pulses properties of longer 𝛥𝛥𝛥𝛥1 (shorter 𝑓𝑓1) (A-C) and slower 𝛥𝛥𝛥𝛥2 (longer 𝑓𝑓2) (D-F) respectively. (A, 

D): Discriminability. (B, E): Recall reliability. (C, F): Performance. (G-J): Recurrent NMDA current of different 𝛥𝛥𝛥𝛥1 

and 𝛥𝛥𝛥𝛥2 when applying 2 pulses. (G): Mean recurrent excitatory current of the last 18 𝛥𝛥𝛥𝛥1 = 8𝑚𝑚𝑚𝑚 period. (H): 

Mean recurrent NMDA current (smoothed with sliding window spanned 100 cycles) at different 𝛥𝛥𝛥𝛥1 = 8𝑚𝑚𝑚𝑚 cycle. 

(I): Mean recurrent excitatory current of the last 18 𝛥𝛥𝛥𝛥1 period during learning with fixed 𝛥𝛥𝛥𝛥2 = 40𝑚𝑚𝑚𝑚. (J): Mean 

recurrent NMDA current (smoothed with sliding window spanned 100 cycles) at different 𝛥𝛥𝛥𝛥1 cycle with fixed 

𝛥𝛥𝛥𝛥2 = 40𝑚𝑚𝑚𝑚. Other parameter used, 𝑔𝑔𝐼𝐼𝐸𝐸21 = 0.05. 

 

3.3.6 Inhibitory Rebound 

inhibitory rebound means inhibition can counter-intuitively generate additional 

excitability to a neuron if the neuron receives the inhibition prior to the excitation with 

a suitable time difference [143]. Inhibitory rebound happened when applying pulses 

to rescue the circuit without FF E → I LTP. The principle of inhibitory rebound is that 

inhibitory input causes the receiving neuron membrane potential to undergo damped 

oscillation. Since the membrane potential is positively correlated with how easy a 

neuron to be excited, the neuron will be easier to be excited when it receives an 

excitatory input at the local maximums of the damped oscillation (Figure 3.12A arrows), 

but the excitability is getting weaker for consecutive periods as the decrease of the 

peak amplitude of the damped oscillation (Figure 3.12A arrows). When the frequency 

of inhibitory input is matched with the natural frequency of the damped oscillations, 

𝑓𝑓0 , the local maximum of the damp oscillation can be maintained at a high level 

because a new damped oscillation is started every period (Figure 3.3I green curves). It 

is also true for applying pulse with frequency closes to 𝑟𝑟0
𝑁𝑁

 (Figure 3.12B), where N is 
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an integer (too large N does not work because the damp oscillation has already 

completely decayed), because they are harmonics and match with the Nth local 

maximum. However, when the number of pulses applied is fewer in these harmonics, 

the circuit will have higher excitability compared with 𝑓𝑓0 (Figure 3.12B, peak at 𝑟𝑟0
2

 is 

higher than 𝑓𝑓0). Therefore, low frequency is not enough for suppressing the firing. 

Moreover, when applying only 1 pulse, inhibition is not enough, while applying too 

many pulses, a strong inhibitory rebound occurs. When 2 to 3 pulses are applied, a 

period of time without pulses allowing relief from inhibitory rebound would produce 

the best performance. 

 
Figure 3.12 Membrane potential oscillation and inhibitory rebound. (A): Mean membrane potential oscillation after 

applying a pulse at 0ms from the start of theta period for early learning (initial) (mean of 8th to 18th theta cycle) and 

late learning (finial) (mean of the 1100th to 1128th theta cycle). Blue and brown arrows indicate the local maximum 

of early and late learning respectively. (B): Number of high firing neurons when one pulse is applied in different 

frequencies. Other parameter used 𝑔𝑔1→2𝐼𝐼→𝐸𝐸 = 0.05. 
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3.3.7 Inhibitory Theta Plus Gamma To Excitatory Neurons 

As the pulse input to L2 inhibitory neurons would induce firing of inhibitory neurons 

and generate additional inhibitory current to L2 excitatory neurons, we wonder if it is 

equivalent to apply inhibitory pulse input to L2 excitatory neurons. Therefore, we 

modify our model to apply inhibitory theta plus gamma pulses input to L2 excitatory 

neurons (Figure 3.13A). During the pulse applying period, half of the L2 excitatory 

membrane potential are forced to the leakage potential, 𝑉𝑉𝐿𝐿. It is found that there is 

no difference between NO STDP and applying theta plus gamma to excitatory neurons 

(Theta+gamma (exc))(Figure 3.13B-F), except higher relative theta power (Figure 

3.13C). It means applying inhibitory theta plus gamma pulses to L2 excitatory neurons 

can neither rescue performance nor gamma oscillations. It may be because the 

membrane potential drop only lasts for short time, which cannot reduce recurrent 

NMDA current effectively. It is because inhibitory pulse input applying to excitatory 

neurons only causes membrane potentials to reduce in a short time period after 

applying pulse due to the membrane potential suppression is only a reset and lasts for 

one-time step, 0.05ms, while the theta plus gamma pulse into FF inh in L2, which has 

decay time constant of inhibitory current, τ_d^GABA=8ms (Figure 3.13G). The long-

lasting inhibitory currents provide longer suppression of firing to reduce NMDA 

currents and terminate the persistent activity. In contrast, quick-ended inhibitory pulse 
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input applying to excitatory neurons causes ineffective suppression of NMDA current 

(Figure 3.13H), therefore it is hard to terminate the persistent activity. Hence, the 

performance cannot be rescued. 

 
Figure 3.13 Pulse input to excitatory neurons and rescue. (A): model architecture. Theta period 𝛥𝛥𝛥𝛥1 = 125𝑚𝑚𝑚𝑚. 

Gamma period  𝛥𝛥𝛥𝛥2 = 25𝑚𝑚𝑚𝑚.  Pulse duration  𝛥𝛥𝛥𝛥3 = 2𝑚𝑚𝑚𝑚 . (B-E): Comparison between NO 𝑔𝑔 → 𝐼𝐼  STDP and 

applying theta plus gamma pulses to L2 excitatory neurons (Theta+gamma(exc)). (B): Relative theta power 

normalized by initial theta power. (C): Relative gamma power normalized by initial gamma power. (D): Coding 

performance. (E): Recurrent NMDA current in L2 excitatory neurons. (F): Recurrent AMPA current in L2 excitatory 

neurons. Comparison between applying theta plus gamma plus to inhibitory neurons and inhibitory theta plus 

gamma plus to excitatory neurons. (G): mean membrane potential. (H): mean recurrent NMDA current. 

 

3.3.8 Recurrent E → I STDP and Generic Model Structure  

Other than specifying the E → I STDP to the feedforward connections in the previous 

content, we also study a more general model structure. We first including the 

recurrent (Re) E → I STDP in L2 (Figure 3.14A). It is found that there is no difference 

between including Re E → ISTDP and FF E → I STDP along (Figure 3.14B-F). It means 
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that Re E → I STDP does not play a role in our simulation. Secondly, we test to use 

recursive inhibition among inhibitory neurons in L2 to replace unidirectional inhibition 

from FF inh to Re inh and also including Re E → I  STDP in L2 (Figure 3.14G). By 

applying small modification (𝑔𝑔𝐿𝐿2𝐸𝐸→𝐼𝐼 increases from 0.6 to 0.7 and extending the gamma 

range from 36-42Hz to 32-42Hz), most of the results remain unchanged (Figure 3.14H-

N), except gamma along has comparable good performance as theta plus gamma 

(Figure 3.14H) and low recurrent AMPA and NMDA current (Figure 3.14K, L), which 

may because the interaction between post-inhibitory rebound and STDP need a long 

time to build up (Figure 3.9F) and the 𝑔𝑔𝐿𝐿2𝐸𝐸→𝐼𝐼 increases may cause longer time is required. 
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Figure 3.14 Recurrent E→ISTDP and generic model structure. (A): Circuit structure including Re E→I STDP. (B-C): 

Relative power normalized by initial power, where initial indicates, where initial indicates first 10s of learning, and 
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finial indicates last 10s of learning. (B): gamma (36-42Hz). (C): theta (8-10Hz). (D): Coding performance. (E): 

Recurrent NMDA current and (F): Recurrent AMPA current in L2 excitatory neurons. (G): Circuit structure using 

recursive inhibition among inhibitory neurons in L2 and including Re E→I STDP in L2. (H): Coding performance of 

having, without 𝑔𝑔 → 𝐼𝐼 STDP and applying different number of pulses (Theta, theta+gamma, 3 pulses, 4 pulses, 

and gamma). (I-J): Relative power normalized by initial power, where initial indicates, where initial indicates first 

10s of learning, and finial indicates last 10s of learning. (I): gamma (32-42Hz). (J): theta (8-10Hz). (K-L): Mean 

recurrent current per theta cycle at the beginning of learning (initial) (mean of 8th to 18th theta cycle) and late 

learning (finial) (mean of the 1100th to 1128th theta cycle). (K): NMDA. (L): AMPA. (M): Relative gamma power of 

late learning (mean of last 10s of learning) normalized by mean NO E→I STDP gamma power of early learning 

(mean of first 10s of learning). (N): Relative theta power of late learning (mean of last 10s of learning) normalized 

by mean NO E→I STDP theta power of early learning (mean of first 10s of learning). 

 

3.3.9 Layer 1 Theta Oscillation 

Theta oscillation is found in experiments during REM sleep. It is modeled as input from 

other brain regions to L1 neurons in our model. In the following, we would investigate 

how theta oscillation affects sequential replay.  

During learning, a random cluster is activated first. Its sustained activity would be 

terminated after a period of time due to pre-synaptic short-term depression and the 

neighbor cluster would be activated next as there are strengthened synapses. A 

synfire chain hence is established. However, without fast enough oscillation, 

sequential replay would break if pre-synaptic short-term depression depresses the 

activated cluster before activating the neighboring cluster. It is shown that failure 

sequential replay probability reduces as oscillation frequency. It is calculated as the 

number of sequential replay failures divided by the total number of memory switching. 
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Sequential replay failure (𝑁𝑁𝑠𝑠𝑟𝑟𝑝𝑝𝑛𝑛𝑔𝑔) is counted as if the next recall memory (𝐴𝐴𝑛𝑛𝑟𝑟𝑚𝑚𝑡𝑡) is 

not consecutive with the recalling memory (𝐴𝐴𝑛𝑛𝑝𝑝𝑠𝑠).  

 
𝑁𝑁𝑠𝑠𝑟𝑟𝑝𝑝𝑛𝑛𝑔𝑔 → 𝑁𝑁𝑠𝑠𝑟𝑟𝑝𝑝𝑛𝑛𝑔𝑔 + 1,𝑤𝑤ℎ𝑒𝑒𝑛𝑛 �

𝐴𝐴𝑛𝑛𝑟𝑟𝑚𝑚𝑡𝑡 ≠ 𝐴𝐴𝑛𝑛𝑝𝑝𝑠𝑠 + 1, 𝑖𝑖𝑓𝑓 𝐴𝐴𝑛𝑛𝑝𝑝𝑠𝑠 ≤ 9  
𝐴𝐴𝑛𝑛𝑟𝑟𝑚𝑚𝑡𝑡 ≠ 1, 𝑖𝑖𝑓𝑓 𝐴𝐴𝑛𝑛𝑝𝑝𝑠𝑠 = 10  

( 3.19) 

 

When fast enough oscillation is applied, sequential replay seldom breaks because 

the peak of theta oscillation can trigger clusters to activate. The chance of 

depressing the activated cluster before activating the neighboring cluster is lower. 

Therefore, the sequential replay can maintain better when theta oscillation is 

applied. 
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Figure 3.15 Theta oscillation function in L1. (A): Raster plot of L1 excitatory neurons with the peak and trough of 

the theta oscillation. (B): Raster plot of L1 with the peak and trough of 1Hz oscillation with the peak and through of 

the oscillation. (C): The relationship between the probability of synfire chain break up and oscillation frequency. (D): 

NMDA currents received by L1 excitatory neurons show that depression happens after memory cluster activation. 

The short term depression is modulated by the time constant τD. Therefore, we next 

investigate how τD affects the L1 synfire chain. When τD ≤ 25𝑚𝑚𝑚𝑚, which is around 

the EI loop generated gamma period, the excitatory synaptic current is too strong 

because neurotransmitter is fast enough to recover between spikes (Figure 3.16A). 

Neurons burst but do not synchronize when receiving too strong excitation. 

Asynchronized current hardly activates consecutive the neighbor cluster, therefore 

only one memory cluster is activated. When τD > 25𝑚𝑚𝑚𝑚, available neurotransmitter 

reduces every successive spike (Figure 3.16D, E, F).  
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The recurrent synaptic current within the activated cluster reduces and finally cannot 

maintain spontaneous firing (Figure 3.16B). Within the cluster activation period, 

consecutive neighbor cluster receives stronger synaptic current than other clusters. 

When τD ≫ 25𝑚𝑚𝑚𝑚 , neurotransmitter reduces quickly. The duration of cluster 

activation, which is calculated as the time difference between excitatory synaptic 

current first passing 0.2 from below and first across 0.1 from above after that, is 

shortened when τD increases (Figure 3.16G, details in L1 memory cluster activation 

duration), the consecutive neighbor cluster has less time to be excited and hence the 

synfire chain start to break down (Figure 3.16C).                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                    

Synfire chain can also happen even additional sinusoidal stimulation 𝑓𝑓𝑡𝑡ℎ𝑟𝑟𝑡𝑡𝑎𝑎  is not 

applied, but τD  need to be close to 25ms (Figure 3.16H-J). Additional stimulation 

𝑓𝑓𝑡𝑡ℎ𝑟𝑟𝑡𝑡𝑎𝑎  provides additional membrane potential at the peak of sinusoidal function 

which can be a source stimulation to activate cluster at large τD. 
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Figure 3.16 𝜏𝜏𝐷𝐷  effect on L1 synfire chain. (A-C): Raster plot of L1 excitatory neurons. (A): 𝜏𝜏𝐷𝐷 = 25𝑚𝑚𝑚𝑚. (B): 𝜏𝜏𝐷𝐷 =

225𝑚𝑚𝑚𝑚 (C): 𝜏𝜏𝐷𝐷 = 300𝑚𝑚𝑚𝑚. (D-E): Excitatory synaptic current. (D): 𝜏𝜏𝐷𝐷 = 225𝑚𝑚𝑚𝑚. Duration (mean =252ms.  SD= 

70ms). (E): 𝜏𝜏𝐷𝐷 = 300𝑚𝑚𝑚𝑚. Duration (Mean= 169ms. SD=54ms). (F) Average excitatory current among activations 

lining up with 𝛥𝛥2 at the right terminal of the plot. (G): Average activation duration of different 𝜏𝜏𝐷𝐷.(H-J): Raster 

plot of synfire chain without oscillation (H):  𝜏𝜏𝐷𝐷 = 25𝑚𝑚𝑚𝑚.   (I): 𝜏𝜏𝐷𝐷 = 225𝑚𝑚𝑚𝑚.  (J): 𝜏𝜏𝐷𝐷 =

300𝑚𝑚𝑚𝑚. 𝑓𝑓𝐿𝐿1
𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 = 4.5𝐻𝐻𝑧𝑧 

 

3.3.10 Phase Difference 

When applying theta plus gamma oscillation to the L2 inhibitory neurons, there is a 

phase difference (which is calculated as 𝐴𝐴𝑟𝑟𝑎𝑎𝑘𝑘 𝑝𝑝𝑟𝑟 𝑟𝑟𝐿𝐿1
𝑏𝑏𝑚𝑚𝑏𝑏𝑘𝑘𝑏𝑏𝑟𝑟𝑏𝑏𝑏𝑏𝑖𝑖𝑑𝑑−𝑏𝑏𝑟𝑟𝑔𝑔𝑖𝑖𝑛𝑛 𝑝𝑝𝑟𝑟 Δ𝑡𝑡1

125
× 2𝜋𝜋 ) 

between theta oscillations among L1 neurons and pulse applied to L2 inhibitory 

neurons. If there is any effect on the performance due to the phase difference is 

unclear, therefore we want to investigate the phase difference effect. It is found that 

the phase difference does not affect the performance at all (Figure 3.17).  

 

Figure 3.17 Phase effect on memory coding in L2. (A): discriminability, (B): recall reliability, and (C): performance of 

different phases between L2 and L1 theta oscillation. Other parameter used 𝑔𝑔21𝐼𝐼𝐸𝐸 = 0.05. 
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3.4 Conclusion and Discussion 

3.4.1 Summary of the Findings 

We first studied the two layers circuit FF E → E  STDP in two situations, which are 

having (Normal) and without FF E → I  STDP (NO E → I  STDP) and found that 

Normal, when compared with NO E → I  STDP, can provide a better performance, 

enhance relative gamma power in the learning process suppress the excitatory 

synaptic current, which is consistent with the experimental result in [104]. The worse 

performance of NO E → I  STDP is due to overexcitation and FF E → I  STDP can 

potentiate the FF E → I  synapses to provide more inhibition to prevent 

overexcitation and, moreover, FF E → I  STDP can form clusters in the inhibitory 

population to assist in forming L2 excitatory clusters with better discriminability. 

With our model, which can reproduce the experimental phenomena, we further study 

the possibility of improving the performance NO E → I STDP and we predict circuits 

NO E → I STDP can be rescued by applying pulses input to the inhibitory population 

in L2 because of more inhibitory neurons activation. We found that two to three 

gamma pulses input nested with a theta period can rescue the performance a lot and 

produce more even in size memory clusters in L2, even not as good as Normal. The 

performance improvement is much weaker when the number of pulses applied is too 

few or too many because of not enough inhibition and inhibitory rebound respectively, 
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where both of them produce excess excitation in the L2 excitatory population. 

Moreover, when applying two gamma pulses in a theta period, the relative gamma and 

theta power can be enhanced. 

Furthermore, through applying inhibitory input to the L2 excitatory population rather 

than the inhibitory population and studying more generic circuit structures, we realize 

that applying pulses to excitatory neurons does not improve the performance because 

of the short duration of membrane potential suppression. The study of generic circuit 

structures proofs that the performance and oscillation difference between Normal and 

NO E → I  STDP and the performance and oscillation rescue from NO E → I  STDP  

by pulses input are general properties, which can also be observed in circuits with Re 

E → I STDP and reciprocal inhibition (between FF inh and Re inh) circuits.  

Finally, we study the sequential recall in L1. We found that sequential recall happens 

when there is a high enough background  fL1
background . Moreover, short term 

depression time constant τD  needs to be smaller than the oscillation frequency 

generated by the EI loop to prevent synaptic current reduces too quickly. Through the 

study of the phase difference between pulse applying to L2 and 

background  fL1
background , we found that the phase difference does not affect the 

performance in L2.  

In the following, we provide a discussion on key aspects of the study.  
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3.4.2 The Role of Two Layers 

Memories are known to be separated into short-term memory and long-term memory 

[145–147], which are involved in different brain regions. Information is first stored in 

the hippocampus as short-term memory quickly and be consolidated into long-term 

memory through consolidation, which is done in a longer timescale [112, 141, 145]. In 

our model, L1 represents short-term memory storage and L2 is a brain region that 

available for long-term memory consolidation. Therefore, we are studying the memory 

consolidation process in this Chapter.  

 

3.4.3 The Role of Spike-timing-dependent Plasticity 

Spike-timing-dependent plasticity is applied to three kinds of synapses, which are FF 

E → E (from L1 to L2), FF E → I (from L1 to L2) and Re E → E (from L2 to L2), in this 

Chapter.  

The spontaneous memory recall in L1 causes high presynaptic firing in the FF E → E 

synapses. When postsynaptic neurons fire at a sufficient high firing rate, the FF E → E 

synapses will be potentiated in order to build up the firing correlation between 

particular excitatory neurons in L2. 

However, if only FF E → E synapses are potentiated, the excitatory-inhibitory balance 

will be broken down and the L2 excitatory neurons will be overexcited. In order to 

prevent overexcitation, we can apply FF E → I STDP, which is used in our model, or 
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reduce the feedforward connectivity [21, 100] to reduce the excitatory current 

received by L2 excitatory neurons. Furthermore, Each L2 FF inh neurons respond to 

each memory recalls in L1 differently, which causes the FF E → I STDP potentiate the 

synapses in different amount. The heterogeneous response of L2 FF inh inhibits L2 

excitatory neurons heterogeneously. As a result, the discrimination can be further 

improved. 

Synapses between high firing L2 excitatory neurons are potentiated according to the 

Re E → E STDP to form clusters. In our model, the number of high firing L2 excitatory 

neurons needs to be controlled at a low value. If there are lots of high firing L2 

excitatory neurons at the same time, which can be due to overexcitation mentioned in 

the last paragraph or unsuitable parameter setting, they will further activate other 

initially silent neurons and a very large cluster almost involved all the L2 excitatory 

neurons will be created eventually, then the discrimination power will also be lost. This 

result suggests that long-term memory in the brain may be stored with a small 

proportion of synapses in a brain region or the memory may be stored in different 

brain regions and each of them involved a small proportion of synapses. 

 

3.4.4 Pulse Stimulation Rescue 

Theta nested with gamma has been widely studied in experiments[63, 148–150]. It 
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was found that theta nested with gamma stimulation can improve the symptoms of 

Alzheimer's disease and autism. However, how the pulses work and how the pulses 

interact with the dynamics are not well understood. In this Chapter study, we predicted 

that pulse stimulation can rescue the circuit performance involving two properties, 

which are persistent activity and inhibitory rebound. 

Long timescale dynamics, such as NMDA current [13, 14, 22], can be found in the brain 

and is a candidate to generate persistent activity, which is a phenomenon commonly 

observed in working memory tasks. Persistent activity can be beneficial to memory 

consolidation because consolidation requires a long time, but stimulation may not 

hold for such a long time. Persistent activity can provide an alternative to maintain a 

high firing rate even without stimulation. However, if the persistent activity is too 

robust, the neurons stay at the high firing rate state no matter what stimulation they 

received. The discriminability power is hence lost. 

We control the robustness of persistent activity by controlling the number of gamma 

pulses applied within one theta period. Pulse input induces more activation of 

inhibitory neurons, which in turn suppress the excitation of L2 excitatory neurons to 

terminate the persistent activity. As a result, if the number of pulses applied is too few, 

persistent activity cannot be suppressed and the performance may not be able to 

improve. However, when the number of pulses applied is too many, post-inhibitory 
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rebound, another dynamic property, will be triggered. Post-inhibitory rebound is a 

widely studied phenomenon in both experiments and stimulation [143, 151, 152]. 

Post-inhibitory rebound induces higher excitability by applying inhibition in suitable 

time and strength before the excitatory input because the inhibition causes fluctuation 

in membrane potential and the excitability can be enhanced at the peaks of fluctuation. 

This enhanced excitability potentiates some of the excitatory neurons in L2 in our 

model when too many gamma pulses are applied in one theta period, which causes 

the persistent activity to become more robust and cannot be stopped.  

The rescue in our model comes from persistent activity control. Too few pulses cannot 

suppress the persistent activity while too many pulses would induce post-inhibitory 

rebound. As a result, a suitable number of pulses need to be used to rescue the 

performance. 

 

3.4.5 Theta Oscillation Applied In L1 

Theta oscillation is commonly observed in the hippocampus during the learning 

process together with gamma oscillation [57, 64] but the origin of theta oscillation is 

still in debate. Some studies stated that the theta oscillation are come from other brain 

regions [66, 112] as an external input and some studies claimed that theta oscillation 

can be self-generated in the hippocampus [153]. We follow the former point of view 

to model the theta oscillation in L1 as an external input to modulate the recall process. 
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The peak and trough of the theta oscillation provide opportunities for the memory 

cluster in L1 to be activated and deactivated and the long period of oscillation allows 

the memory cluster to have enough time to undergo spontaneous persistent activity 

to activate excitatory neurons in L2. 
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Chapter 4 Interaction Among Connectivity Changes, 

Plasticity And Oscillation 

Experiments found that amyloid-beta (Aβ) oligomer could reduce the connection 

probability among neurons and cause Alzheimer's disease (AD) [69, 71, 111, 154]. In 

some experimental AD mouse models, the excitatory neurons are over-excited and 

the E-I balance is broken down, leading to worse spatial memory performance [88], 

which, however, can be rescued by increasing GABAergic inhibition by applying 

midazolam, a chemical that can increase GABAA ergic neurotransmission, to 

rebalance the circuit. While other animal models found that the excitatory neurons 

are under-excited, and there is spatial memory deficit and gamma oscillation 

reduction [62]. The spatial memory performance can be rescued by optogenetic 

gamma stimulation to medial septum PV (MSPV) cells, which have direct projections 

to GABAergic interneurons in the hippocampus, to inhibit interneurons to regain 

excitability in the excitatory neurons [62]. 

These results appear to be contradictory, but it was found that a small amount of Aβ 

can potentiate neuron firing while large amounts reduce firing [69, 71, 72, 79]. It may 

suggest that neuron firing is potentiated in the early stage of AD because of the low 

level of Aβ, but the network firing reduces as further Aβ aggregation in the late 



138 
 

state [68]. Therefore, we hypothesize that the reason for the apparently contradictory 

results may come from different states of the memory deficit.  

It is widely accepted that the effect of amyloid-beta (Aβ) oligomer is to induce spine 

loss which causes connectivity reduction within circuits [155]; however, how the 

connectivity reduction affects the circuit dynamics and performance in information 

processing is unclear. In this Chapter, we aim to understand the effect of connectivity 

reduction on memory coding and recall and the associated neural oscillations. We 

start by studying the effect of connectivity reduction on previously learnt memories 

through model simulation of the experiment in [62]. We show that under suitable 

network parameters, reducing connectivity causes a transition from synchronous 

state to asynchronous state accompanied by changes in firing patterns and reduction 

in slow gamma oscillation as in experimental observations [68, 70, 77, 156]. Our model 

simulation predicts that rescue causes multiple memories to co-activate as a side 

effect despite improvement in performance, which was not mentioned in the 

experiment [62]. Secondly, we study the effect of connectivity reduction on learning 

ability in the presence of existing memories by applying spike-timing-dependent 

plasticity (STDP). Our result shows that connectivity reduction not only affects the 

synaptic strength distribution in the newly learnt cluster but also deteriorates the 

existing memories. 
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4.1 Materials and Methods 

4.1.1 Neural Circuit Model 

The model used in this Chapter is similar to that in Chapter 2, except the parameters 

used are slightly different and the synaptic currents are divided into AMPA and NMDA 

for excitatory synapses and GABA for inhibitory synapses rather than only separated 

into excitatory and inhibitory for the notation in Chapter 2. For the convenience of 

reading, we provide the model used as follows. 

 

A Network and Circuit Model 

Our model circuit is composed of 2400 neurons, with 2000 excitatory (E), 𝑛𝑛𝐸𝐸 , and 400 

inhibitory (I), 𝑛𝑛𝐼𝐼 , neurons (Figure 4.1A). Neurons are connected randomly with 

directed synapses with various probabilities 𝑝𝑝 . Each neuron receives background 

input from 2000 × 𝑝𝑝  independent Poisson trains of rate 𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑 = 2.5𝐻𝐻𝑧𝑧 , 

where p is the connectivity of the circuit network. Neural dynamics in the network is 

modeled by conductance-based integrate-and-fire neurons [9] as  

 
𝜏𝜏𝑘𝑘
𝑑𝑑𝑉𝑉𝑖𝑖𝑘𝑘

𝑑𝑑𝛥𝛥
= 𝑉𝑉𝐿𝐿 − 𝑉𝑉𝑖𝑖𝑘𝑘 + 𝐺𝐺𝑖𝑖𝐸𝐸→𝑘𝑘(𝛥𝛥)�𝑔𝑔𝐸𝐸 − 𝑉𝑉𝑖𝑖𝑘𝑘� + 𝐺𝐺𝑖𝑖𝐼𝐼→𝑘𝑘(𝛥𝛥)(𝑔𝑔𝐼𝐼 − 𝑉𝑉𝑖𝑖𝑘𝑘) ( 4.1) 

 
𝐺𝐺𝑖𝑖𝐼𝐼→𝑘𝑘(𝛥𝛥) = 𝜏𝜏𝑘𝑘 ��𝑤𝑤𝑖𝑖→𝑖𝑖𝑆𝑆𝐺𝐺𝐴𝐴𝐺𝐺𝐴𝐴�𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛�

𝑛𝑛𝑖𝑖∈𝜕𝜕𝑖𝑖
𝐼𝐼

 ( 4.2) 
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𝐺𝐺𝑖𝑖𝐸𝐸→𝑘𝑘(𝛥𝛥) = 𝜏𝜏𝑘𝑘 �� �𝑔𝑔𝑂𝑂→𝑘𝑘𝑆𝑆𝐸𝐸(𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛)

𝑛𝑛𝑖𝑖∈𝜕𝜕𝑖𝑖
𝑂𝑂

+ � �𝑤𝑤𝑖𝑖→𝑖𝑖𝑢𝑢𝑖𝑖(𝛥𝛥)𝑥𝑥𝑖𝑖(𝛥𝛥)�𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴�𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛�
𝑛𝑛𝑖𝑖∈𝜕𝜕𝑖𝑖

𝐸𝐸

+ 𝑆𝑆𝑁𝑁𝐴𝐴𝐷𝐷𝐴𝐴�𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛���. 

( 4.3) 

Here 𝑘𝑘 = 𝑔𝑔 or 𝐼𝐼 denotes the neuron type and 𝜕𝜕𝑖𝑖𝑘𝑘 indicates the 𝑘𝑘 neighbors of 𝑖𝑖 

neuron. 𝑉𝑉𝑖𝑖𝑘𝑘(𝛥𝛥)  is membrane potential of neuron 𝑖𝑖  and 𝛥𝛥𝑖𝑖𝑛𝑛  is the n-th spike of 

neuron 𝑖𝑖. 𝑤𝑤𝑖𝑖→𝑖𝑖 is the synaptic strength from pre-synaptic neuron 𝑗𝑗 to post-synaptic 

neuron 𝑖𝑖, and their initial values are set as 

𝑤𝑤𝑖𝑖→𝑖𝑖 =

⎩
⎪
⎨

⎪
⎧𝑔𝑔

𝐸𝐸→𝐸𝐸 ,  𝑖𝑖 ∈ 𝑔𝑔 ,  𝑗𝑗 ∈ E
𝑔𝑔𝐼𝐼→𝐸𝐸 ,  𝑖𝑖 ∈ 𝑔𝑔 ,  𝑗𝑗 ∈ I
𝑔𝑔𝐸𝐸→𝐼𝐼 ,  𝑖𝑖 ∈ 𝐼𝐼 ,  𝑗𝑗 ∈ E
𝑔𝑔𝐼𝐼→𝐼𝐼 ,  𝑖𝑖 ∈ 𝐼𝐼 ,  𝑗𝑗 ∈ I

 

 

200 excitatory neurons are randomly picked as representing a memory. If more than 

one memory is studied, each memory is represented by 200 excitatory neurons 

without overlapping. Most of the time, we consider a circuit with one memory cluster, 

except in the case of studying the persistent score and overlapping proportion of 

multiple memories (Details in Statistical index and analysis) where 10 memory clusters 

are used. The synapses within a cluster are replaced from 𝑔𝑔𝐸𝐸→𝐸𝐸  to a large value 

𝑔𝑔𝐴𝐴𝐸𝐸→𝐸𝐸. The synaptic time course is described by a bi-exponential function with two 

characteristic time constants, the rising time constant 𝜏𝜏𝑟𝑟𝑘𝑘 and decay time constant 



141 
 

𝜏𝜏𝑑𝑑𝑘𝑘, both depending on the type (excitatory or inhibitory) of presynaptic neurons. It 

takes the form 

 
𝑆𝑆𝑘𝑘(𝛥𝛥) =

Θ(𝛥𝛥 − 𝜏𝜏𝑙𝑙)
𝜏𝜏𝑑𝑑𝑘𝑘 − 𝜏𝜏𝑟𝑟𝑘𝑘

�𝑒𝑒
−𝑡𝑡−𝜏𝜏𝑙𝑙
𝜏𝜏𝑑𝑑
𝑘𝑘 − 𝑒𝑒

−𝑡𝑡−𝜏𝜏𝑙𝑙
𝜏𝜏𝑟𝑟𝑘𝑘 �, ( 4.4) 

where Θ(𝛥𝛥) is the Heaviside function.  

 

B Short-term Plasticity 

We adopt pre-synaptic short-term plasticity (STP) in the model as in Chapter 2, which 

is described by two variables, the amount of neurotransmitter  𝑥𝑥𝑖𝑖  and its release 

probability per spike  𝑢𝑢𝑖𝑖  , which are associated with their time constants 𝜏𝜏𝐷𝐷 , the 

depression time constant, and 𝜏𝜏𝐹𝐹, the facilitation time constant. In general, 𝜏𝜏𝐹𝐹 ≫ 𝜏𝜏𝐷𝐷 

holds. These variables are governed by the following equations 

 
𝑑𝑑𝑢𝑢𝑖𝑖(𝛥𝛥)
𝑑𝑑𝛥𝛥

=
𝑈𝑈 − 𝑢𝑢𝑖𝑖(𝛥𝛥)

𝜏𝜏𝐹𝐹
− 𝑈𝑈(1 − 𝑢𝑢𝑖𝑖(𝛥𝛥))𝑆𝑆𝑖𝑖(𝛥𝛥) ( 4.5) 

 
𝑑𝑑𝑥𝑥𝑖𝑖(𝛥𝛥)
𝑑𝑑𝛥𝛥

=
1 − 𝑥𝑥𝑖𝑖(𝛥𝛥)

𝜏𝜏𝐷𝐷
− 𝑢𝑢𝑖𝑖(𝛥𝛥)𝑥𝑥𝑖𝑖(𝛥𝛥)𝑆𝑆𝑖𝑖(𝛥𝛥), ( 4.6) 

where 𝑢𝑢(𝛥𝛥) is Dirac delta function and 𝑆𝑆𝑖𝑖(𝛥𝛥) = ∑ 𝑢𝑢(𝛥𝛥 − 𝛥𝛥𝑖𝑖𝑛𝑛)𝑛𝑛  is the spike train of 

neuron 𝑖𝑖 . According to the firing history of neurons, short term potentiation or 

depression [19, 120–122] can be induced by the change (accumulation and release) of 

neurotransmitter 𝑥𝑥𝑖𝑖 and the change of release probability 𝑢𝑢𝑖𝑖 , which in turn 

temporally change the synaptic efficacy. 
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C Long-term Plasticity 

Triplet spike-timing-dependent plasticity (STDP), heterosynaptic plasticity and 

transmitter-induced plasticity are applied to E to E synapses (E → E STDP) to study 

the cluster formation. The synaptic efficacy evolves according to 

𝑑𝑑𝑤𝑤𝑖𝑖→𝑖𝑖
𝑑𝑑𝛥𝛥

= 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ �𝐴𝐴𝑧𝑧𝑖𝑖𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠� − 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ (𝐵𝐵𝑧𝑧𝑖𝑖)���������������������
𝑆𝑆𝑟𝑟𝑖𝑖𝑠𝑠𝑙𝑙𝑟𝑟𝑡𝑡 𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴

− 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ 𝛽𝛽𝑧𝑧𝑖𝑖3�𝑤𝑤𝑖𝑖→𝑖𝑖 − 𝑤𝑤�����������������
𝐻𝐻𝑟𝑟𝑡𝑡𝑟𝑟𝑟𝑟𝑝𝑝𝑟𝑟𝑦𝑦𝑛𝑛𝑎𝑎𝑠𝑠𝑡𝑡𝑖𝑖𝑐𝑐 𝑠𝑠𝑙𝑙𝑎𝑎𝑟𝑟𝑡𝑡𝑖𝑖𝑐𝑐𝑖𝑖𝑡𝑡𝑦𝑦

+ 𝑢𝑢1 𝑆𝑆𝑖𝑖(𝛥𝛥)�����
𝑆𝑆𝑟𝑟𝑎𝑎𝑛𝑛𝑟𝑟𝑚𝑚𝑖𝑖𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟

𝑖𝑖𝑛𝑛𝑑𝑑𝑏𝑏𝑐𝑐𝑟𝑟𝑑𝑑 𝑠𝑠𝑙𝑙𝑎𝑎𝑟𝑟𝑡𝑡𝑖𝑖𝑐𝑐𝑖𝑖𝑡𝑡𝑦𝑦
 

( 4.7) 

where 𝑘𝑘 = 𝑔𝑔 → 𝑔𝑔,𝑔𝑔 → 𝐼𝐼. The synaptic traces evolve as 

 𝑑𝑑𝑧𝑧𝑖𝑖
𝑑𝑑𝛥𝛥

= −
𝑧𝑧𝑖𝑖

𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴
+ 𝑆𝑆𝑖𝑖(𝛥𝛥) 

( 4.8) 

 𝑑𝑑𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠

𝑑𝑑𝛥𝛥
= −

𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠

𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴_𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠
+ 𝑆𝑆𝑖𝑖(𝛥𝛥) 

( 4.9) 

A lower bound of 0.001 is set for each plastic synapse to prevent negative and zero 

weight. 

 

Table 4.1: Parameter used in the neural circuit. 

Description Symbol  Value 

Numbers of E, I neurons 𝑛𝑛𝐸𝐸 ,𝑛𝑛𝐼𝐼 2000,400 

Default firing rate of 
background input and 

stimulus input (per 
connection) 

𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑,𝑓𝑓𝑟𝑟𝑡𝑡𝑖𝑖𝑚𝑚𝑏𝑏𝑙𝑙𝑟𝑟 2.5𝐻𝐻𝑧𝑧, 12.5Hz 

Axonal delay 𝜏𝜏𝑙𝑙 1ms[107] 

leakage potential 𝑉𝑉𝐿𝐿 -70mV[107] 

Threshold potential 𝑉𝑉𝑡𝑡ℎ -50mV [107] 

Rest potential 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡 -55mV[107] 

Membrane time constant 
for E, I neurons 

𝜏𝜏𝐸𝐸 , 𝜏𝜏𝐼𝐼 20ms,10ms[107] 
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Refractory period for E, I 
neurons 

𝛥𝛥𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑎𝑎𝑡𝑡𝑝𝑝𝑟𝑟𝑦𝑦𝐸𝐸 , 𝛥𝛥𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑎𝑎𝑡𝑡𝑝𝑝𝑟𝑟𝑦𝑦𝐼𝐼  2ms,1ms[107] 

Reversal potential of E, I 
neurons 

𝑔𝑔𝐸𝐸 ,𝑔𝑔𝐼𝐼 0mV，-70mV[107] 

Input conductance from 
background to E, I neurons 

𝑔𝑔𝑂𝑂→𝐸𝐸 ,𝑔𝑔𝑂𝑂→𝐸𝐸 

0.05, 0.08  
(normalized by 

leakage 
conductance) 

Input conductance from E 
to E, I to E, E to I, I to I and 

preset within cluster 
𝑔𝑔𝐸𝐸→𝐸𝐸 ,𝑔𝑔𝐼𝐼→𝐸𝐸 ,𝑔𝑔𝐸𝐸→𝐼𝐼 ,𝑔𝑔𝐼𝐼→𝐼𝐼, 𝑔𝑔𝐴𝐴𝐸𝐸→𝐸𝐸 

0.02, 0.9, 
0.15, 0.48, 0.5  
(normalized by 

leakage 
conductance) 

Decay time constant of 
AMPA, GABA, and NMDA 

current 
𝜏𝜏𝑑𝑑𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴, 𝜏𝜏𝑑𝑑𝐺𝐺𝐴𝐴𝐺𝐺𝐴𝐴, 𝜏𝜏𝑑𝑑𝑁𝑁𝐴𝐴𝐷𝐷𝐴𝐴 

3ms, 8ms, 100ms[14, 
38] 

Rising time constant of 
AMPA, GABA, NMDA 

current 
𝜏𝜏𝑟𝑟𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴, 𝜏𝜏𝑟𝑟𝐺𝐺𝐴𝐴𝐺𝐺𝐴𝐴, 𝜏𝜏𝑟𝑟𝑁𝑁𝐴𝐴𝐷𝐷𝐴𝐴 

0.5ms, 0.5ms[107], 
20ms[14, 38] 

Facilitation time constant 
in STP 

𝜏𝜏𝐹𝐹 1500ms [19] 

Depression time constant 
in STP 

𝜏𝜏𝐷𝐷 200ms [19] 

Initial neural transmitter 
release probability in STP 

𝑈𝑈 0.2 [19] 

Learning rate for long-
term potentiation 

𝐴𝐴 0.001[39] 

Learning rate for long-
term depression 

𝐵𝐵 0.001[39] 

Learning rate for 
heterosynaptic plasticity 

𝛽𝛽 0.0015 

Heterosynaptic plasticity 
parameter 

𝑤𝑤�  0.02 

Transmitter plasticity 
strength 

𝑢𝑢1 1𝑥𝑥10−6[21] 

Characteristic time 
constant for synaptic trace 

𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴 20ms[39] 

Characteristic time 𝜏𝜏𝑆𝑆𝑆𝑆𝐷𝐷𝐴𝐴_𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠 100ms[39] 
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constant for slow synaptic 
trace 

 

D Persistent Activity, Rescue, and Learning 

Since the beginning of the simulation, each neuron receives 2000 × 𝑝𝑝  Poisson 

background inputs with 𝑓𝑓𝑏𝑏𝑎𝑎𝑐𝑐𝑘𝑘𝑔𝑔𝑟𝑟𝑝𝑝𝑏𝑏𝑛𝑛𝑑𝑑=2.5Hz each. The simulation is first to run for 5s 

to reach the steady dynamic state (Figure 4.1B). At 5s, the background inputs to one 

of the memory clusters are increased to 12.5Hz to represent the stimulus input for 

memory recall while the other clusters are maintained at 2.5Hz. The stimulus input 

lasts until 10s. After that, the background inputs are resumed to 2.5Hz for 10s to 

observe the persistent activity. If more than one memory cluster is studied, the 

consecutive memory cluster is cued by stimulus input after the 10s period of pervious 

memory cluster persistent activity (Figure 4.1B). In the case of memory rescue with 

gamma input, half of the inhibitory neurons received pulse input in 50% duty cycle, 

which means the pulse input is on for half of the period and off for the other half, as 

shown in Figure 4.1A to mimic the consequence of optogenetic gamma stimulation to 

medial septum PV (MSPV) cells. While studying the normal condition, the pulse input 

is removed. When the pulse is on, the inhibitory neuron membrane potential has a 

50% chance to be reset to leakage potential, VL , in each time step if it is not in 

refractory period. If more than one memory clusters are studied, stimulation input is 
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applied to consecutive memory cluster once the 10s 2.5Hz background input period 

finished, lasts for 5s, resumes background input to 2.5Hz for 10s and so on.  

When studying the learning ability and the effect of newly learnt memory on existing 

memories in different connectivity, nine memories are preset and one memory cluster 

(neuron number 0-199) is left for learning (Figure 4.1C). The learning process started 

at 5s and lasted for 100s. During the learning period, Poisson simulation inputs with 

12.5Hz are applied to the cluster desired to learn (neuron number 0-199) and the 

spike-timing-dependent plasticity (STDP) rule is applied to all synapses connecting 

among excitatory neurons (Figure 4.1D). After learning, STDP is prohibited and 

memory clusters are cued for 5s for memory recall and we examined the persistent 

activity for 10s memory by memory (Figure 4.1D). 
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Figure 4.1 Model simulation setting. (A,B): Circuit setting for studying dynamics state and optogenertic rescue. (A): 

Circuit structure. 50% duty cycle is shown at the top. The stimulus is on for half of the period, 𝑇𝑇/2 ,and off for the 

other half period. (B): Raster plot of 400 excitatory neurons for first 20s simulation. Two memory clusters are coded 

in neuron numbers 0-199 (memory 1) and 200-399 (memory 2) respectively. Blue and black dots indicate neurons 

receiving 12.5Hz (cue) and 2.5Hz input (persistent activity and inactivation) respectively. (C, D): Circuit setting for 

learning. (C): Circuit structure. One preset memory cluster is replaced by a learning cluster and long-term plasticity 

is applied. (D): Simulation protocol. Learning signal is applied to the learning cluster in the time period [5,100)s. In 

[100,256)s, long-term plasticity is removed and memory clusters are activated one by one. Green dots indicate 

neurons within learning cluster receiving 12.5Hz (learning signal). Blue and black dots indicate neurons receiving 

12.5Hz (cue) and 2.5Hz input (persistent activity and inactivation) respectively. 

E Simple Model of Two Connected Neurons  

In order to study how synaptic weight changes within and away from the learning 

cluster in 4.2.3. We build a simple two-neuron model having one synapse with STDP, 
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Eq. ( 4.7), connecting the two neurons. In order to have better illustration, we set  

the initial synaptic weight 𝑤𝑤𝑖𝑖→𝑖𝑖 and parameter in heterosynaptic plasticity 𝑤𝑤�  to 0.1 

to let the synapse to have more space for depression and 𝛽𝛽 to 0.004 to reduce the 

peak of final synaptic weight. The other parameters used are the same as in Table 4.1. 

The firings of the two neurons are generated from the Poisson random process 

according to their firing rate. When studying synapses away from the learning cluster, 

we set the firing rate of the presynaptic neuron, representing neurons within the 

learning cluster, to 300Hz and the postsynaptic neuron, representing neurons away 

from the learning cluster, from 1 to 300 Hz, because during cue, neurons receive 

12.5Hz input and the firing can up to 300Hz (as a note, the firing rate is around 50Hz 

during persistent activity, where the input is 2.5Hz), in order to study the effect of the 

postsynaptic firing rate on the weight of the synapse. In contrast, when studying 

synapses from preset cluster to learning cluster, the presynaptic neuron representing 

neuron within the preset cluster and the postsynaptic neuron within the learning 

cluster. For the case of studying synapses within the learning cluster, the firing rate of 

presynaptic and postsynaptic neurons are both testing variables and range from 1 to 

300Hz to observe the effect of different firing rates within the learning cluster. 
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4.1.2 Statistical Index and Analysis 

In the previous Chapter, discriminability and reliability are used to quantify the 

performance of learnt clusters. In this Chapter, memory clusters are mainly preset, 

which are not learnt. Therefore, the reliability and discriminability should be both high. 

Moreover, the recalls in this Chapter are not projections from other layers. There was 

an issue of the co-existence of persistent states, which is only involved in layer 1 in the 

last Chapter. As a result, reliability and discriminability are not appropriate measures 

and we design other quantities as below. 

 

A Persistent Score 

Spatial working memory is modeled as persistent activity. During the persistent 

activity, neurons fire at a higher firing rate which is here defined as at least 10 

population spikes within one memory cluster (200 neurons each) in 1ms. Persistent 

activity can be activated by stimulation input and last for a long time after the removal 

of the stimulation input. The persistent activity of one memory cluster should also be 

able to stop when another memory cluster is activated. To compare the persistent 

performance, a quantity called persistent score is defined: 

 𝑝𝑝𝑒𝑒𝑝𝑝𝑚𝑚𝑖𝑖𝑚𝑚𝛥𝛥𝑒𝑒𝑛𝑛𝛥𝛥 𝑚𝑚𝑐𝑐𝑐𝑐𝑝𝑝𝑒𝑒 = 〈ReLU(𝑥𝑥𝑖𝑖)〉𝑖𝑖, ( 4.10) 

 
𝑥𝑥𝑖𝑖 = 1 −

�𝑇𝑇𝑖𝑖
𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑟𝑟𝑡𝑡 − 𝑇𝑇𝑖𝑖𝑑𝑑𝑟𝑟𝑎𝑎𝑙𝑙�

𝑇𝑇𝑖𝑖𝑑𝑑𝑟𝑟𝑎𝑎𝑙𝑙
, 

( 4.11) 
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where 〈 〉i is mean among neurons in memory cluster i, ReLU is rectified linear unit, 

where  ReLU(x)=max(0,x), 𝑇𝑇𝑖𝑖
𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑟𝑟𝑡𝑡 is the total duration time of persistent activity of 

memory cluster i, and  𝑇𝑇𝑖𝑖𝑑𝑑𝑟𝑟𝑎𝑎𝑙𝑙  is the time difference between the removal of 

stimulation input and the onset of the stimulation input of another memory, which is 

the ideal duration time of persistent activity. If the persistent activity lasts for 𝑇𝑇𝑖𝑖𝑑𝑑𝑟𝑟𝑎𝑎𝑙𝑙, 

the persistent score would be 1. If the persistent activity is away from 𝑇𝑇𝑖𝑖𝑑𝑑𝑟𝑟𝑎𝑎𝑙𝑙 , no 

matter shorter or longer, persistent score would be smaller than one and the further 

away from 𝑇𝑇𝑖𝑖𝑑𝑑𝑟𝑟𝑎𝑎𝑙𝑙, the smaller the score is. 

 

B Overlapping Proportion 

Persistent activity not only needs to be activated by a cue but also be deactivated by 

the activation of other memory clusters. To quantify the overlapping among different 

memory clusters, a normalized quantity called overlap proportion is defined as 

 
Overlap proportion =

⋂ 𝑇𝑇𝑖𝑖
ℎ𝑖𝑖𝑔𝑔ℎ

𝑖𝑖

⋃ 𝑇𝑇𝑖𝑖
ℎ𝑖𝑖𝑔𝑔ℎ

𝑖𝑖
, 

( 4.12) 

 

where 𝑇𝑇𝑖𝑖
ℎ𝑖𝑖𝑔𝑔ℎ is the total high firing time of memory cluster i including both persistent 

and cue period. Overlap proportion measures the ratio of overlapping high firing 

activity among different memories and the total lasting time of high firing activity of 
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all memories, bounded by 1. Therefore, the larger the overlap proportion is the more 

overlapping activation among memories. 

 

C Proportion of Neuron Involved in Persistent Activity 

In our model, one memory cluster consists of 200 excitatory neurons, but they may 

not all show a high firing rate during persistent activity depending on the simulation 

setting. The proportion of neurons involved in persistent activity is a quantity 

providing more information other than firing rate because neurons undergoing a 

persistent activity need to be self-activated within the cluster and it requires both a 

high firing rate and enough numbers of neighbors that are within the same cluster. As 

neurons’ firing rate during persistent activity is about 50Hz (Figure 4.2A), a neuron is 

supposed to be involved in a persistent activity if its firing rate is above 50Hz during 

𝑇𝑇𝑖𝑖
𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑟𝑟𝑡𝑡. 

 

4.2 Results 

4.2.1 Suitable Range Of 𝑔𝑔𝐸𝐸→𝐼𝐼 To Match The Hypothesis Of Enhanced Excitability 

With Reduced Connectivity 

Production of Aβ  oligomer, which is the course of Alzheimer’s disease, is 

accompanied by neuron activity change and synaptic loss [68, 69]. When the Aβ 
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oligomer is at a low concentration, the neuron activity would be increased; in contrast, 

while at high concentration, the neuron activity would be decreased [79]. Moreover, 

there is the hypothesis in [68] that the connectivity reduction, induced by synaptic loss 

caused by Aβ oligomer accumulation, first potentiates and then depresses excitatory 

firing rate at last. In this section, we aim to find a suitable range of parameters to 

reproduce the change of firing rate with respect to connectivity reduction and study 

the dynamics in different connectivity. We considered a randomly connected 

conductance-based excitatory-inhibitory neuronal circuit [9] with one long-term 

memory, modeled as a preset memory cluster. We modeled synaptic loss due to Aβ 

oligomer as reduced network connectivity (Details of the model are presented in 

Materials and Methods) to examine the effects of the coupling strength 𝑔𝑔𝐸𝐸→𝐼𝐼 under 

different connectivity density.  

We found that when 𝑔𝑔𝐸𝐸→𝐼𝐼 is in a suitable parameter range, a mild synaptic loss can 

induce a significant increase in excitatory firing rate during working memory persistent 

activity. However, once crossing the peak firing rate, a severe synaptic loss would 

induce the reduction of the persistent excitatory firing rate (Figure 4.2A). It shows that 

by reducing the connectivity to mimic the effect of Aβ  oligomer on synapses, our 

model matches with the hypothesis [68] that the connectivity reduction, induced by 

synaptic loss caused by Aβ  oligomer accumulation, first potentiates and then 
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depresses excitatory firing rate at last and is in line with the experimental result [79] 

that few Aβ  oligomer can induce potentiation while the high amount of Aβ 

oligomer induce depression.  

The firing rate peak vs. the connectivity p, happening when  𝑔𝑔𝐸𝐸→𝐼𝐼 = 0.15~0.25 , 

comes from a transition from a synchronous state to an asynchronous state when 

connectivity reduces. In the synchronous state, neurons firing periodically (Figure 4.2C) 

and the firing rate is phase-locked by the oscillation frequency, which is controlled by 

synaptic decay time constant, 𝜏𝜏𝑑𝑑𝐸𝐸   and 𝜏𝜏𝑑𝑑𝐼𝐼   [9] and most of the neurons within the 

cluster are involved in persistent activity when connectivity is larger than 𝑝𝑝 = 0.3 . 

When connectivity is reduced to the range 𝑝𝑝 = 0.25~0.3 , which is a transition 

between synchronous to asynchronous state, the firing becomes less synchronous 

(Figure 4.2D). Because it is less phase-locked, the firing rate can increase in this region. 

If the connectivity is further decreased to lower than 𝑝𝑝 = 0.25, some neurons start 

not to be involved in the persistent activity (Figure 4.2B). The number of neurons 

involved in persistent activity decreases as connectivity decreases until persistent 

activity disappears (Figure 4.2E). 

When 𝑔𝑔𝐸𝐸→𝐼𝐼 is smaller than 0.1, the persistent activity is always asynchronous (Figure 

4.2F, G, H). In contrast, when 𝑔𝑔𝐸𝐸→𝐼𝐼 is larger than 0.25, the persistent activity is always 

synchronous when connectivity 𝑝𝑝  is high enough (Figure 4.2I, J). Connectivity 
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reduction reduces the number of neurons involved in persistent activities. With too 

low connectivity, persistent activity disappears no matter 𝑔𝑔𝐸𝐸→𝐼𝐼  is high or low (Figure 

4.2E, H, K). 

When 𝑔𝑔𝐸𝐸→𝐼𝐼  is between 0.15 and 0.25, the circuit shows increased and then 

decreased firing rate when connectivity reduces, which matches with the hypothesis 

in [68] that the early stage of AD has stronger brain activity while the brain activity 

reduces in the late stage of AD. Therefore, we will use 𝑔𝑔𝐸𝐸→𝐼𝐼 = 0.15 in the rest of this 

Chapter, if not specifically mentioned. Moreover, in [157], they provided a theoretical 

explanation of the increase of firing rate as connectivity reduction through mean-field 

model study. They found that when connectivity reduces, the circuit moves from 

oscillatory synchronous state to sparse firing asynchronous state through Hopf 

bifurcation (Details in [157]). 

 



154 
 

 

Figure 4.2 𝑔𝑔𝐸𝐸→𝐼𝐼  effect on persistent activity (A): Excitatory neurons mean firing rate in the circuit at different 

connectivity in persistent activity. (B): Proportion of neurons within cluster involved in the persistent activity. (C-K): 

Raster plot at different 𝑔𝑔𝐸𝐸→𝐼𝐼 and connectivity p, after cue and input return to 2.5Hz. 
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4.2.2 Rescue of Memory  

In [62], 40Hz optogenetic gamma stimulation to deactivate hippocampal inhibitory 

neurons can rescue memory and restore slow gamma oscillation. In order to 

understand how optogenetic stimulation can improve performance, we first 

reproduce the effect of improvement in firing rate, performance, and oscillation 

through using a similar model as in the previous section, but with 10 memories and 

resetting the membrane potential of inhibitory neurons to leakage membrane 

potential, 𝑉𝑉L , periodically (details in Material and Method) to mimic inhibiting 

inhibitory neurons and then investigate how rescue works.  

 

A Firing Rate 

It seems to be trivial that deactivating inhibitory neurons can produce a higher firing 

rate and it is seen in [62]. The same observation is found in our simulation (Figure 

4.3A). When pulses are applied to the inhibitory population, the firing rate is increased 

significantly compared to the case without applying pulse. 

 

B Working Memory Performance 

In spatial memory tasks, information has to be stored as working memory, which is 

usually performed as persistent activity in the spiking model. Persistent activity is from 
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strengthened synapses within a cluster, which provides two steady states with 

different firing rates within the memory clusters. The memory clusters that perform 

well can be activated by stimulation input and terminated when another memory 

cluster is activated. Therefore, we defined a quantity, persistent score (details in 

Materials and Methods), to quantify the persistent activity performance and activated 

10 preset memories in sequence by stimulus input (details in Materials and Methods) 

to study the effect of connectivity reduction as a result of AD to long term memory. 

We found that persistent score is increased with connectivity and reach almost one at 

around 𝑝𝑝 = 0.2~0.25 (Figure 4.3B). The low persistent score in low connectivity can 

be rescued to some extent when pulse input is applied to the inhibitory population if 

connectivity is lower than 0.16 (Figure 4.3B).  

A low persistent score can be originated from missing the second steady state of 

persistent activity or when persistent activity happens at an inappropriate time, which 

causes the simultaneous activation of multiple memory clusters. To investigate which 

situation happens for low connectivity, we measure the portion of the overlapping 

time duration of high firing activity among different memories. Overlapping duration 

is always low when there is no rescue (Figure 4.3C), because their persistent activity 

is rare when connectivity is low (Figure 4.3D). When pulse input is applied, the overlap 

duration is high even for high connectivity (Figure 4.3C) because persistent activity 
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also happens in low connectivity regime (𝑝𝑝 ≤ 0.16), but some memory clusters are 

hard to terminate from the persistent activity and may be activated at an 

inappropriate time (Figure 4.3E). Thus, our simulation predicts that pulse application 

rescues the persistent activity, but it leads to the co-activation of memory clusters as 

a side effect. This property has not been tested in experiments.  

 

Figure 4.3 Performance in different connectivity with (40Hz 50% duty cycle) and without pulse input (without rescue) 

when 𝑔𝑔𝐸𝐸→𝐼𝐼 = 0.15. (A): Firing rate. (B): Persistent score. (C): Overlapping proportion. (D-E): Raster plot of 5 

memory clusters activation. Blue and black dots indicate neurons receiving 12.5Hz (cue) and 2.5Hz input 

respectively. (D): Without rescue. (E): 40Hz 50% duty cycle. 5 memory clusters are made up of neuron number 0-

199, 200-399, 400-599, 600-799, 800-999 respectively. Other parameters used in (D, E): 𝑝𝑝 = 0.16. Error bars in (A) 

and (B) indicate the standard deviation across different trials of simulations. 

 

C Oscillation 

In the rescue experiment, slow gamma oscillation (30-60Hz) is found enhanced, while 

theta (4-12Hz) and fast gamma (60-120Hz) oscillations are unchanged, when 40Hz 
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pulses are applied to AD mice [62]. Our simulation result shows a similar phenomenon. 

When pulses are applied, the difference in slow gamma oscillation between the cases 

with and without pulses is increased with connectivity reduction when connectivity is 

less than 0.25 (Figure 4.4B). Theta and fast gamma are similar in this range (Figure 

4.4A, C). Additionally, we found that, when rescue is not applied, slow and fast gamma 

increases sharply when connectivity increases beyond 0.25 (Figure 4.4B, C), which is 

the transition from asynchronous to synchronous firing, while theta further decreases 

smoothly (Figure 4.4A). When rescue is applied, theta oscillation increases when 

connectivity is larger than 0.25 (Figure 4.4A) and the fast gamma oscillation still 

increases sharply but the power is reduced compared with the case without rescue 

(Figure 4.4C). 

 

Figure 4.4 Comparison of oscillation power between the cases with and without applying pulse. (A): Theta (4-12Hz). 

(B): Slow gamma (30-60Hz). (C): Fast gamma (60-120Hz). Error bars indicate the standard deviation. 
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D Frequency Dependent Rescue 

It has been shown above that a 50% duty cycle gamma pulse can improve memory 

performance in our model. We wonder if a 40Hz gamma pulse is an optimal frequency. 

We thus studied pulses with different frequencies. It is found that when the frequency 

is in the range from 40 to 80Hz, persistent activity can be rescued (Figure 4.5A), while 

too high or too low frequency would weaken the effect of the persistent score. 

Although the persistent score is rescued by the pulse input, there is more overlapping 

among multiple memory clusters during recall (Figure 4.5B). While the overlapping 

duration is minimal in the frequency range 40-80Hz, the overlapping duration still lasts 

longer than the case without applying pulse. It is important to notice that when pulses 

are applied to a circuit with high connectivity (𝑝𝑝 = 0.25), the persistent score and 

overlapping duration are also worse than the case without applying pulses when the 

frequency is too low or too high (Figure 4.5A, B), similar as low connectivity (𝑝𝑝 = 0.15). 

Different oscillation power is found to change when different frequency pulses are 

applied (Figure 4.5C-E), which is similar to in the experiment [62] and the order among 

different frequencies is also similar. It shows that slow gamma power is accompanied 

by the recovery of memory compared with other frequencies (Figure 4.5A, D). 
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Figure 4.5 Performance and oscillation during the rescue input with different frequencies. (A): Persistent score. (B): 

Overlapping proportion of 40Hz 50% duty pulse at p 0.25 and 0.15 connectivity. Dish lines indicate the quantities in 

the case without pulse input. The dash lines in (B) are overlapped for different connectivity densities. (C-E): 

Oscillation power after applying different frequency pulses for p=0.16 connectivity. (C): Theta (4-12Hz). (D): Slow 

gamma (30-60Hz). (E): Fast gamma (60-120Hz). Error bars indicate the standard deviation across simulation trials. 

We wonder why 40 to 80Hz input pulse improves the persistent score, while too low 

or too high frequency reduces the performance. First, we look into the firing rate 

during the persistent activity of four different populations:  (1) excitatory neurons 

within activated memory cluster (Em), (2) excitatory neurons within one inactivated 

memory cluster (ENm) , (3) inhibitory neurons receiving pulse input (Ip)  and (4) 

inhibitory neurons without receiving pulse input ( INp) . However, as there is 

overlapping when the circuit has multiple memories, which affects the firing rate, we 

leave one memory and remove the others (namely, only considering the case with one 

coded memory) in the following of this section. It is found that the firing rate during 
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the persistent activity of Em  does not change much when applying different 

frequency pulses (Figure 4.6A). The firing rates of ENm and INp  are minimized 

(Figure 4.6B, C) and Ip  firing rate is locally maximized in the range of 40 to 80Hz 

(Figure 4.6D). From the firing rate, it suggests that the improvement in the range 40 to 

80Hz is because the firing rate of the inactivated clusters is suppressed most, which 

reduces the overlapping and makes the termination of the persistent activity easier. 

As the total firing rate of inhibitory neurons is minimized (Figure 4.6E) and Em firing 

rate does not show much difference (Figure 4.6A) in the range 40-80Hz. intuitively, 

ENm  firing rate should be maximized in the presence of less inhibition, however, 

surprisingly  ENm  is also minimized. To explain this counterintuitive result, we 

examine the evolution of membrane potential and synaptic current at different 

frequencies (Figure 4.6F-H). We can see that the inhibitory current received by ENm 

(I𝑛𝑛𝑚𝑚GABA) and INp (InpGABA) and the membrane potential of ENm and INp have some 

correlation. A neuron should fire more if it receives a similar amount of excitatory 

inputs and less inhibitory inputs. But the result is the firings of these neurons reduce. 

By investigating the correlation at different frequencies, we found that this weird 

phenomenon comes from the matching of the period of pulse with the double of 

membrane time constant of inhibitory neuron, τI. τI controls how fast the inhibitory 

membrane potential can react to the change of net current. If the change is too fast, 
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inhibitory membrane potential cannot follow the change in current. In contrast, if the 

net current change is too slow, membrane potential has more fluctuation after it 

reaches equilibrium. When the period is at twice τI, the inhibitory current generated 

by Ip suppressing INp and ENm most. It can be seen from the correlation between 

the inhibitory current received by ENm  or INp   and their membrane potential 

(Figure 4.6I, J) and the correlation between ENm  and INp  membrane potential 

(Figure 4.6K) that the correlation is highest in the range 40-80Hz. Here the correlation 

takes into consideration of  the transmission delay and time required for the synaptic 

current to rise, Δ𝑑𝑑 = τl + 𝜏𝜏𝑟𝑟𝜏𝜏𝑑𝑑
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

𝜏𝜏𝑟𝑟+𝜏𝜏𝑑𝑑
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 ln 𝜏𝜏𝑑𝑑

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

𝜏𝜏𝑟𝑟
≈ 1 + 1.5 = 2.5𝑚𝑚𝑚𝑚, i.e. 𝑐𝑐𝑐𝑐𝑝𝑝𝑝𝑝(I𝑛𝑛𝑚𝑚GABA(𝛥𝛥 −

Δ𝑑𝑑), ENm(𝛥𝛥)) and 𝑐𝑐𝑐𝑐𝑝𝑝𝑝𝑝 �I𝑛𝑛𝑠𝑠GABA(𝛥𝛥 − Δ𝑑𝑑), INp(𝛥𝛥)�.  After a spike is generated by a 

presynaptic neuron, the synaptic current required τl  to reach the postsynaptic 

neuron and then the current starts from 0𝐴𝐴 and increases as bi-exponential function 

in Eq. ( 4.4), which means the current still needs some time to induce an effect on the 

postsynaptic neuron after arrival. Taking the above two considerations into account, 

a shift of Δ𝑑𝑑   has to be considered. The large correlation means the inhibitory 

current generated by Ip  drives and inhibits the membrane potential of INp  and 

ENm most effectively when the period is around twice τI. Furthermore, the low firing 

of ENm causes less overlapping and easier termination of persistent activity during 

the switching of the memory cluster from activation to inactivation. 
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Figure 4.6 Neurodynamics mechanism underlying the effect of pulse frequency on rescue. (A-E): Population firing 

rate with respect to the input frequency in different neuronal populations.  (A): 𝑔𝑔𝑚𝑚. (B): 𝑔𝑔𝑁𝑁𝑚𝑚. (C): 𝐼𝐼𝑁𝑁𝑠𝑠. (D): 𝐼𝐼𝑠𝑠. 
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(E): Total inhibitory, 𝐼𝐼𝑁𝑁𝑠𝑠 + 𝐼𝐼𝑠𝑠 . (F-H): Evolution of membrane potential and inhibitory current, where 

𝑉𝑉𝐸𝐸𝑛𝑛𝑚𝑚 𝑎𝑎𝑛𝑛𝑑𝑑 𝑉𝑉𝐼𝐼𝑛𝑛𝑠𝑠 are membrane potential of 𝑔𝑔𝑁𝑁𝑚𝑚  and 𝐼𝐼𝑁𝑁𝑠𝑠  and 𝐼𝐼𝐸𝐸𝑛𝑛𝑚𝑚𝐺𝐺𝐴𝐴𝐺𝐺𝐴𝐴  and 𝐼𝐼𝑖𝑖𝑛𝑛𝑠𝑠𝐺𝐺𝐴𝐴𝐺𝐺𝐴𝐴  are inhibitory current 

received by 𝑔𝑔𝑁𝑁𝑚𝑚  and 𝐼𝐼𝑁𝑁𝑠𝑠  respectively. Pulse input are (F): 10Hz, (G): 60Hz, (H): 120Hz. (I-J): Time-shifted 

correlation between inhibitory current received by and membrane potential of (I): 𝑔𝑔𝑁𝑁𝑚𝑚  and (J): 𝐼𝐼𝑁𝑁𝑠𝑠 . (K): 

Correlation between membrane potential of 𝑔𝑔𝑁𝑁𝑚𝑚  and membrane potential of 𝐼𝐼𝑁𝑁𝑠𝑠 . Errorbars indicate the 

standard deviation. 

 

4.2.3 Interaction Between Plasticity and Connectivity   

Previously, memory clusters are preset in the model to study long-term memory recall, 

but connectivity reduction caused by AD may also affect the learning ability which is 

represented as the ability of memory cluster formation through plasticity and the 

interaction with the existing memories. To investigate the ability of cluster formation 

under different connectivity densities and the influence of the newly formed cluster 

on the existing memories, we modified our model with 10 memory clusters in the 

previous section in such a way  that nine memories will be kept, while the synaptic 

strength of one new memory cluster (neuron number 0-199) will be built by learning 

at the first 100s through spike timing-dependent-plasticity (STDP) from the initial 

value gE→E by applying cue input (12.5Hz) to this cluster as the learning signal. We 

tune the parameter in the STDP rule such that the highest proportion of the synaptic 

weight after learning lays at 0.5 (Figure 4.7C), which is 𝑔𝑔𝐴𝐴𝐸𝐸→𝐸𝐸  as the other preset 

clusters. After 100s, STDP is prohibited to test the memory recall performance by a 

sequential recall.  
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A Similar Persistent Score 

First, we want to know if the performance of recall of the newly learnt cluster in 

circuits with STDP is the same as the preset cluster in circuits without STDP. We found 

that when having STDP, the persistent score is similar to the case without STDP (Figure 

4.7A), except that the variance is large at around p=0.16. It is because the circuit has 

high trial-trial variability (Figure 4.7B, C). The learnt cluster cannot be stopped in some 

trails (Figure 4.7B) while can be terminated by other cluster activation in other trails 

(Figure 4.7C). p=0.16 is at the boundary between being able (p>0.16) and unable 

(p<0.16) to terminate the learnt memory cluster. As expected,  with high enough 

connectivity, the learnt cluster is localized within the neurons (0-199) receiving 

stimulation input in the learning period (Figure 4.7D).  

 

B Synaptic Weight Potentiation Spreads from Learnt Cluster to Preset Clusters 

Although the persistent scores are similar, we expect the connectivity should still be 

different between the learnt cluster and preset clusters. We found that the newly 

learnt cluster performs differently from other preset clusters when the connectivity is 

low. It is seen that when connectivity is lower than 0.16, neurons outside the learnt 

cluster perform high firing rate together (Figure 4.7E) and the strengthened synapses 
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learnt from STDP are not localized among neurons that received stimulus input and 

spread to other preset clusters (Figure 4.7F).  

There are two types of synapses connecting the learning cluster and preset clusters, 

which are from the learning cluster to preset clusters and from preset clusters to the 

learning cluster. For the purpose of clarity, we will use L → P  and P → L  to 

represent these two types of synapses, respectively and study their change in the 

following. 

 

Figure 4.7 Persistent score and synaptic weight away from learning cluster. (A): Persistent score of the learnt cluster 

when having STDP and preset clusters when the circuit has no STDP in different connectivity p. (B, C): Raster plots 

of p=0.16 with STDP during recall. (B) and (C) are two different trials. (D, E): Raster plot of having STDP at the end 

of learning. (D): p=0.31. (E): p=0.1. In (B-D), Black, green, and blue dots represent preset clusters, the newly learnt 

cluster, neurons receiving cue input respectively. (F): Number of strong connection synapses away from the newly 

learnt cluster. 
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I L → P Synapses Plasticity 

In order to understand how the strong L → P synapses formed, we first look into the 

plasticity rule in Eq. ( 4.7). In Eq. ( 4.7), the potentiation term related to postsynaptic 

firing rate is 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ �𝐴𝐴𝑘𝑘𝑧𝑧𝑖𝑖𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠�  which is proportional to 𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠 . When 𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠 = 1 , 

the potentiate term 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ �𝐴𝐴𝑘𝑘𝑧𝑧𝑖𝑖𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠�  and the depression term 𝑆𝑆𝑖𝑖(𝛥𝛥) ∙ (𝐵𝐵𝑧𝑧𝑖𝑖) 

would be in the same order if firing rate of presynapse 𝑖𝑖  and postsynapse 𝑗𝑗  are 

similar. When 𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠 > 1, the potentiate term will be larger than the depression term. 

In contrast, when 𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠 < 1, the potentiate term will be smaller than depression term. 

Therefore, it suggests that when the firing rate of the neurons in an inactivated cluster 

is higher than around 10Hz, corresponding to the inverse of the characteristic time 

constant ( 1
𝜏𝜏𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆_𝑠𝑠𝑙𝑙𝑏𝑏𝑠𝑠

) in Eq.( 4.9), there will be 𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠 > 1,  and the synapse would be 

potentiated and strong L → P synapses are formed. To show that firing rate larger 

than around 10Hz is indeed needed for potentiation in our model, we use a simplified 

model with two neurons and one L → P synapse with STDP connecting them (details 

of the simple model are presented in Materials and Methods). The firing times of the 

two neurons are generated by Poisson random process according to their firing rate. 

The firing rate of the presynaptic is 300 Hz (modeling high firing rate in the learning 

cluster) and the firing rate of the postsynaptic neuron is a testing variable ranging from 

1 to 300Hz because if a neuron within a preset cluster is driven by the learning cluster, 
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it can finally end up with similar high firing rate as neurons in the learning cluster. This 

design is to mimic a postsynaptic neuron away from the learning cluster and a neuron 

within the learning cluster receiving the stimulation input during the learning process. 

In order to have better illustration, we use 𝑤𝑤𝑖𝑖→𝑖𝑖 = 𝑤𝑤� = 0.1 to provide more space 

for depression and 𝛽𝛽 = 0.004 to reduce the peak in Figure 4.8A. When postsynaptic 

firing rate is smaller than 8Hz, the synaptic weight is depressed (Figure 4.8A). It is 

because 8Hz is smaller than the inverse of the characteristic time constant ( 1
𝜏𝜏𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆_𝑠𝑠𝑙𝑙𝑏𝑏𝑠𝑠

) 

in Eq.( 4.9) and causes zislow < 1. When the firing rate is larger than around 10Hz, the 

synaptic weight starts to potentiate; when the firing rate passes through around 30Hz, 

the synaptic weight decreases monotonically due to the heterosynaptic plasticity, 

which is proportional to zi3  and hence sensitive to high firing rate (Figure 4.8A). 

Therefore, in the circuit model, if a neuron away from the learning cluster having a 

firing rate larger than 10Hz, the L → P synapses from the neurons within the learning 

cluster to that neuron will be potentiated and the firing rate of that neuron will be 

further increased because the excitatory synaptic current is increased with potentiated 

synapse. The firing rate will be increased continuously until around 30Hz where the 

heterosynaptic plasticity sets in to restrict the growth of synaptic weight and the firing 

rate. Finally, the synaptic weight and the firing rate reach a balance at somewhere 

larger than 30Hz under the STDP rule. We have to note that the potentiation in the 
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simple two-neuron model is not exactly the same as in the circuit model because the 

potentiated synapse does not generate higher excitability in the future in the simple 

model, as the firing rate is generated by a Poisson process with fixed firing rate, which 

does not increase with synaptic weight. However, the firing rate in the circuit can re-

organize and increase with potentiated synaptic weights.  Moreover, the firing in the 

circuit model is not Poisson spiking. Therefore, the final synaptic weight in the simple 

model may not be the same as in the circuit model. But the simple model helps to 

show that there is a threshold of firing rate for synaptic potentiation. If postsynaptic 

neurons away from the learning cluster have firing rates below the threshold, L →

P  synapses will be depressed, otherwise, the L → P  synaptic weight will be 

potentiated. Our expectation from the simple model is matched with the simulation 

result that  L → P synapses are potentiated in low connectivity circuits, which has 

higher firing rate and are depressed in high connectivity circuits with lower firing rate 

(Figure 4.8B). It has to be noted here that the mean potentiation in low connectivity 

circuits is small in Figure 4.8B because synapses are randomly picked, and if they do 

not connect with high firing neurons in the preset cluster, the synaptic weights are also 

depressed, which reduces the mean. 
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Figure 4.8 Simple model simulation result and 𝐿𝐿 → 𝐴𝐴 and 𝐴𝐴 → 𝐿𝐿 synaptic weight change during learning in the 

circuit model. (A): Final synaptic weight of 2-neuron simple model. (B): Firing rate of neurons in preset clusters after 

learning. Neurons are sorted by their firing rate. (C, D): Evolution of mean synaptic weight in the circuit model with 

different connectivity. (C): 𝐿𝐿 → 𝐴𝐴. (D): 𝐴𝐴 → 𝐿𝐿. In (C, D), the curves are drawn by randomly picking 10 synapses 

within the related class and take the mean among synapses. Some synapses picked are depressed, as a result the 

mean synaptic weight in the plot is small. 

 

II P→L Synapses Plasticity 

After studying L → P  synapses, we move on the study the P → L  synapses. We 

expected that in low connectivity circuits, after L → P synapses are potentiated, the 

firing rates of some neurons in preset clusters are increased to around 300Hz (Figure 

4.8C) and the number of neurons in preset clusters with high firing rate reduces as 

connectivity increases. When 𝑝𝑝 > 0.16, the number of high firing neurons in preset 

clusters is almost 0. The increased firing rate of the neurons in preset clusters will 

finally cause the P → L synapses to potentiate. We used the simple model again, but 

this time the presynaptic neuron represents a neuron within the preset cluster and 
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already be driven to have a firing rate around 300Hz and the postsynaptic neuron 

represents a neuron in the learning cluster, as previously the firing rate is around 

300Hz. It can be seen in Figure 4.8A that when the postsynaptic firing rate reaches 

300Hz, the synaptic weight potentiation still occurs. By recording the P → L synaptic 

weight at different times, it shows that the time of potentiation of P → L synapses 

in low connectivity circuit is close to the time of potentiation of L → P synapses and 

this only happens in low connectivity circuits (𝑝𝑝 < 0.16) (Figure 4.8D). The synaptic 

weight in high connectivity circuit is unchanged (Figure 4.8D). Similar to that in Figure 

4.8B, the small mean potentiation in Figure 4.8D is because some randomly picked 

synapses do not potentiate if the postsynaptic neurons in a preset cluster have low 

firing rates. 

 

C Connection Structure Change 

We have seen that the synaptic weights of particular synapses are potentiated or 

depressed according to their firing rate and connectivity. We are curious if there are 

differences in the connection structure between the newly learnt cluster and preset 

cluster in different connectivity.  To test if there is any difference, we calculate the 

correlation between the sum of the excitatory input after learning and the firing rate 

of neurons away from the learnt cluster during the learning period (Figure 4.9A, B). If 
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high firing neurons help to potentiate L → P synapses, we should find a positive 

correlation. In contrast, if high firing neurons help to depress L → P synapses, we 

should find a negative correlation. Considering connectivity from 0.1 to 0.31, it shows 

a positive correlation when connectivity is low and a negative correlation when 

connectivity is high (Figure 4.9C). As a result, the correlation can be understood as 

follows. When connectivity is low, high firing neurons away from the learning cluster 

formed stronger L → P synapses (Figure 4.8B). On the contrary, when connectivity is 

high, relatively high (still less than 10Hz) firing neurons away from the learning cluster 

formed weak L → P synapses (Figure 4.8B). Moreover, the correlation of the sum of 

inhibitory input and the sum of spikes of neurons away from the learning cluster is 

always negative (Figure 4.9F). It means neurons receiving more inhibitory input always 

fire less (Figure 4.9D, E). We have to note here that the correlation between two 

quantities is negative when one of them increases and the other one decreases. If the 

increase of one quantity is more proportional to the decrease of the other quantity, 

then the correlation will be more negative. The near-zero correlation for connectivity 

ranging from 0.13 to 0.18 in Figure 4.9C is because the high firing neurons are 

concentrated at neurons receiving very low inhibitory input and the others have 

almost no firing (Figure 4.9D, very steep drop of firing rate at the first few sorted 

neurons and then flat firing rate at most of the later sorted neurons). As the change 
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in firing rate and sum of inhibitory input is less proportional compared to high 

connectivity like Figure 4.9E, the correlation is less negative but close to zero. 

 

Figure 4.9 Correlation between firing rate and synaptic input. (A, B): Total excitatory synaptic input received by 

neurons away from the learning cluster (black) and their mean firing rate (red) over the whole learning period. 

Neurons are sorted by the total excitatory synaptic input. (A): p=0.1, (B): p=0.31. (C): Correlation of total excitatory 

synaptic input and firing rate at different connectivity p. (D, E): Total inhibitory synaptic input (black) received by 

neurons away from learning cluster and their mean firing rate (red) over the whole learning period. Neurons are 

sorted by the total inhibitory synaptic input. (D): p=0.16, (E): p=0.22. (F): Correlation of total inhibitory synaptic 

input and firing rate at different connectivity p. 

Combining the two correlations (Figure 4.9C, F), the result from the two-neuron model 

and the firing rate of excitatory neurons away from the learning cluster (Figure 4.8A), 

we understand that when the connectivity is high (𝑝𝑝>0.16), neurons away from 

learning clusters received more inhibition and the firing rate is lower than the 

potentiation threshold. The low firing neurons (but cannot be zero firing rate) help to 

depress L → P synapses to make preset clusters more localized from the learning 

cluster (Figure 4.8B). On the other hand, in the case of low connectivity (𝑝𝑝 < 0.16), 
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neurons away from the learning cluster received less inhibition and some of the 

neurons have a firing rate higher than the potentiation threshold. These high firing 

neurons will potentiate L → P  synapses (Figure 4.8B). The potentiated synapses 

from the learning cluster to the preset cluster start to drive the neurons away from 

the learning cluster to fire, causing an increase in the firing rates of these neurons. 

When their firing rate is larger than the potentiation threshold, P → L synapses are 

also potentiated (Figure 4.8D) and the learning cluster and the preset clusters are 

finally merged together. Thus, suitable connectivity is crucial for learning new memory 

in the presence of existing memories.  

 

4.2.4 Synaptic Weight Change Within Learning Cluster 

After studying connections between the learning cluster and preset clusters, we move 

on to study the synapses within the learning cluster. In our setting, neurons within the 

learning cluster fire asynchronously (Figure 4.10 A, B) with a high firing rate during 

learning (Figure 4.10C). The effect of heterosynaptic plasticity is significant because it 

is proportional to 𝑧𝑧𝑖𝑖3. As mentioned before, most of the proportion of final synaptic 

weight is located at 0.5 because we want the structure of the learnt cluster to be 

similar to the preset clusters, but the distributions of synaptic weight are still different 

for different connectivity (Figure 4.10 F). More proportion of synaptic weights among 
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the stimulated neurons in the learning cluster are diffused away from the peak value 

at 0.5 when connectivity is reduced (Figure 4.10F). It can be understood using the two-

neuron simple model again, but the presynaptic and postsynaptic neurons are both 

within the learning cluster and have firing rates ranging from 1 to 300Hz. We can see 

that when the postsynaptic firing rate is lower than around 10Hz, no potentiation 

happens (Figure 4.10I), which is consistent with the previous finding in Figure 4.8A. 

We can also see that when the presynaptic firing rate increases, the final synaptic 

weight distribution is flatter as the postsynaptic firing rate varies (Figure 4.10I). 

Moreover, the standard deviation of the firing rate within the learning cluster is 

reduced when connectivity increases (Figure 4.10D, E). Therefore, the distribution 

width of the final synaptic weight reduces as connectivity increases (Figure 4.10 F).  

Finally, we are interested in how the synaptic weight potentiates during learning. 

Therefore, we record the synaptic weight at a different time within the learning cluster 

and within the preset clusters. We find that no matter the connectivity is low or high, 

the learning cluster is developed within 10s (Figure 4.10G). The synaptic strengths 

within the preset clusters are reduced monotonically when connectivity is low (Figure 

4.10H) because there are some high firing neurons within the preset cluster acting as 

the postsynaptic neurons of some of the synapses within the preset cluster. The high 

firing rate of these neurons in low connectivity circuits activates the heterosynaptic 
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plasticity and causes synapses with low firing presynaptic neurons to depress. It means 

the learning process in low connectivity circuit not only merges clusters as mentioned 

above but also deteriorates the preset clusters. 
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Figure 4.10 Effect of STDP on learning cluster under different connectivity. (A, B): Raster plot during learning. (A): 

p=0.1. (B): p=0.31. (C, D): Evolution of firing rate in the learning cluster during learning under different connectivity 

(coded by color of the curve). (C): Mean value of all neurons in the cluster. (D): Standard deviation of all neurons in 

the cluster. (E): Distribution of mean firing rate of learning neurons at the last 1s of learning. (F): Distribution of 

synaptic weight within the learnt cluster after learning. (G): Evolution of mean synaptic weight of synapses within 

learning cluster in different connectivity. (H): Evolution of mean synaptic weight of synapses within the preset 

cluster in different connectivity. (I): Single neuron model final synaptic weight result. In (G, H), the curves are drawn 

by randomly picking 10 synapses within the related cluster and take the mean among the selected synapses. 

Overall, in section 4.2.3, we study the interaction between STDP and connectivity. We 

found that when connectivity is high (𝑝𝑝 > 0.16), neurons in the preset cluster have a 

low fire rate, which depresses the L → P synapses and does not change the synaptic 

weight of the P → L synapses. The depressed L → P synapses can better separate 

the learning cluster and the preset clusters. Synapses within the learning cluster have 

narrow weight distribution and synaptic weights within preset clusters are not 

affected by the learning cluster. All these measures suggest that the circuit can learn 

new memory clusters while maintaining the stability of existing clusters. On the other 

hand, in low connectivity circuits (𝑝𝑝 < 0.16), some neurons in the preset cluster may 

have a high firing rate, which potentiates the L → P  and P → L  synapses. The 

potentiation of L → P and P → L synapses make the learning cluster and preset 

clusters less distinguishable in structure. Synapses within the learning cluster have 

board weight distribution and the preset clusters are deteriorated during the learning 

process. Thus, circuits with too low connectivity cannot properly learn new memories 

and maintain the stability of existing memories.  
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4.3 Conclusion and Discussion 

In this Chapter, we studied the learning and recall process in the circuit under different 

connectivity, where connectivity lesion could be caused by Aβ due to Alzheimer’s 

disease, with and without spike-timing-dependent plasticity (STDP). In order to study 

the interaction between memory clusters, we preset 10 memories for studying the 

recall process and rescue. For the second purpose of studying the learning process, 

we preset nine memories and learn one new memory from STDP to investigate the 

learning process on its own and the interaction between the learning process and the 

existing memory clusters.   

 

4.3.1 Summary of the Findings 

We first studied the parameter range to reproduce the hypothesis about the relation 

between connectivity reduction and circuit activity [68] in a synapse-static circuit and 

found that there is a suitable and wide parameter range to reproduce the phenomena 

that reduced connectivity can first induce a higher firing rate. Moreover, it is found 

that the turning point of the firing rate from increasing to decreasing as connectivity 

reduction is a transition from synchronous state to asynchronous state.  
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With this simulation setting, we went further to study the mechanism of rescuing the 

performance of the lesion circuit with pulse input found in the experiment [62]. 

Through studying the synapse-static low connectivity circuit and rescue, we 

understood that deactivating inhibitory neurons in the slow gamma frequency range 

can effectively suppress the firing of inhibitory neurons and excitatory neurons in the 

inactivated clusters when connectivity is high. Hence, the persistent activity can be 

easier to terminate, leading to less overlapping between activations of the same 

memory cluster. However, we also found that although applying pulse in the slow 

gamma frequency range improves the persistent score of the low connectivity circuit, 

the circuit performance is still worse than the high connectivity circuit. We also predict 

that the rescue would induce memory cluster co-activation as a side effect. 

In the last part, we studied the learning process of forming a new memory cluster and 

its effect on existing memory clusters in different connectivity through applying the 

STDP rule to the circuit. We found that the learnt cluster has similar persistent activity 

as the preset cluster, but the synaptic weights due to STDP are different for low and 

high connectivity.  In high connectivity, STDP causes the learnt cluster to become 

more localized to the preset clusters while in low connectivity, STDP causes the learnt 

cluster to merge with the preset clusters. Moreover, we found that in a low 



180 
 

connectivity circuit, the learnt cluster has wider synaptic weight distribution and the 

synaptic weights within preset clusters are also deteriorated.  

In the following, we provide a discussion on key aspects of the study.  

 

4.3.2 The Role of Connectivity 

Connectivity being a testing variable in our model is to stimulate the connectivity 

reduction as a result of Aβ accumulation without considering a detailed underlying 

biochemical process. In biological experiments, it was found that potential Alzheimer’s 

disease patients have a risk gene, APOE4 [158, 159].  Subjects with APOE4 have a 

weaker ability to remove Aβ [73], which may be a by-product of metabolism in the 

brain [160]. Spine density in the hippocampus was found to be significantly reduced 

in a sufficiently high concentration of Aβ [69, 71, 111].   

Connectivity is also a known important factor for persistent activity, which is believed 

crucial in memory performance [23, 161, 162]. Persistent activity has been studied for 

a long time. The two major points of view of the emergence of persistent activity are 

neural transmitter utilization [19, 36] and NMDA receptor [37, 163]. Both of them 

require sufficient high connectivity to generate persistent activity. Therefore, 

connectivity reduction induces difficulty in recalling memory as mention in [62]. 
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On the other hand, the firing reduction as connectivity increases seems to be 

consistent with the study of the hierarchic network [157] that dense connectivity 

modular circuit, compared with sparse connectivity circuit, can reduce their firing 

within modular when maintaining the modular excitability through synchronization.  

The low firing rate, but sufficient excitability, may be beneficial to metabolic energy 

saving without degrading the information processing ability in a normal healthy 

primate brain. 

 

4.3.3 Performance Rescue in Lesion Circuit 

The rescue of performance is found in different experiments [62, 87, 88, 164]. We 

focused on one of these experiments that use optogenetic gamma stimulation onto 

medial septum PV (MSPV) cells, to inhibit interneurons to regain excitability in the 

excitatory neurons  [62]. We found that in the lesion circuit, the firing in the activated 

cluster does not change much, but the inactivated cluster firing rate is governed by 

the optogenetic stimulation. When the pulse input is around twice the membrane 

time constant of inhibitory neurons, τI, the suppression to the inactivated cluster is 

maximized. Therefore, the performance is improved. 
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4.3.4 The Role of Spike-timing-dependent Plasticity 

In this study, we used STDP for cluster formation. The ability to form clusters using 

STDP has been found for a long time [21, 100]. However, traditional STDP rule suffers 

from explosive synaptic weight potentiation [46, 97, 114, 165]. To prevent from 

getting explosion, we used the heterosynaptic plasticity as in [21]. The heterosynaptic 

plasticity in Eq.( 4.7) is increased as the fourth power of the firing rate (𝑆𝑆𝑖𝑖(𝛥𝛥)zi3), to 

force the synaptic weight to the value 𝑤𝑤� , while the potentiation is only increased as 

third power of the firing rate (𝑆𝑆𝑖𝑖(𝛥𝛥)𝑧𝑧𝑖𝑖𝑧𝑧𝑖𝑖𝑟𝑟𝑙𝑙𝑝𝑝𝑠𝑠). As a result, this plasticity rule ensures that 

the synaptic weight would not explode in any firing rate. We also used transmitter -

induced plasticity [21]  in our study to prevent neurons getting silent in the 

simulation. 

 

4.3.5 Synaptic Weight Distribution 

Synaptic weight distribution can induce dynamics difference, which has been found in 

previous studies. It was found that heavy-tail synaptic weight distribution can lead to 

faster response to stimulus, wider dynamical range, and less sensitivity to fluctuation 

[166], and generate chaotic activity and scale-free avalanches [167]. We found that 

the synaptic weight distribution in cluster learnt through STDP is different from the 

preset cluster, but the dynamics difference between the learnt cluster and the preset 
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clusters still needs more exploration. Preliminarily, we found that the neurons in the 

learnt cluster have different firing rate distribution compared with the preset cluster 

(data not shown), but it needs further confirmation and reasoning.  
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Chapter 5 Summary and Outlook 

My doctoral study was dedicated to using biologically realistic neural network models 

to investigate synaptic plasticity and learning. Triplet plasticity rule, heterogeneous 

plasticity, and transmitter-induced plasticity are used as the long-term plasticity rule 

all over our studies and provide us some insights on learning. Firstly, we studied how 

the plasticity rule interacts with gamma oscillation (Chapter 2). The second project was 

inspired by experimental results that prohibiting plasticity on E → I  synapses, the 

mice have long-term memory consolidation deficits, but short-term memory is not 

affected. We build a two-layer model to study the effect of E → I  plasticity and 

predict that gamma nested with theta stimulation on inhibitory population can rescue 

the long-term memory (Chapter 3). Lastly, we investigated interaction among the 

connectivity, circuit dynamics, and the plasticity rules through modeling an 

Alzheimer’s disease circuit by connectivity lesion (Chapter 4).  

Across the three chapters, we studied the “life” of memory, from the formation of 

memory cluster, consolidation, to forgetting. We hoped to learn effectively and gain a 

lot of methods to help us learn effectively from the psychological perspective [168, 

169], but we know little from the neuroscience perspective. By knowing more about 

how memory clusters are formed effectively in neuroscience perspective in the study 

in Chapter 2, we may be able to develop methods and machines to help us learn better 
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and quicker based on the theoretical understanding of memory cluster formation. 

Moreover, a signature of good learning is having gamma oscillation, serval cognitive 

dysfunctions were found to have a reduction in gamma oscillation, like AD [51, 63, 170]. 

One category of therapy to these cognitive dysfunctions is to apply gamma oscillation 

to the patient brain in different means, such as magnetic and electrical stimulation [51, 

62, 104]. These therapies show recovery in memory performance, but little is known 

about the effect of stimulation in neural circuits. In the study of Chapter 3, we provided 

a prediction and explanation on recusing memory by applying a particular combination 

of theta and gamma oscillations at the neural circuit level. It may be useful for 

developing more effective therapies in the future. Furthermore, the early symptom of 

AD is forgetting things in short term, but old memories can be memorized well [51, 68, 

171]. We knew the symptom well, but we have little understanding of the dynamical 

change and the relation to consolidation and formation of memory clusters caused by 

AD in the neuroscience perspective. The study of connectivity change in Chapter 4 

provides a possible explanation of how AD affects our memories which may be 

important for us to prevent the memory deficits caused by AD.  

This thesis included Hebbian plasticity of E → E (Chapter 2, Chapter 3, Chapter 4) and 

E → I (Chapter 3), but the I → E plasticity that was introduced in [172] and plasticity 

that is found in the hippocampus feedback inhibitory circuit [142] were not studied 
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here. How these plasticities interact with the circuit dynamics is not yet clear and 

needs further exploration. Moreover, STP and STDP are both included in the studies, 

but research work about the interaction between STP and STDP is few. Although it was 

reported that short-term depression can contribute to uni-directional long-term 

potentiation while short-term facilitation can contribute to bi-directional long-term 

potentiation[173], the interaction  among  STP,  STDP and memory cluster 

formation  are not well studied. It would be a new direction to explore how STP and 

STDP interact to affect the learning performance. So far, among the whole study, 

overlapping memories (some neurons involved in coding multiple memories), which 

may interfere with each other and cause memory to be less discriminable, were not 

considered and it would be an extension of our work in the future. Moreover, 

analytically predict the synaptic weights from the parameters and STDP rule is still a 

challenge to us. Existing theory [174, 175] tended to use mean-field approximation to 

analyze the mean firing rate and synaptic trace, and their covariance. However, the 

heterosynaptic plasticity rule has a cubic exponent of synaptic trace and thus requires 

high-order covariance, which induces large errors in the mean-field approximation. 

Introducing an effective theory in the mean-field approach is also a future direction 

for us.  
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Specifically, in Chapter 2, we considered only a single memory cluster within a cluster 

formation process. Considering multiple and overlapping memories may generate 

more complicated interaction between gamma oscillations within each cluster and 

their learning process is an interesting question and deserves further study. Moreover, 

only STDP interaction with gamma oscillation is studied, but the interaction of STP with 

gamma oscillation is unclear, although it was shown that STP does not make changes 

to oscillation in the silent state [176]. STP effect on gamma oscillation in persistent 

activity state would be an interesting study in the future. In Chapter 3, we studied the 

memory consolidation process through a feedforward two-layer network, which 

represents short-term memory and long-term memory storage respectively. In the 

future study, it deserves to consider the feedback connections from layer 2 to layer 1 

because the brain is reciprocally connected. Moreover, the theta oscillation in Chapter 

3 is generated by the external inhomogeneous Poisson process representing theta 

wave provided by other brain regions, like the medial septum [66]. In the future, we 

may also include the medial septum in our model to account for the mechanism of the 

formation of theta-gamma nested oscillation. Furthermore, effects from different 

brain regions (e.g., spindles generated by thalamus, bursts generated by Locus 

coeruleus) affecting consolidation [112] may also be an interesting extension. In 

Chapter 4, we used persistent score and overlapping proportion to quantify the 
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performance of memory recall. In addition, we may also consider the number of 

memories that can be held at the same time as an additional measure to quantify the 

performance. A famous property of working memory is humans can only store four to 

seven numbers in our working memory at once [25, 177]. The effect of connectivity  

reduction on the working memory capacity would be an extension of this work. 

Moreover, we found the difference in synaptic weight distribution between the learnt 

and preset cluster when STDP is available, but the dynamical difference in recalling the 

learnt cluster and preset cluster is not clear yet. More trials and advanced analytical 

skills are needed, and this problem deserves further study. Furthermore, it was found 

in the experiment that place cell firing of mice with Alzheimer’s disease is confined to 

a few specific locations during exploration in familiar trajectories [33]. Our study 

suggested that it may be related to the formation of P → L and L → P synapses, 

which is possible to form a synfire chain structure and induce deterioration of preset 

clusters.  

As the deterioration of memories in different timescale is one of the hallmarks of AD 

[171]. It is worth extending the network into a multi-module model to better delineate 

the pathology of deficits in communication among different brain regions, and short-

term and long-term memory deficits due to connectivity reduction in the future.  
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