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Abstract

Regarding the performance degradation and battery life issues faced by mobile
smart devices during low energy supply. This article thoroughly explores the
strategies employed by biological neurons to stabilize spike emission frequency
and reduce power consumption during low energy supply, as well as the char-
acteristics of myelin sheath in reducing power consumption. A power-adaptive
neuron (PAN) model and its corresponding power-adaptive neuron circuit system
(PANCS) are proposed, which adaptively adjust power consumption according
to energy supply conditions. Simulation and practical experiments both indicate
that PANCS has acquired power-adaptive adjustment capability (PAAC), main-
taining stable spike emission frequency when the system is under insufficient
energy supply. This ability increases with the degree of myelination of PANCS.
Power consumption analysis indicates that both PAAC and myelination lead to
a reduction in power consumption for PANCS when energy supply is insufficient.
Noise experiments demonstrate that the efficacy of PAAC entails sacrificing the
robustness of PANCS, and myelination cannot reverse the decrease in robustness.



Research findings of this paper endow neural morphology networks with the abil-
ity to adaptively adjust power consumption according to energy supply conditions
to cope with extreme situations, providing new insights for the development of
Al
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1 Introduction

Mobile smart devices, represented by intelligent robots, inevitably experience signifi-
cant performance degradation when the remaining battery energy is insufficient. How
to stabilize performance and reduce power consumption has become a widely rec-
ognized hot topic in the industry [1, 2]. Brain is currently recognized as the most
energy-efficient intelligent carrier. Drawing inspiration from its structure and com-
putational methods has become a primary source of ideas for reducing the power
consumption of AI algorithms [3, 4]. Brain possesses a unique mechanism whereby
neurons can adaptively reduce energy consumption and maintain a basic discharge
frequency to ensure the brain’s basic operation when adenosine triphosphate (ATP)
supply is insufficient due to starvation, thereby increasing the chances of survival [5, 6].
From a structural and operational perspective, the neural morphology network is one
of the AI networks closest to the brain. Analyzing the aforementioned brain mecha-
nisms and incorporating them into the design of neural morphology networks can help
address the aforementioned issues.

Supply and consumption strategies of energy strongly sculpt information encod-
ing in the brain throughout evolution. Human brain constitutes less than 2% of the
body mass, yet it consumes approximately 20% of the total calorie intake, with 50%
of the energy being utilized by the cortex [7]. Cost of excitatory synaptic currents and
action potentials (AP) is particularly high, accounting for approximately 57% and 23%
of the gray matter electrical signaling energy budget, respectively [8, 9]. Majority of
ATP is consumed by ion pumps in the reversal of Na+ and KT concentrations both
inside and outside neurons [8, 10-12]. Under natural selection, the brain has evolved
an energy-efficient coding strategy to maximize information transmission per unit of
energy (i.e., ATP) [13, 14]. During food scarcity, neural networks conserve energy
by reducing information processing due to limited ATP resources. In mice, insuffi-
cient ATP prompts neurons to alter energy consumption strategies to sustain basic
nervous system functions while conserving energy. In drosophila and caenorhabditis
elegans, food deprivation deactivates neural pathways involved in long-term memory
to conserve energy [15-17]. Adapting energy consumption based on available resources
enhances the biological nervous system’s endurance, a strategy worth considering in
AT network design for improved endurance.

Myelin sheaths are crucial for neuronal activity, allowing for rapid exchange of
information between brain regions, which is essential for cognitive function and human



intelligence development [18]. Most importantly, as the degree of myelination of neu-
rons increases, their basic power consumption significantly decreases [19]. Degree of
myelination of neurons is positively correlated with the frequency of firing spikes
[20]. Neurons with high discharge frequencies inevitably exhibit increased myelina-
tion, resulting in reduced power consumption, thereby driving the entire neural system
to lower power consumption. Therefore, the function of myelination contributes to
reducing Al power consumption and should not be overlooked when designing Al
networks.

The foundation of neuromorphic networks lies in the design of biomimetic neuron
circuits. Memristors, known for their compactness, low energy use, and integration
ease [21-23], embody organelle traits due to their nonlinearity and are thus commonly
used in neuron[24, 25], synapses [26—29] circuit designs, Hopfield neural networks [30]
or chaotic systems [31-33]. Most prevalent artificial intelligence neuron circuitry relies
on the simplistic LIF model design [34, 35]. While the LIF model captures basic
spiking phenomena, it fails to represent intricate firing characteristics [36]. Alterna-
tively, the Hodgkin-Huxley (HH) model offers richer dynamics in neuronal circuits
[24, 25, 37, 38], providing detailed neuron firing characteristics by adjusting parame-
ters [36, 39]. However, the lack of description regarding the microdynamics behavior
of neuronal myelination and power-adaptive adjustment capability (PAAC). There-
fore, this paper supplements this description based on the HH model to enhance its
dynamics characteristics and to design neuronal circuit nodes accordingly.

This study explores PAAC of biological neurons and the physiological function of
myelin sheaths. Their dynamics characteristics are incorporated into HH model, and a
power-adaptive neuron (PAN) model is proposed. Based on this, a power-adaptive neu-
ron circuit system (PANCS) is designed, enabling it to acquire both PAAC and myelin
sheath biological characteristics. This allows the system to stabilize spike emission
frequency when energy supply is insufficient, thereby ensuring the basic functionality
of neural system morphology networks and reducing power consumption. Simulation
and practical experiments were designed to validate whether PANCS could undergo
myelination and possess PAAC, while also exploring the relationship between myeli-
nation and PAAC. Power consumption analysis is aimed at verifying the effectiveness
of PAAC and myelination in reducing PANCS energy consumption. Noise experiment
is conducted to clarify the cost associated with PANCS using PAAC and whether
myelination can mitigate this cost.

The rest of this paper is organized as follows. Section II elaborates on the biological
principles of PAAC and neuronal myelination, clearly defining the biomimetic focus;
Section III involves establishing dynamics models of organelles involved in neuronal
PAAC and myelination, along with providing physical alternative design proposals.
It integrates the dynamical characteristics of PAAC and myelination into HH model,
proposes the PAN model, and presents the design scheme for PANCS; Section IV com-
prises simulation, power consumption analysis, and noise testing; Section V involves
practical experimentation; Section VI is the conclusion, summarizing the paper.
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Fig. 1 (a) Working mechanism of PAAC; (b) Working mechanism of myelination. [5, 40-42]

2 Biological foundations

This section primarily introduces the power-adaptive adjustment capability in neurons
and the function of myelin sheaths.

2.1 power-adaptive adjustment capability in Biological
nervous system

The PAAC of the neuron described above aims to stabilize spike firing rates under a
low energy supply at the expense of a certain degree of robustness [5]. Two key points
need to be met to implement this energy consumption strategy.

Firstly, reducing the conductivity of AMPA receptor ion channels during activation
[8, 9], as shown in Fig. 1(a). These channels are regulated by neurotransmitters, and
lower conductivity during activation results in fewer inward cations flowing, which can
reduce the amount of ATP consumed by the reversal of ion concentration inside and
outside the neuron. However, a reduction in the inward flow of cations will prolong
the time it takes for the membrane potential to rise from the resting potential to the
threshold potential, thereby reducing the spike firing frequency of the neuron. At this
point, a second mechanism is needed to maintain the peak firing frequency at normal
levels.



Secondly, raising the resting potential, as shown in Fig. 1(a). When there is insuffi-
cient ATP supply, neurons do not have enough energy to reverse the K concentration
inside and outside the cell, forcing the resting potential to increase [8, 10-12]. At this
point, the gap between the resting potential and the threshold potential decreases,
resulting in shorter accumulation of energy time for firing pulses, leading to an increase
in spike firing frequency. At the same time, fewer inward cations are required to trigger
pulses, which can also reduce the ATP consumption to reverse the ion concentra-
tion difference inside and outside the neuron. When the energy supply is insufficient,
the interplay between these two mechanisms ensures that the spike firing frequency
is maintained within a stable range, thus guaranteeing the essential operation of the
nervous system. However, this adaptive energy consumption mechanism also has its
drawbacks. When the gap between the resting potential and the threshold potential
decreases, the neuron becomes more active, and the impact of background noise on
the firing characteristics of the neuron will be exacerbated.

In conclusion, to implement this PAAC in neuronal circuit nodes, the following
three points must be met:

® Firstly, establish a dynamics model based on the biological characteristics of AMPA
receptor ion channels and search for suitable physical equivalents to meet the
physiological characteristics of channel conductivity fluctuating with membrane
potential.

® Secondly, design a reasonable structure to raise the resting potential of the
biomimetic neuron circuit when mobile power supply energy is insufficient.

® Thirdly, analyze and summarize the energy consumption mechanism of neurons,
and integrate it into the Hodgkin-Huxley model. Optimize this model as the basis
for establishing neuronal circuit nodes.

2.2 The function of myelin sheath

As shown in Fig. 1(b), the myelin sheath is attached to the surface of the axon cell
membrane. With axonal myelination, the thickness of the axon cell membrane (con-
sisting of the myelin sheath layer and the phospholipid bilayer) increases, reducing
membrane capacitance. This results in a decrease in the number of inward cations
required for neuronal discharge, thereby reducing the ATP consumed by reversing the
ion concentration difference inside and outside the neuron and lowering energy con-
sumption [19, 36]. Additionally, the reduction in membrane capacitance also decreases
the energy accumulation time time for action potential emission, thereby making the
neuron more active and accelerating the pulse emission frequency. Therefore, when
establishing neuron models or designing neuronal circuits, considering this myelin
sheath functionality is essential.

Myelin sheath growth alters membrane capacitance and permeability, reducing
neuronal power consumption and spiking firing rates. In biomimetic neuronal cir-
cuit design, capacitors mimic cell membrane capacitance, while resistors simulate
non-gated ion channels’ permeability. We can replace these components with voltage-
controlled resistors and capacitors, enabling them to adjust parameters gradually
during spike discharge, mimicking myelin sheath growth [20].



3 Mathematical models

In this section, we outline the physiological characteristics of various organelles
involved in the operation of neurons and synapses, as well as the physical proper-
ties and dynamics equations of physical substitute devices. Specifically, the PANCS is
designed strictly according to the three points proposed in Section II. Furthermore, we
propose mathematical models that describe the dynamical characteristics of neurons
and synapses.

3.1 Cell organelles and their physical substitutes

Biological neurons and synapses are intricate systems comprising various organelles
with distinct biological traits and spatial arrangements. Aligning physical devices with
these organelle traits and interconnecting them according to neural and synaptic struc-
tures is pivotal in creating systems that mimic their dynamical characteristics. Action
potential firing involves ion channels like Na*, K*, and Ca?", where excitatory and
inhibitory synaptic potentials engage various combinations of these channels [36, 43].
Unipolar memristors exhibit nonlinear traits similar to ion channel activation and
deactivation, making them suitable physical replacements, as depicted in Fig. 2(a).
Their dynamical behavior aligns with Na™ and Ca?* channel properties described in
Eq. (1), (2), and (3).

V(t) = (Roff - AR) 'i(t)v (1)
q KD f(x)-i(t) - AR, Vipr > V(t) = Vine

i—f =< 0, Vina>V(t) > Vins (2)
2 k2, - f(x) i) - AR, Ving = V(t) > Vipa,

fle) =a-(1+z), 3)

where V'(t) represents the voltage across the memristor’s two terminals, R,sy is the
high resistance value of the memristor, and AR is the difference between the high
resistance value R, and the low resistance value R,,. The x is the resistance adjust-
ment coefficient, i(t) is the current passing through the memristor and f(z) is the
window function. The g1, g2, a1, a2, koff, kon, a, and p are all parameters. V51 and
Vina represent the activation threshold and inactivation threshold, respectively.

Compared to Nat and Ca2?* channels, Kt channels exhibit relatively unique
inactivation characteristics, which requires the usage of a different memristor model.
The dynamics equation of this memristor is described by Eq. (1), (3), and (4). The b,
and by are both parameters, in Eq. (4).

@ -koh - f(x)-i(t) - AR, V(1) > Vim

= 0 s Vinn 2 V() > Vipe (4)
kg f(x)-i(t)™ - AR, V(1) < Vipo.

Fitting AMPAR conductance variations is crucial for simulating adaptive adjust-

ment characteristics of energy consumption strategies. From a physiological stand-
point, AMPAR ion channels require the binding of neurotransmitters like glutamate to

de
dt
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Fig. 2 (a) Physical substitutes for cell organelles; (b) PANCS.

activate, necessitating three-terminal devices to fulfill its function properly. MOSFETs
used as a three-terminal switching device is very suitable here. However, conventional
MOSFETSs do not possess memristive properties. It is necessary to connect a mem-
ristor in series to achieve the physiological function of AMPA receptor ion channels.
One key point is that MOSFETSs have an extremely high resistance when in the cutoff
state, making it difficult for small variations in the resting potential of the neuronal
circuit to transmit to the memristor connected in series with it effectively. As a result,
the memristor can follow changes in the resting potential to achieve variations in its
resistance, which simulates the conductivity changes of AMPA receptor ion channels.
Therefore, as shown in Fig. 2(b), it is necessary to use a large resistor in parallel
with MOSFETs, followed by the series connection of a memristor, to amplify the
memristor’s ability to capture changes in the resting potential.

AMPAR can be substituted by the structure depicted in branch ‘a’ of Fig. 2(b).
The memristor R, adjusts its conductance in response to biomimetic neuronal mem-
brane potential (MP) changes within a specific range, unaffected by action potentials,
described by dynamics characteristics in Eq. (1), (2), and (3). To sensitively adjust
the resistance value of R, during MP fluctuations and ensure that the total con-
ductance of the ‘a’ branch remains at a low level in the neuronal resting state, R,
should be designed to be between 80 k2 and 100 k). The first design requirement for
implementing PAAC of biological neurons has been achieved.



To meet the second design requirement, it is necessary to understand the rela-
tionship between the remaining current of the battery and the output voltage.
Conventional batteries tend to decrease output voltage when the remaining charge is
low [44], while the resting potential of neuronal circuits is primarily regulated by a DC
voltage source V. Therefore, we simply need to forego the use of a voltage regulator
for the DC voltage source Vp and allow its output voltage to decrease as the battery
charge decreases. This will meet the second design requirement for implementing the
PAAC of biological neurons. The third design requirement will be discussed in the
next section.

Cell membrane and the non-voltage-gated, normally open ion channels attached
to the cell membrane surface can be simulated using a combination of capacitors and
resistors, as shown in Fig. 2. In the nervous system of higher vertebrates, the myelin
sheath is a crucial cellular structure that wraps around axons. Its primary functions
include isolating the axon from interference by other neurons, altering signal transmis-
sion speed, and influencing the conditions for action potential initiation. Myelin sheath
holds tremendous significance in establishing stable neural circuits and processing
information rapidly [18]. One might consider using a combination of voltage-controlled
resistors and voltage-controlled capacitors to simulate the growth process of the myelin
sheath, enabling greater adaptability and plasticity in biomimetic neurons. This paper
primarily discusses the PAAC in biological neurons, only providing a dynamics model
of neurons equipped with myelin sheath functionality. In this paper, the values of Rp
and C; (i = 1,2,3) are directly adjusted to simulate neurons with different degrees
of myelination, analyzing the impact of myelination on the power consumption of
neurons.

3.2 Dynamics of PANCS

To establish a dynamics model of neurons based on Kirchhoff’s law, it is essen-
tial to understand how neurons exchange substances, especially ions and charged
particles, with the external environment. Neuronal substance exchange with the exter-
nal environment occurs through free diffusion, specific channels (e.g., ion channels),
and endocytosis and exocytosis, in order of increasing substance volume [45]. Small,
uncharged particles like water molecules generally permeate cells through free diffu-
sion. Conversely, ions and smaller charged particles pass through specific channels like
ion channels. Larger charged or uncharged substances enter or exit nerve cells through
endocytosis or exocytosis. However, exchanging charged particles through endocytosis
and exocytosis minimally impacts neuronal action potential firing, often overlooked in
establishing dynamics equations. The dynamical behavior of neuron growth processes
is expressed in Eq. (5).

I(t) :Zlc(t)—’_zlk(t)» (5)
n k

where I. and I} respectively correspond to the capacitance effect and ion flow through
ion channels.



From a biological perspective, the growth of the myelin sheath primarily manifests
in changes in membrane capacitance and membrane permeability [36, 46]. Hence, we
have Eq. (6).

_C(t) - du
;Ic(t) - T? (6)

where u represents the total Nernst potential generated by the concentration difference
of ions inside and outside the cell, namely MP, which is the potential difference between
equipotential lines 1 and 2 in Fig. 2(b). The C(¢) is determined by the dynamical
equation of the voltage-gated capacitor [20]. The total charge leakage from all ion
channels is described by Eq. (7).

ka(t) =gNa - (u— ENa) + 9K - (u— Ex) + gca - (u — Eca)+ -
k 7
ga-(u— Eng) + 97 - (u— Er)).

The decrease in membrane permeability caused by myelination is mainly reflected
in the reduction of the number of non-voltage-gated ion channels in the axon. In Eq.
(7), gr denotes changes in conductance in other non-voltage-gated ion channels, while
Er symbolizes their Nernst potentials. Parameters gn., gk, and go, represent the
conductance of Nat, K+, and Ca?* channels during AP generation. Ey,, Fg, and
FE¢, are Nernst potentials due to ion concentration gradients inside and outside the
nerve cell. g4 stands for AMPAR ion channel conductance. As it allows various cations,
mainly Na™T, the Nernst potential for g4 is represented by Epn,. These parameters are
determined by each ion channel’s dynamical equations.

Notably, as myelin sheath grows, C(t) decreases, and gr increases, both irreversibly.
This phenomenon showcases the growth traits of the PANCS. The variation in g4
based on MP changes demonstrates the significance of PAAC in PANCS. In the bio-
logical neural system, no external charges are injected into cells (I(¢) = 0 in Eq. (5)).
By substituting Eq. (6) and (7) into Eq. (5), we derive the PAN model shown in Eq.
(8). Therefore, we have achieved the third requirement of obtaining neuronal PAAC.

C(t)-d
_u :gNa'(u_ENa)+gK‘(U_EK)+gCa'(U_ECa)

dt (8)

+9a-(u—Eng) + 97 (u— Ep).

What is important to note is that Eq. (8) describes the dynamics of postsynap-
tic membrane receiving neurotransmitters, but lacks the description of presynaptic
membrane releasing neurotransmitters’ dynamics and synaptic plasticity.

From a physiological perspective, Nat, K+, Ca?* ion channels, and leak chan-
nels (non-voltage-gated, always-open K7 ion channels) function more like threshold
switches, which form the physiological basis for neuronal spike emission. They do not
have the plasticity required to influence changes in neural network weights. Therefore,
in Eq. (8), gnas 9K, goa and gr are not the sources of plasticity and adaptability.
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In biological neuron systems, plasticity and adaptability primarily stem from changes
in synaptic weight, which involve the increase or decrease in the number of AMPA
receptor ion channels, as well as myelin growth. Therefore, in PAN, i.e., Eq. (8), the
regulation of plasticity and adaptability relies on parameters C(t) and ga.

4 Simulation of PANCS

In this section, firstly, we will primarily focus on discussing whether PANCS can
achieve a neuron-like PAAC similar to biological neurons based on simulation results.
Secondly, we will calculate the energy consumption of PANCS with different degrees
of myelination and discuss the relationship between PAAC and the degree of myelina-
tion. Thirdly, We will conduct noise experiments to analyze the effects of PAAC and
myelination on spike firing characteristics of PANCS.

4.1 PAAC of PANCS

In this section, for all physical substitution of organelles, we create a PSpice circuit
model using dynamical equations from the previous section. We build an PANCS based
on neuron structure and simulate it in PSpice to verify PAAC. Fig. 2(b) displays the
circuit schematic, while simulation results are shown in Fig. 3. Refer to Table 1 for
circuit parameters used in Fig. 2(b). All neuronal circuits are based on the dynamical
model Eq. (8), thus we have fulfilled the third requirement of obtaining neuronal
PAAC. The first and second design requirements are explained one by one through
simulation result Fig. 3.
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Table 1 Parameters of Ion Channel Memristors.

ID Ion CH Rot  Ron Vint Vinz Vins Vina a by b2 p ken @ q2  Dynamical Eq.

1 Nat CH 1IMQ 2000 400 —110mV  —119.5mV 0 115 2 4 2 1 1 (1),(2),(3)

2 K+ CH IMQ 20Q  9TmV mV - - 118 98 4 2 105 —051  (1),(3),(4)

3 Ca?t CH 1IMQ 10kQ +00 —195mV  —120mV -0 17 5 12 2 1 1 (1),(2),(3)

4 AMPAR(R,) CH 18KQ 6kQ —7.1mV  —9mV —6mV  —-103mV 1 10 - 12 - 1 - (1),(3), (5)
Notel : In all memristors, the value of kors is 2. Vna = 55mV, Vo = —=7T7TmV, Vo, = 122mV,

Vi = —71mV, V, = 55mV, Vkr = 2V, R, = 100kQ.

In Fig. 3, we have presented neuronal firing characteristics at three different degrees
of myelination, with degree of myelination increasing from left to right, namely «a; to
¢i (i=1,2,3.). Fig. 3 (a1), (b1) or (c1) primarily verifies impact of changes in AMPA
receptor ion channel conductance R,.(0) on discharge characteristics of PANCS. Fig. 3
(az2), (b2) or (cg) primarily verifies effect of resting potential Vi p increase on the dis-
charge characteristics of PANCS. Fig. 3 (ag3), (b3) or (c3) primarily validates the PAAC
of PANCS, which examines whether PANCS has the ability to maintain or reduce
changes in spike firing rates when both R, (0) and Vip are varied simultaneously.

Observing Fig. 3(aq), (b1) or (¢1), we can conclude that when the resting potential
V is maintained constant, an increase in the activation resistance value R, of the
AMPA receptor ion channel leads to a decrease in neuronal firing frequency, consistent
with mechanism of biological neurons. However, in the simulated experiments depicted
in Fig. 3(a1), (b1) or (c1), the value of R, is artificially adjusted and does not vary
according to the MP changes, thus failing to validate the first requirement of neuronal
circuit PAAC design. Observing Fig. 3(ag), (bs) or (c3), When we set up the memristor
parameters according to the values provided in the fourth row of Table 1, and the
value of R, can vary with the changes in MP, combined with the conclusions obtained
from the analysis of the Fig. 3(a1), (b1) or (c1), we can conclude that PANCS meets
the first requirement of neuronal circuit PAAC design.

Observing Fig. 3(az), (b2) or (c2), when we keep R, constant and adjust V; to
increase the membrane potential, we observe that the discharge frequency of PANCA
increases, consistent with the PAAC mechanism of biological neurons. Additionally,
as mentioned earlier, the output voltage of the DC power supply decreases as the
remaining charge decreases [44]. When the power supply of the mobile device is insuf-
ficient, V,. will inevitably decrease, thereby reducing the resting potential of PANCA,
fulfilling the second requirement of neuronal circuit PAAC design.

Observing Fig. 3(as), (bs) or (c3), When both V. and R, increase simultaneously,
the spike firing frequency of PANCA can be gradually restored, and with the increase
in the degree of myelination of PANCA, it can even be fully maintained to the spike
firing frequency when energy supply is insufficient. From the results, the effects of
R, (c) and Vip on the discharge characteristics of PANCS offset each other, allowing
PANCS to maintain its original spike emission frequency even when energy supply
is insufficient. The stable spike firing frequency of neuronal circuit nodes is one of
the necessary conditions to ensure the basic operation of a neuromorphic network.
Maintaining the stable spike firing frequency of node circuits under insufficient energy
supply is one of the signs that demonstrate the strong robustness of neuromorphic
networks.

11



One point to note is that the simulation results of HH circuits with different degrees
of myelination are completely consistent with those shown in the Fig. 3(az), (b2) or
(c2). This implies that regardless of the degree of myelination, when MP increases,
neuronal circuit nodes designed based on the HH model will inevitably experience
spike frequency disorders. This will lead to a decline in the performance of neural
morphology networks based on HH neuronal circuit node design, or even collapse.
Additionally, excessively high spike firing frequencies will also increase node energy
consumption, which is not conducive to extending the battery life of mobile smart
devices.

4.2 Power consumption evaluation of PANCS

The impact of PANCS discharging on power consumption calculation is significant.
Therefore, as shown in the Fig. 4(a), it is necessary to divide the power consumption
calculation into two stages: "resting stage (to, 1)” and ”spiking stage(t1, tg),” based
on whether PANCS is firing. During the resting phase, the entire PANCS is in a steady
state, and its power can be calculated using the conventional power calculation Eq. 9.

_ Vr 2 —V 2 —V “ 2 —V, 2 -V “ 2
poW=Vo)? (w-Vr)" | (u=Vna)® | (u=Vk)” , (u—Voa)” ©)
R, + R, Ry RNaory Ryopy Reaofy

where P represents the power of PANCS during the resting stage, and u represents MP
of PANCS at resting state. Ryaoff, Rixors and Roaoyy respectively represent the high
resistance values of the corresponding memristors. Remaining parameters correspond
one-to-one with those in Fig. 2.

Spiking stage is a relatively complex process. During this stage, the power of
PANCS varies with the change in MP, so we can only calculate its average power.
Calculating the average power requires determining the total energy consumed and
the duration of spiking stage. Because PANCS contains memristors, the resistance of
each branch also varies with MP, affecting its power. Therefore, we must divide spik-
ing stage into five time zones according to the variation pattern of the memristor,
calculate the energy consumption separately for each zone, and then sum them up.
As shown in Fig. 4, The five intervals are ({1, t2), (t2, t3), (t3, ta), (t4, t5) and (¢5, tg),
and their energy consumption is calculated according to Eq. 10. The total energy con-
sumption during the spiking phase, i.e., the energy required @ for PANCS to fire one
spike and the average power consumption P,,, is also calculated according to Eq 10.

Results of power consumption calculation are shown in Fig. 4(b), (c¢) and (d),
where we respectively mark the power consumption calculation results of PANCS with
different degrees of myelination in red, blue, and green, with the degree of myeli-
nation increasing sequentially. During the resting stage, the power consumption of
PANCS is as shown in Fig. 4(b). Analyzing this graph, we can conclude that as MP
increases, the power consumption of PANCS decreases. As the degree of myelination
of PANCS increases, the initial power consumption of PANCS decreases. However,
as MP increases, its power consumption gradually becomes similar. This is because
myelination primarily affects the resistance value of the non-voltage-gated potassium
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Fig. 4 (a) Different stages of PANCS; (b) Power of PANCS at resting stages; (c¢) The energy con-
sumption required for PANCS to fire a spike.; (d) Average power of PANCS at spiking stages.

ion channel Ry (branch ‘b’ in Fig. 2(b) ), while the resistance values of other chan-
nels are much larger than Rr. As MP increases, the current flowing through R tends
to zero, resulting in equal total power consumption P during the resting phase for
PANCS with different degrees of myelination.

13



t2 _ 2 _ 2 _ 2 _ 2
Q- [0V, WOV (o) Vi) (0~ Vi
t1 T ao o
(u(t) — Vea)® 7
+ Rowors dt
ts _ 2 _ 2 _ 2 _ 2
Q- [ WOV 0 —Ve)? | ()~ Vi), (u)— i
to r a T Naon Ko
(u(t) — Vea)® ’
+ Rowrs dt
ta _ 2 _ 2 _ 2 _ 2
Qo= [ POV (00 Vi)t (00 Vi), (a8~ Vig
ts T a T aon on
(u(t) — Vea)? ’
i Reaoff i (10)
ts . 2 - 2 _ 2 - 2
Qu- [ DT (V" | Vi, wl) = Vg
ta T a ao on
(u(t) — Vea)? ’
+ Reuors dt
to o 2 o 2 o 2 o 2
Q- [ WOV, WO Va) | (ul) Vel (0= Vi
ts T a ao o
(u(t) — Vea)® ’
+ Rowrs dt
Q=0Q1+Q2+Q3+Qs+Qs5 )
p __9
m to —t, )

where, u(t) represents membrane potential. Ryaon, Rikon and Rogon respectively
represent the low resistance values of the corresponding memristors. Remaining
parameters correspond one-to-one with those in Fig. 2.

Energy required for PANCS to fire one spike at different degrees of myelination is
shown in Fig. 4(c). We can observe that as the degree of myelination increases, the
energy requirement for PANCS to fire a spike shows a decreasing trend, once again
confirming that myelinated structures can reduce the power consumption of neuronal
circuits. Average power consumption during the peak phase of PANCS with different
degrees of myelination is shown in Fig. 4(d). We can clearly see that the red curve,
representing the power consumption of PANCS with the lowest degree of myelination,
increases with the increase of MP, but PAAC remains effective, and power consumption
continues to decrease.

In low myelination PANCS, the increase in P, with the increase of MP is due to
frequency disorder. One of the conclusions we reached when analyzing Fig. 3 is that
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low myelination reduces the effectiveness of PAAC in stabilizing frequency. There-
fore, even if PANCS at low myelination stage possess PAAC, when energy supply is
insufficient, the spike firing rate will still increase compared to when energy supply is
adequate. From the graph, we can infer that the energy requirement for pulse emis-
sion from PANCS decreases as MP increases, but it is not sufficient to compensate for
the impact of spike frequency increases. Therefore, the average power consumption
during the spike emission phase increases for PANCS at lower degrees of myelination.
However, during this process, PAAC is effective because it effectively suppresses the
excessive increase in spike firing frequency of PANCS. This conclusion can be verified
by comparing 3 (b;) and (¢;) (i = 2,3).

Observing Fig. 4(d), we can see that as the degree of myelination increases, the
ability of PAAC to stabilize the spike firing rate improves to the extent that the spike
firing frequency almost does not vary with changes in energy supply conditions. Con-
sequently, the average power consumption of PANCS during the peak phase decreases
with the increase in MP. This indicates that a stable spike firing frequency is par-
ticularly crucial for PAAC to reduce the power consumption of PANCS. Moreover,
myelination can effectively enhance the effectiveness of PAAC. Additionally, myelina-
tion is also capable of reducing the power consumption of PANCS. This validates that
the combination of myelination structure and PAAC can effectively reduce the power
consumption of PANCS during insufficient energy supply while maintaining its stable
spike firing frequency.

4.3 Effects of PAAC and myelination on spike firing
characteristics of PANCS.

To further clarify the effects of PAAC and myelination on PANCS, we have designed
noise experiments. In these experiments, we systematically introduce stimuli, noise,
increasing MP, and other manipulations into PANCS, observing and analyzing its
responses. This will help us elucidate the impacts of PAAC and myelination. Param-
eters of PANCS are still set according to Table 1, but to maintain the same intensity
of stimulation, R, is set to 6k€2. The added noise signals are set to the same inten-
sity. Smulation results of PANCS at different degrees of myelination are shown in Fig.
5. In Fig. 5, every three rows form one group (green, purple, pink), with myelination
stages increasing from top to bottom within each group. It is worth mentioning that
we collected simulation results for a total of 20 seconds. However, for clarity, only the
results from the first 0.35 seconds are displayed in Fig. 5. In the simulation, Vp is
adjusted to make Vgp rise, with Vr increasing by a value of 8mV.

In the results shown in the first column of Fig. 5, we continuously activated the
MOSFETSs T, in PANCS with different degrees of myelination, adding the same stim-
ulus to fire continuous spike signals. Analyzing the figure, we can observe that as the
degree of myelination increases, the frequency of spike sequences emitted by PANCS
also increases. This indicates another crucial impact of myelination, apart from reduc-
ing power consumption, which is the increases of spike frequency. The fundamental
reason for both the increase in frequency and the decrease in power consumption is the
same: myelination enables PANCS to lower the threshold for spike emission, making
the entire circuit node more active. Compared to low myelination stages, even small
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stimuli are sufficient to trigger spike firing in PANCS at highly myelinated stages.
Comparing the first column of different groups leads to a conclusion that the vari-
ation in Rp does not have a significant impact on the frequency, to the extent that
it is not clearly observable from Fig. 5. This is because the entire PANCS can be
regarded as a large-scale RC circuit, where the influence of Ry on its time constant
is less significant compared to C; (i = 1,2,3). One crucial point is that in the circuit
structure of PANCS, as Rp increases, the total resistance between EL1 and EL2 also
increases. Consequently, the influence of external noise on the discharge characteris-
tics of PANCS will decrease. This aspect aligns with the physiological function of the
myelin sheath.

In the simulations shown in the second column of Fig. 5, we discontinued the stim-
ulation to PANCS but introduced a noise signal. Analyzing this column of the figure
reveals that, under the same noise intensity, as the degree of myelination increases, the
response curve of PANCS becomes thicker, indicating increased sensitivity to noise.
This once again demonstrates that myelination can reduce conditions for PANCS to
fire spikes, making it more responsive. However, even so, PANCS did not fire spikes
due to noise. As shown in the third column of Fig. 5, when we adjusted Vp to raise
the resting potential Vip, the situation changed. When Vip increasing, PANCS fir-
ing spikes implies lowered firing conditions, rendering it highly active, such that even
slightly intense noise can fire spike. Reason is that the gap between the resting poten-
tial Vrp and the firing threshold V;j, has decreased. This means that slightly stronger
noise can elevate PANCS’s MP above V;;,, thereby firing spike. When the energy sup-
ply is insufficient, Vgp inevitably rises, triggering the action of PAAC. Increasing in
Vrp implies a decreased ability of PANCS to resist noise.

The results of the three sets of experiments in the third column of Fig. 5 show that
with the increase of Ry, even under larger conditions of C; (i = 1,2, 3), noise of equal
intensity can still induce PANCS to emit sharp peaks. This proves that Ry indeed can
alter the time constant, thereby reducing the conditions for PANCS firing spikes. In
the simulation depicted in the fourth column of Fig. 5, we simultaneously introduced
noise and stimulation while increasing Vrp of PANCS. To facilitate comparison with
the results provided in the first column, we introduced the joint inter-spike interval
(JISI) analysis. In Fig. 5, the fifth column represents the JISI analysis results of the
first column, while the sixth column represents the JISIT analysis results of the fourth
column. In the JISI analysis results graph, the degree of dispersion of the scatter points
is positively correlated with the extent of noise influence on PANCS. We calculate the
degree of dispersion of the scatter points using equation Eq. (11). ER represents the
degree of dispersion of the scatter points.

i V@0 =5+ G0 ) )

n
where x(7) and y(7) respectively represent set of abscissa and ordinate of the scatter
plot, x,,, ¥, represent the median.

Observing the fifth column of Fig. 5, it can be seen that without noise, the intervals
between consecutive pulses emitted by PANCS are relatively regular, with fluctuations
occurring within a small range. The scatter plot in the JISI graph forming a square
shape also confirms the regularity of pulse emission intervals. As the myelination

16



- N Add noi
i i Add noisy Noise-free noisy
Noise-free Aty Add noisy Add stimulati |Add stimulation| [A9d Stimulation
Add stimulation Stimulation-free V.. !}
RP V. ’ IN|
RP JIS
- J
[ \ A A, a X
ﬁ 2 4 Low
R: C: | @ ; =3
3kQ 2.5F| =
ER,=0.48 A
| e— au ! g
— 150 250 350 200 400 600 800 200 400 600 800 250 350 2 7 12 <
Time(ms) Time(ms) b Time(ms) b Time(ms) b ISI(ms) b =
Ve N 4 51y 6 o
S 0 S 0 - ®
8 E 2 3 2 e
eF y 540 s 40) g & £ : =
= = x x
3KQ 2.0pF| 0 4 50 g z B
g g 2 Ol i ER =0.53 . o
% = 40— =
— 50 250 350 200 400 600 800 200 400 600 800 = 150 250 350 2 7 12 2 7 12 g
¢ Time(ms) Time(ms) Time(ms) ¢ Time(ms) ¢ IST(ms) ¢ 18T, (ms) =
— 3
PUEN 2 S1 ER,=127 S
z Z . ST A=1362% =
: C:| T340 540 £
% (O PN > 7 e
3kQ 1.5pF ~ et 80 &
g S v
e b 0 Y] ki i s 2 :
— 150 250 350 0200 400 600 800 0200 400 600 800 150 250 350 2 7 2 2 7 2 High
Time(ms) Time(ms) Time(ms) Time(ms) ISL(ms) ISI(ms)
— 4 d, d, A,=171.8%
PR S 0
z z ~ Low
l{l_: C: | 50 T340 £
i > s ssiram > 7
6kQ 2.5pF ~ FOT—————— w0 )
0 = Y ik ik o
150 250 350 200 400 600 800 0200 400 600 800 150 250 350 2 7 2 2 7 2 (]
Time(ms) Time(ms) Time(ms) e Time(ms) e ISL(ms) e ISL(ms) e
: S S ¢ A=1838% || ©
g = 7 =t
30 £ . E =
> e x7 A 3
-80! z . 7
0 = QI b ki 4 2] -2 53
50 250 350 200 400 600 800 0200 400 600 800 150 250 350 2 7 2 2 7 2 =
Time(ms) Time(ms) f Time(ms) f Time(ms) f ISI(ms) f 18I (ms) =
4 512 612 =]
S 0 . ER =048 ER,=133 =
C B B ) A=171.5%
> g 37 T7|
T A L L 4 7 | :
z Y Z A0 bl . R
| — % O asbisaiidisain 23— .
50 250 350 200 400 600 800 ™ 0 200 400 600 800 ~ 150 350 2 7 2 2 7 2 High
Time(ms) Time(ms) Time(ms) Time(ms) ISI(ms) ISI(ms)
g, A =2185%
s Low
E
R: C: B
. 3
9kQ 2.5p! bewisnermmiispiproritrost & R
 —— R = i it ER, 03¢ ER,= 115 g
0 R i il 2 2
— 50 250 350 200 400 600 800 0200 400 600 800 ~ 150 250 350 2 7 2 2 7 2 "..Ql
h Time(ms) Time(ms) h Time(ms) Time(ms) h ISI,(ms) h ISI(ms) e
Ve N\ 1 3 512, 6
= = ! 12 A, =214.6%
B 3 ' 2
g 3 =540 £ g
R: C; 2 . =7 =7 2
9kQ 2.0pF| ~ i ) ~ w0 z z | 5
0 = 40 " ) DA
— 250 350 200 400 600 800 = 0 200 400 600 800 ~ 450 250 350 2 7 2 2 7 2 =4
i Time(ms) Time(ms) i Time(ms) . Time(ms) i ISL(ms) P ISI(ms) =
o 3 4 s 1 Y1 S
z° z 0 _ ER =042 _ ER,=124
R: C: 540 540 ) S B i A =195.7%
! > > x I
st 3 Rt ;
9kQ 1.5p] " w0 "0 Z @, 7 B
0 R i b o o L b Hich
— 50 250 350 200 400 600 800 ~ 0 200 400 600 800 ~ 150 250 350 2 7 2 2 7 12 2
Time(ms) Time(ms) Time(ms) Time(ms) IST(ms) IS8T (ms) ER,-ER,)/E
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degree of PANCS increases, the emission frequency rises, and the square formed by
the scatter points moves towards the lower-left direction while shrinking in area. This
indicates that myelination contributes to stabilizing the emission frequency of PANCS.
As mentioned earlier, a stable emission frequency is a necessary condition for reducing
the power consumption of PANCS when energy supply is insufficient.

As shown in the sixth column of Fig. 5, when noise is added and Vzp is increased,
the intervals between consecutive pulses emitted by PANCS become irregular, and the
range of fluctuations increases. The scatter plot in the JISI graph also changes from
a relatively regular square shape to an irregular pattern. Under the dual influence
of noise and the increase in Vgp, the function of myelination in stabilizing pulse
emission frequency becomes ineffective. Analysis of the numerical value of ER indicates
that both noise and the increase in Vpp have a significant impact on PANCS with
different degrees of myelination, causing the scatter distribution of JISI points to
almost reach the same level. Impact is noticeably greater on PANCS with higher
degrees of myelination.

In summary, firstly, PAAC can stabilize the emission frequency of PANCS and
reduce power consumption when energy supply is insufficient. Secondly, myelina-
tion can significantly reduce PANCS power consumption while also regulating spike
emission rates. Thirdly, myelination can enhance the effectiveness of PAAC, further
stabilizing frequency and reducing power consumption. However, as the remaining
energy is further depleted, and Vgp rises to system limits (which are negatively cor-
related with the background noise intensity), both PAAC and myelination become
ineffective.

5 Practical experiments

We conducted practical experiments to verify PANCS’s PAAC. Due to the exploratory
nature of this work, memristor models mimicking neuronal organelles rely on biological
traits. Given the absence of mature and reliable commercial memristors, we replaced
them with memristor circuits in our practical experiments.

5.1 Experiment setting

We built a continuous signal acquisition setup using LabVIEW software to collect
ongoing spike signals. An NI USB-6002 data acquisition card was utilized for signal
sampling within the frequency range of 0Hz to 100Hz. Adhering to the Shannon
sampling theorem, we set the sampling rate at 50k H z. Fig. 6 displays both the signal
acquisition platform and the acquisition card.

In Fig. 7(a), 7(b), or 7(c), the memristor circuit relies on bidirectional controllable
silicon properties and gate-controlled circuit design. Parameters for this circuit are
detailed in Table 2. For our practical experiments, we constructed the circuit following
the schematic in Fig. 2(a). We replaced Na*, K, and Ca?* channel memristors with
the circuit shown in Fig. 7. To achieve stable outputs at different MPs, we substituted
memristor R, with a regular resistor R whose resistance value was calculated based
on MP values using Eq. (12).

18



Display
on the

(b). Ca** channel memristor circuit

\

'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'

'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'
'

(¢). K* channel memristor circuit

D On threshold circuit
D Off threshold circuit

Fig. 7 (a) Sodium ion channel memristor circuit; (b) Calcium ion channel memristor circuit; (c)

Potassium ion channel memristor circuit.

Table 2 Parameters of memristor circuit.

Category R: R Rs Ry Rs Rg R~ Rsg DC; DC, DCz DC; DCjs
Nat CH circuit 2MQ 0.1MQ 1MQ 0.2kQ 10kQ 1kQ 1.11MQ  0.39MQ 6.3V 4V 55V 58V -
K+t CH circuit 5Q 2MQ - - - - - - TV 25V 85V - -
Ca2?* CH circuit 10kQ 109 1002 102 2MQ 509 - - 118V 15V 13V 15V 5V
Notel : Rq = 100kQ, Ry = 6k, C;(i =1,2,3) = 4.7uF.

R* _ ‘/thQ : Ra (12)
T ’
u— Ve — Vino

where, Vip,o represents the threshold of memristor R,., R, = 100k€). The u represents

the membrane potential.

A significant point to note: PANCS, like biological neurons, employs receptor ion
channel branches to internally introduce positive charges, raising MP and initiating
APs. In principle, as long as the resistance R} in branch ‘a’ of Fig. 2(b) and the
DC voltage source V,. remain constant, the charge injected into PANCS per unit
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Fig. 8 Spike firing rate of PANCS at different membrane potentials.

time through branch ‘a’ remains consistent. This forms the foundation for comparing
different practical experiments.

5.2 Practical experiment analysis

The practical experiment results in Table 2 are visualized in Fig. 8. From Fig. 8, it
is clear that as the membrane potential increases, the conductivity of R decreases,
and the peak firing rate of PANCS settles at 50Hz. This validates PANCS’s ability to
maintain a steady firing rate despite adaptive changes in energy consumption.

Notably, in Fig. 8(a) to (b), with constant R} at 6k{2 and increasing MP, the
firing rate holds steady at around 50H z. Neuronal firing speed is linked to membrane
capacitance charging. This indicates PANCS’s resilience to minor MP changes; even
as MP rises and the demand for charge lessens to fire spikes, its impact on firing rates
remains minimal. The practical circuit shows less sensitivity to small MP changes
compared to simulations. This suggests that PANCS in the practical circuit is more
capable of maintaining a steady firing rate during periods of insufficient energy supply.
Yet, significant MP fluctuations can notably affect PANCS’s firing rate. A comparison
between Fig. 8(e) and 8(f) illustrates a significant difference in PANCS firing rate
when membrane potentials vary by 1.2V.

6 conclusion

This paper introduces an adaptive growth neuron model equipped with PAAC, along-
side its circuit design, leveraging insights from neuron energy strategies, and dynamical
behaviors. The process involves establishing dynamics models based on core neuron
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organelles’ biological traits, proposing the PAN model integrating neuron dynamics,
myelination attributes, and PAAC, and building PANCS following neuron physiol-
ogy. Using PSpice software, we simulate an PANCS to validate PAAC, conduct noise
testing, and estimate power consumption.Simulation and practical experiments have
both demonstrated that PANCS has acquired the capability of power consumption
adaptive adjustment, and can maintain stable spike emission frequency when the sys-
tem’s energy supply is insufficient. Moreover, this capability is positively correlated
with the degree of myelination of PANCS. Power consumption analysis indicates that
both PAAC and myelination can reduce the power consumption of PANCS, and the
effectiveness of PAAC is positively correlated with the degree of myelination. Noise
experiments demonstrate that the effectiveness of PAAC requires a reduction in the
robustness of PANCS, and myelination cannot mitigate the decrease in robustness.
Utilizing PANCS in designing neural morphology networks can alleviate performance
degradation and reduce power consumption under insufficient energy supply. This
capability ensures the basic operation of mobile intelligent robots and extends battery
life under extreme conditions of insufficient power supply.

In the future, we plan to enhance the PAN model by integrating synaptic biological
traits and improving growth and pulse rate modulation. This refined PAN model will
serve as the foundation for designing a biomimetic neuron circuit system.Our goal
is to create a mechanical nervous system with growth capabilities, facilitating the
development of sophisticated intelligent robots built upon this system.
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