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Memristive circuits have been widely employed to emulate various neural behavioral mechanisms. However, most
existing works remain focused on isolated learning processes and have not yet established behavioral systems capable of
adapting to changing stimuli, transitioning across perceptual states, and preserving behavioral continuity. To address these
limitations, an echolocation-inspired memristive behavioral decision circuit is proposed in this work. The framework is
organized into four functional modules — Stimulus, Action, Decision-making, and Memory — which operate coopera-
tively to enable behavioral generation that transitions from stimulus-driven responses to experience-driven execution across
different conditions. Under strong stimulus conditions, behavior is directly elicited by external sensory input; under weak
stimulus conditions, decision reliability is maintained through internal regulation; and under no-stimulus conditions, be-
havioral continuity is preserved through experience-based bias and memory replay. PSPICE simulations verify that the
circuit maintains stable decision outputs and functional continuity across all conditions, demonstrating its effectiveness for
biologically inspired and adaptive decision-making in neuromorphic systems.
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1. Introduction
In nature, biological organisms are able to regulate

their behavior and make decisions in complex environments
through perception, learning, and memory.[1–3] For example,
bats rely on echolocation to navigate and hunt in complete
darkness, where sensory perception and motor control are
achieved through a dynamical cycle of stimulus, response, and
memory.[4–7] It is worth noting that such behavior is not driven
solely by instantaneous sensory input, but is instead produced
through the coupling of external stimuli, internal state estima-
tion, and previously acquired experience. When external sen-
sory signals are weakened or completely absent, behavioral
control is gradually shifted from stimulus-driven computation
to strategies based on internal prediction and memory bias,
thereby ensuring behavioral continuity.

Inspired by such biological capabilities, it is increasingly
recognized that artificial intelligence (AI) systems also re-
quire mechanisms for real-time stimulus response,[8,9] inter-
nal state regulation, and experience-based memory utiliza-
tion. However, conventional digital computing architectures
and fixed-structure neural networks typically rely on global
clocks and discrete update mechanisms, making it difficult to
support multi-timescale learning, continuous state evolution,

and behavioral persistence within a unified framework.[10–12]

In recent years, memristors have attracted increasing atten-
tion due to their plasticity,[13–16] history-dependent dynamics,
and synapse-like behavior, and they are regarded as promis-
ing candidates for modeling biological learning and behav-
ioral mechanisms.[17–19] Their conductance states can evolve
dynamically in response to input and remain stored after
stimulus removal, thereby providing a unified physical sub-
strate for real-time sensing, internal regulation, and long-term
memory.[20–22]

Since Chua[23] introduced the memristor as the fourth
fundamental circuit element in 1971, it has been recog-
nized for non-volatility, tunable resistance, and history de-
pendence. Owing to this property, memristors inherently ex-
hibit non-volatile storage, analog resistance modulation, and
dependence on historical excitation patterns.[24,25] A specific
subclass known as threshold memristors is particularly well
suited for neuromorphic applications. These devices introduce
switching thresholds and nonlinear state transitions, allowing
them to retain memory, adjust synaptic weights, and express
activity-dependent plasticity similar to biological synapses.[26]

Consequently, threshold-type devices have become key build-
ing blocks in brain-inspired circuit architectures and are
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widely used to model synaptic dynamics under different neu-
ronal states.[27–29] Threshold memristors, in particular, pro-
vide memory retention, nonlinear switching, and adjustable
synaptic strength, enabling dynamical reproduction of synap-
tic plasticity.[30,31] They have been widely employed in brain-
inspired circuits, such as associative memory,[32–34] episodic
neural networks,[35–37] and emotional memory circuits,[38–40]

underscoring their essential role in neuromorphic design. Nev-
ertheless, most existing memristive circuits focus on single
synaptic modulation or learning functions and lack inves-
tigations into integrated perception-decision-memory behav-
ioral processes.[41,42] Moreover, dynamical behavioral switch-
ing under strong, weak, and no-stimulus conditions has rarely
been reported.

In this work, an echolocation-inspired memristive behav-
ioral decision circuit is presented, consisting of four modules
— stimulus, action, decision, and memory. Volatile and non-
volatile memristors are employed to realize short-term synap-
tic plasticity and long-term memory, respectively. The circuit
can switch its behavioral mode according to stimulus inten-
sity. PSPICE simulation results demonstrate stable outputs
and continuous functional transitions under different stimulus
conditions, providing a new approach for biologically inspired
behavioral decision modeling.

The remainder of this paper is organized as follows. Sec-
tion 2 introduces the employed memristor models together
with detailed parameter configurations. Section 3 presents the
behavioral modes under different stimulus conditions. Sec-
tion 4 describes the overall circuit architecture and the imple-
mentation of each functional module. Section 5 reports the
simulation results. Finally, Section 6 concludes this work and
looks forward to subsequent research directions.

2. Memristor model
2.1. Volatile memristive model

A volatile memristor (VM) is a device whose memris-
tance temporarily changes in response to external stimuli and

naturally returns to its original state once the stimulus is re-
moved. It does not retain long-term memory but reacts quickly
to dynamical inputs, making it ideal for mimicking short-
term synaptic plasticity and transient “forgetting” processes
observed in biological systems. Additionally, the VM can
be reset by applying a voltage, allowing the circuit to start
from a consistent initial state for each experimental trial. The
model[6] is as follows:

i = (1− x)α[1− e−βv]+ xysinh(δv),

ẋ = λ [eηv− e−ηv] f (x)− x−ε

τ
,

ẏ = σ [eηv− e−ηv] f (x),

ż = θ [eηv− e−ηv],

f (x) = (sign(v)+1)(sign(1−x)+1)+(sign(−v)+1)(sign(x)+1)
4 ,

(1)

where v and i represent the applied voltage and the correspond-
ing current of the VM, respectively. The state variable x de-
notes the normalized relative conductivity between two com-
peting conduction channels, ranging from 0 to 1. Specifically,
x = 0 corresponds to a purely Schottky-dominated conduction
process, whereas x= 1 indicates a purely tunneling-dominated
process. The parameter α denotes the Schottky barrier height,
while γ characterizes the tunneling barrier height. The deple-
tion width in the Schottky region is represented by β , and
δ refers to the effective tunneling distance in the conductive
path. The coefficient λ modulates the relative weight of the
two conduction mechanisms as a function of the applied volt-
age. The diffusion constant is denoted by τ , and ε quanti-
fies the retention capability of the conductive filament. The
material-related coefficients σ and θ are linked to ε and τ ,
respectively. Moreover, η1 and η2 describe interfacial effects
under positive and negative biases. All parameters are positive
and depend solely on the intrinsic physical properties of the
device materials, independent of the state variable x. Finally,
the function f (x) acts as a window function that constrains the
evolution of the state variable within physically meaningful
bounds. The detailed parameter values used in this work are
listed in Table 1.
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Fig. 1. Memristance responses of two VMs ) under a 1.0 V square-wave input. (a) VM1 with a 5 kΩ series resistor. (b) VM2 with a 1 kΩ series resistor.
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Table 1. Parameter settings of the VM model.

Parameters α β γ δ λ

Settings 3×10−4 0.2 1×10−3 1 0.05
Parameters σ θ η1 η2

Settings 1×10−4 0.01 4 2

A periodic square-wave voltage signal is applied to the
VM, as illustrated in Fig. 1. During each voltage pulse, the
memristance of the device decreases rapidly, reflecting its im-
mediate response to external stimulation. Once the pulse is
removed, the memristance gradually returns to its initial state,
thereby reproducing the transient forgetting behavior charac-
teristic of biological synapses. Two circuit configurations are
evaluated, where the same VM is connected in series with re-
sistors of 5 kΩ and 1 kΩ, respectively. The results show that
a smaller series resistance leads to a lower effective memris-
tance under stimulation and a slower relaxation process after
the stimulus is withdrawn. In other words, reducing the se-
ries resistance decreases the VM’s memristance and increases
the subsequent input voltage applied to the next circuit stage,
and vice versa. The detailed structure and functional role of
the VM within the overall circuit framework will be further
discussed in the subsequent circuit design section.

2.2. Non-volatile memristive model

In contrast to the VM, the non-volatile memristor (NVM)
is capable of retaining its conductance state even after the re-
moval of the external stimuli. This property enables the NVM
to emulate the long-term memory functions of the brain and
to mimic the modulation of synaptic weights observed in bi-
ological neurons. In this work, commercially available self-
regulating channel memristors from Knowm Inc. (Santa Fe,
NM, USA) are employed. The resistance variation of the de-
vice arises from the migration of Ag+ ions within the active

layer. To describe its behavior, the adaptive voltage thresh-
old memristor (AVTM) model[7] is adopted, which can be ex-
pressed as follows:

u(t) =
[
Roff− k(t)

(
Roff−Ron

)]
i(t), (2)

where Ron and Roff correspond to the lower and upper bounds
of the device memristance, respectively. The internal state
variable k(t) represents the normalized thickness of the con-
ductive region, and its temporal evolution follows:

dk(t)
dt

=

a1
[
h(u(t))+b1

]
i(t) f (k(t)), u(t)≥ 0,

a2
[
h(u(t))+b2

]
i(t) f (k(t)), u(t)< 0,

(3)

where h(u(t)) and f (k(t)) denote the voltage threshold func-
tion and the window function, respectively. The derivatives of
h(u(t)) and f (k(t)) are as follows:

h(u(t)) =


u(t)
uon

k1

, u(t)≥ 0,

u(t)
uoff

k2

, u(t)< 0,

(4)

f (k(t)) =

(1− k(t))p1 , i(t)≥ 0,

(k(t))p2 , i(t)< 0,
(5)

where uon and uoff represent the positive and negative switch-
ing thresholds, respectively. The parameters a, b, k, and p
are model constants. In this work, the specific values are cho-
sen as Roff = 600 Ω, Ron = 175 Ω, a1 = 7, a2 = 95, b1 = 0,
b2 = 0.005, p1 = 3, p2 = 8, k1 = 2, k2 = 5, uon = 0.1 V, and
uoff = −0.1 V. When the applied voltage exceeds uon, the
memristance decreases, whereas when the voltage falls below
uoff, the memristance increases, as demonstrated in the simu-
lation results in Fig. 2.
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Fig. 2. Memristance curves of the NVM under various voltage inputs: (a) Memristance curves under positive voltages. (b) Memristance curves
under negative voltages.

3. Behavioral modes under different stimulus
conditions
During flight, as shown in Fig. 3, bats generate ultrasonic

waves in their larynx, which are emitted through the mouth

into the environment. When these ultrasonic pulses encounter

insects or obstacles, the reflected echoes are received by the

ears of the bat. By analyzing the time delay between sound

emission and echo reception, the bat determines the position
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and distance of the target. This biological mechanism,[43,44]

known as echolocation, enables bats to navigate and hunt in
complete darkness.

In this work, the echolocation mechanism is adopted as
the bionic foundation for circuit design. The input signal of
the circuit represents the external echo stimulus, whose inten-
sity is inversely proportional to the distance between the bat
and the target – the closer the target, the stronger the stimu-
lus; the farther the target, the weaker the stimulus. This signal
is applied to the stimulus module, providing the sensory input
for subsequent decision-making processes.

This behavioral process can be categorized into three typ-
ical conditions, corresponding to three functional modes of the
proposed memristive circuit framework.

Fig. 3. Schematic illustration of the echolocation mechanism in a bat.

(a) Strong stimulus condition Under strong external
echo stimulation, spatial information is accurately perceived,
and immediate movement adjustment is achieved. As illus-
trated in Fig. 4(a), the echo signal corresponds to a high input
voltage applied to the Stimulus (S) module. The signal is di-
rectly forwarded to the Action (A) module, producing a clear
and immediate motor response. In this mode, the system be-
havior is dominated by the sensory input, resulting in fast and
accurate directional control.

Fig. 4. Behavioral process and corresponding circuit framework under
different stimulus conditions: (a) strong stimulus condition, (b) weak
stimulus condition, and (c) no stimulus condition.

(b) Weak stimulus condition When the echo intensity
decreases, sensory perception becomes less reliable. To en-

sure robust behavioral output, the Decision-making (D) mod-
ule is activated to support the Action (A) module. As shown in
Fig. 4(b), this mechanism is realized through an auxiliary volt-
age pathway that dynamically adjusts the decision threshold of
the A module. Through internal modulation, stable movement
decisions are maintained even under weak sensory conditions.

(c) No stimulus condition When no echo is received, ex-
ternal sensory information is unavailable. In this case, the
Memory (M) module, as depicted in Fig. 4(c), becomes dom-
inant and generates an internal bias voltage to sustain the out-
put of the A module. This internally generated signal reflects
previously stored spatial information, enabling the system to
preserve its movement direction in the absence of input. In
the proposed memristive circuit, this memory function is im-
plemented using NVMs, whose resistance states encode spa-
tial information and provide a stable bias for decision mainte-
nance.

4. Circuit model design
4.1. Stimulus module and action module

The Stimulus (S) module, shown in Fig. 5, processes the
external input Vstimuli R and converts it into an effective driving
signal for the subsequent Action (A) module. The circuit inte-
grates voltage filtering, logic-based reset, and signal summa-
tion mechanisms to ensure selective response and automatic
recovery.

First, the external stimulus Vstimuli R is passed through an
absolute-value rectifier (ABS), where negative components are
converted into a positive amplitude

VABS = |Vstimuli R|.

This operation mimics the preprocessing of auditory echoes
in biological systems, ensuring that the subsequent circuitry
responds to stimulus intensity regardless of polarity. The fil-
tered signal is then processed by the comparator (COMP),
which consists of a PMOS–NMOS pair functioning as a volt-
age threshold detector. In this circuit, the comparator employs
two explicit threshold references: T1 =−2 V and T2 = 2.5 V.
Only when the input voltage exceeds the defined threshold of
approximately Vth = 0.2 V does the comparator conduct, al-
lowing valid stimuli to propagate to the next stage. This be-
havior can be mathematically described as

VFiltered R =

1, VABS >Vth,

0, VABS ≤Vth.
(6)

Next, the output from the filtering stage is combined with
the reset node Vre = 1 V through a NOR gate, producing an
inverted logic voltage that enables the reset function. When
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the input disappears, the NOR gate outputs VU1 = 1 V, which
is then amplified and inverted by operational amplifier OP1 as

VOP1 =−
200

1000
VU1.

This negative feedback restores the baseline potential of the
system and ensures that the S module automatically resets
when no input is present. Finally, the outputs of the rectifier
and the inverting amplifier are summed through the adder node
SUM1, and the resulting voltage drives the memristor M1, ex-
pressed as

VM1 =VABS +VOP1. (7)

The Action (A) module, as illustrated in Fig. 5, receives
the processed voltage from the memristor M1 and converts it
into a corresponding output voltage VAction R, representing the

behavioral response to the external stimulus. The input voltage
VM1 from the S module is first amplified by operational ampli-
fiers OP2 and OP3. The output voltage VOP3 is then compared
with a reference threshold Vth = 0.2 V by transistor T3, which
functions as a voltage-controlled comparator. The conduction
state of T3 determines whether the system outputs a high or
low behavioral voltage:

VT3 =

{
−1 V, VOP3 >Vth,

0 V, VOP3 ≤Vth.
(8)

When VOP3 > 0.2 V, the transistor turns on and the circuit gen-
erates a positive response signal. Conversely, when the input
voltage falls below the threshold, the transistor remains off and
no movement output is produced.

Fig. 5. Circuit schematic of the stimulus and action modules.

4.2. Decision-making module

The Decision-making (D) module is primarily engaged
when the external stimulus is weak, assisting the system in
determining the correct behavioral direction. Its main func-
tions include pathway comparison, voltage integration, and
reset regulation, as illustrated in Fig. 6. When the stimulus
is strong, the S and A pathways dominate, and the D module
remains inactive. Two AND gates (U2, U3) first detect which
left or right pathway has produced an action response. The
corresponding AND gate outputs a high voltageVU2 =VFiltered L ·VAction L,

VU3 =VFiltered R ·VAction R.
(9)

The outputs of U2 and U3 are then merged through the OR
gate U4 to generate a combined decision voltage

VU4 =VU2 +VU3. (10)

This combined voltage drives the VM, whose internal
memristance represents the transient decision state. Unlike
NVMs, the VM exhibits self-recovery behavior once the in-
put signal disappears, meaning that its memristance gradually
returns to the initial state without external control. This fea-
ture allows the circuit to operate primarily under weak stimu-
lus conditions and to automatically reset during the inter-trial
resting period, preventing decision bias accumulation. In this
work, the VM is intentionally selected for its short-term mem-
ory characteristics: it can temporarily store decision-related
information when the stimulus is present, yet naturally erase
this memory when the stimulus is removed. This volatility-
based self-resetting mechanism eliminates the need for addi-
tional reset circuitry and ensures that each decision cycle be-
gins from a neutral, unbiased state, which is essential for reli-
able behavioral computation in repeated trials.

The memristor output voltage VM2 is then successively

060701-5



Chin. Phys. B 35, 060701 (2026)

amplified by two operational amplifiers and subsequently fed

into the comparator OP7, yielding the differential decision po-

tential

VOP7 =

{
2 V, VM2 > 0.1 V,

−2 V, VM2 ≤ 0.1 V.
(11)

This output distinguishes whether the previous behavioral

choice is correct or incorrect. When VSUM2 <−0.1 V, T3 con-

ducts, re-stabilizing the circuit toward its resting level

VT3 =

{
1 V, VSUM2 < 0.1 V,

0 V, VSUM2 ≥−0.1 V.
(12)

Finally, the reset-adjusted decision potential is sent to two
logic gates (U6, U7) for AND operations with the filtered left
and right signals, respectively,{

VChoice L =VFiltered L ·VT3,

VChoice R =VFiltered R ·VT3.
(13)

Fig. 6. Circuit schematic of the decision-making module.

4.3. Memory module

The Memory (M) module is primarily engaged when
external stimuli disappear, maintaining behavioral continuity
based on previously stored information. Biologically, this pro-
cess corresponds to the short-term persistence of neuronal ac-
tivity after sensory input vanishes, enabling animals to com-
plete motion sequences from memory. As shown in Fig. 7, the
proposed circuit emulates this process by extracting and re-
taining the action potentials (VL, VR) generated in the A mod-
ule during the previous trial. In PSPICE, this is implemented
using ABM elements, which employ Laplace-based transfer
functions to establish a mathematical relationship between in-
put and output signals. This configuration allows the ABM

modules to temporarily store or delay voltage information, ef-
fectively reproducing the memory retention observed in bio-
logical systems. In the proposed model, each ABM unit ex-
tracts the voltage value from the previous trial period and ap-
plies it to the decision-making process of the current cycle.
The specific voltage values are calculated as{

VT−1 L =VL(t−T ),

VT−1 R =VR(t−T ).
(14)

The delayed voltages VT−1 L and VT−1 R are first pro-
cessed by operational amplifiers OP8 and OP9, which act as
subtraction units to calculate the voltage difference between
the two memory traces. Whichever output yields a positive re-
sult corresponds to the dominant direction in the previous trial,
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and a high-level voltage Vhigh = 1 V is generated at that side
to indicate the preferred movement pathway. Meanwhile, the
filtered signals VFiltered L and VFiltered R are processed through
a NOT–OR logic element, where the output is combined with
the reset potential. This configuration provides the same re-
covery mechanism as in the D module, ensuring that the circuit
can automatically return to its resting state between trials.

In addition, ABM3 and ABM4 function as decision com-
parators that determine the sign of the subtraction results.
Each ABM block implements a voltage-evaluation rule of the
form

Vout =

{
0, Vinput > 0,

−1 V, Vinput ≤ 0,
(15)

which corresponds to the conditional expression used in the

simulation model. In this manner, ABM3 processes the left

delayed trace VT−1 L, while ABM4 evaluates the right de-

layed trace VT−1 R. The outputs of ABM3 and ABM4 encode

whether the respective directional memory exhibits a positive

or negative dominance, enabling the M module to distinguish

the stronger bias from the previous trial.

Finally, the resulting reset potential is summed with the

memory voltages obtained from ABM3 and ABM4, produc-

ing the final output of the M module and establishing a bias

voltage that guides the decision-making process in the subse-

quent trial.

Fig. 7. Circuit schematic of the Memory module.

4.4. Complete circuit

As shown in Fig. 8, the proposed system integrates the S,

A, D, and M modules into a unified architecture. Each mod-

ule corresponds to a distinct stage of the biological decision-

making process, jointly forming a continuous functional path-

way from external perception to behavioral output. The S

module filters and rectifies the external stimuli to produce ef-
fective driving voltages; the A module converts these inputs
into directional motor responses; the D module provides com-
pensatory regulation under weak stimulus conditions to ensure
stable decision performance; and the M module preserves be-
havioral continuity by generating memory-based bias voltages
when external inputs vanish.
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Fig. 8. Complete circuit structure for S module, A module, D module and M module.

In addition, the system incorporates several explicitly de-
fined threshold references to ensure reliable state transitions
across modules. Specifically, the comparator thresholds are set
to T1 =−2 V, T2 = 2.5 V, T3 =−2 V, T4 = 2.5 V, T5 = 1.7 V,
T6 = 1.2 V, and T7 =−2 V, each governing distinct switching
operations within the S, A, D, and M modules.

5. Simulation

The proposed circuit is simulated in PSPICE to evalu-
ate its functional behavior under different stimulus conditions.
The simulations are divided into three scenarios, correspond-
ing to strong, weak, and no stimulus inputs. Each simula-
tion sequence consists of 15 consecutive trials, in which left
or right stimuli are randomly applied, and each trial lasts 1.5 s.

5.1. Simulation under strong stimulus condition

Under strong stimulus conditions, the behavioral re-
sponse of the system is primarily driven by external sensory
inputs. As shown in Fig. 9, distinct voltage pulses are applied
to the left and right channels to represent the sensory stim-
uli. When a strong stimulus is presented, the corresponding
memristors (M1 and M2) exhibit a rapid decrease in memris-
tance, indicating an enhanced synaptic potentiation process.
This variation in memristance enables stronger voltage trans-
mission toward the A module, producing a clear output signal
that corresponds to the external input.

The simulation results reveal that accurate movement re-
sponses are produced in response to the applied stimuli. A
precise one-to-one correspondence between stimulus and ac-
tion is maintained in each trial, confirming that fast and re-
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liable decision-making behavior is effectively reproduced un-
der strong excitation. Under this condition, both the D and M
modules remain inactive, and the overall behavioral process is
governed by direct sensory pathways.

5.2. Simulation under weak stimulus condition

Under weak stimulus conditions, the circuit activates the
internal decision-regulation mechanism to compensate for in-
sufficient sensory input. As shown in Fig. 10, when the ex-
ternal stimulus voltage applied to the left or right channel de-
creases, the response of the primary sensory pathway becomes
less reliable. In this situation, the D module is engaged to as-
sist the behavioral output. The transient memristor M3, char-
acterized by its volatile memory property, exhibits a temporary
decrease in resistance during stimulus presentation, followed
by a gradual recovery once the stimulus vanishes.

The simulation results show that when the stimulus is
weak, the auxiliary voltage generated by the D module ef-
fectively enhances the action potential in the correct channel,
allowing the system to make the proper choice even under de-
graded sensory conditions. This demonstrates that the pro-
posed circuit can achieve reliable behavioral decisions through
internal adjustment when sensory cues are weak or ambigu-
ous.

S
ti
m

u
li
 (

V
)

M
e
m

ri
st

a
n
c
e
 (
W
)

A
c
ti
o
n
 (

V
)

Time (s)

5

0

-5
600

500

400

300

200
4

3

2

1

0
0 2 4 6 8 10 12 14 15

0.030

0.035

0.040

0.045

0.050

0.055

3 4 5 6 7 8

D (10-4 cm2/ms)

C
V 

(c
m

/m
s)

(a)

Fig. 9. Simulation results under strong stimulus condition.
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Fig. 10. Simulation results under weak stimulus condition.

5.3. Simulation under no stimulus condition

Under no-stimulus conditions, the circuit demonstrates
memory-dependent decision-making behavior in the absence
of external sensory input. As shown in Fig. 11, when the ex-
ternal stimulus signal disappears, both sensory channels cease
to provide effective input. At this stage, the system activates
the M module to sustain the behavioral response through in-
ternally stored information. The ABM units extract and retain
the action voltages from the previous trial, denoted as VT−1 L

and VT−1 R, and reintroduce them into the current decision
process. By comparing these voltages, the circuit determines
which channel exhibited stronger activation in the previous cy-
cle and generates a corresponding bias voltage to guide the
present choice.

The simulation results reveal that even without exter-
nal stimulation, the system successfully maintains correct be-
havioral responses consistent with previous experience. The
memristor states remain stable during the no-input interval,
reflecting the persistence of long-term memory traces. Once
the subsequent stimulus reappears, the circuit rapidly resumes
normal sensory-driven behavior without delay. This result
demonstrates that the proposed model effectively emulates
memory-guided decision-making, allowing stable operation
even in the absence of sensory cues.
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Fig. 11. Simulation results under no stimulus condition.

Table 2. Comparisons between the proposed work and other similar works.

Work Decision bias Weak stimulus handling VM+NVM Synapse

Ref. [45] X X X
Ref. [46] X X X
Ref. [47] X X X
Ref. [48] X X X
This work X X X

Compared with previous studies shown in Table 2, the
proposed circuit exhibits a higher level of functional integra-
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tion by supporting decision bias, weak-stimulus compensa-
tion, and a “VM+NVM” synaptic structure within a unified
framework. Unlike prior designs that focus on only one or two
aspects, the present work offers a comprehensive behavioral
decision mechanism that more closely reflects biological pro-
cessing and ensures stable operation across varying stimulus
conditions.

6. Conclusion
In this work, an echolocation-inspired memristive behav-

ioral decision circuit is proposed, integrating stimulus sensing,
action generation, decision-making, and memory modules into
a unified architecture. PSPICE simulations demonstrate that
the system produces a clear stimulus-to-response mapping un-
der strong sensory inputs, while weak or ambiguous stimuli
are compensated through internal decision regulation, ensur-
ing stable and accurate behavioral outputs. Furthermore, when
no external input is available, the memory module preserves
previously formed associations, enabling the circuit to gener-
ate consistent, memory-guided decisions. These results show
that the proposed design effectively reproduces key character-
istics of biological behavioral control and provides a circuit so-
lution for implementing biologically inspired decision-making
mechanisms.
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