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Neuromorphic computing, inspired by the functionality and efficiency of biological neural systems,
holds promise for advancing artificial intelligence and computational paradigms. Resonant tunneling
diodes (RTDs), thanks to their ability to generate neuronal dynamical responses, such as excitable spiking
and refractoriness, have recently emerged as candidates for use as optoelectronic spiking neurons in novel
neuromorphic computing hardware. This work explores the ability of RTD spiking neurons to deliver
information encoding mechanisms analogous to those observed in biological neurons, specifically spike
firing rate and spike latency encoding. We also report detailed experimental and numerical studies on the
impacts that the RTD mesa radius and the circuit inductance and capacitance have on its spiking proper-
ties, providing useful information for future design of RTD-based neural networks optimized for ultrafast
(greater than gigahertz rate) processing capabilities. Finally, we showcase the application of spike rate
encoding in RTD neurons for the ultrafast reconstruction of a eight-level amplitude signal, effectively
filtering out the noise.

DOI: 10.1103/n41r-3t9v

I. INTRODUCTION

Within the artificial intelligence landscape, neuromor-
phic systems are emerging as ensembles of nonlinear
nodes that mimic the way biological brains process infor-
mation. While artificial neural networks were initially
emulated serially on standard CPUs—leading to signifi-
cant breakthroughs in supervised and unsupervised learn-
ing [1,2]—the slowing of Moore’s law [3] has emphasized
the need for computing platforms that mirror the inherent
parallelism occurring in the brain. Both electronic and pho-
tonic platforms are under active development, integrating
trainable physical parameters and neuronlike units. Exam-
ples of neuromorphic electronic hardware include SpiN-
Naker from the University of Manchester [4,5], IBM’s
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TrueNorth [6], Intel’s Loihi [7], and BrainScaleS from the
University of Heidelberg [8]. Neuromorphic photonics, on
the other hand, leverages the high speed, low loss, and par-
allel processing enabled by light, using approaches such as
wavelength division multiplexing in both on-chip [9–11]
and free-space [12] configurations.

Resonant tunneling diodes (RTDs) have recently gained
attention for their operational versatility as optoelectronic
spiking neurons. These active semiconductor devices
incorporate a double-barrier quantum well (DBQW) struc-
ture with layer thicknesses of approximately 10 nm. This
preserves the electronic wave function’s phase across the
DBQW, enabling interference phenomena at room tem-
perature [13]. RTDs operate analogously to an optical
(tunneling in) tunable Fabry-Perot interferometer: Appli-
cation of a voltage across the DBQW adjusts the Fermi
energy of incident electrons, maximizing electron flow
tunneling when their energy resonates with the DBQW
states. This results in the RTD’s N-shaped current-voltage
(I -V) characteristics, with a positive differential resistance
(PDR) region from zero volts up to the resonance point (at
peak voltage, where the current reaches a local maximum).
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Beyond this, tunneling is inhibited, leading to a negative
differential resistance (NDR) region up to the valley volt-
age where the current reaches a minimum [14]. The result-
ing highly nonlinear I -V characteristics of RTDs have been
used to demonstrate ultrahigh (terahertz-range) bandwidth
switching capabilities between the peak and the valley
of the I -V curve, making them attractive for communica-
tion applications [15,16], and also diverse neuromorphic
behaviors. These include excitable spike firing [17,18],
refractoriness [19], multipulse bursting [20], oscillatory
and chaotic responses [21], flip-flop memory oscillating
between spiking and quiescent states [22] or two sta-
ble values [23], and regenerative self-feedback operation
[24]. These behaviors can be exploited in isolated RTDs
or when RTDs are coupled with external optoelectronic
elements, such as RTD–laser-diode systems integrated on-
chip [17,25]. Despite progress, the encoding mechanisms
used by RTD-based neurons and their parallels with their
biological counterparts remain underexplored.

This study experimentally explores the spike rate and
spike latency encoding mechanisms (at fast nanosecond
rates) in RTD neuron circuits, further aligning their func-
tionality with that of biological neurons. We also inves-
tigate experimentally and in theory the impact of design
parameters, in particular, the RTD cross-section area and
the circuit inductance and capacitance, on their neuromor-
phic rate-encoding properties and potential for ultrafast
speed operation at higher than gigahertz rates. These find-
ings will be valuable for guiding the design and training
of future neuromorphic hardware based on optoelectronic
spiking neurons built with RTDs. Finally, we propose a
proof-of-concept application where an eight-level noisy
voltage signal is regenerated by an RTD neuron by means
of its rate encoding capability.

This paper is structured as follows: Sec. II presents
experimental results on the rate and latency encoding capa-
bilities of a single (micrometer-scale) RTD spiking neuron.
Section III explores the effects that the mesa radius, induc-
tance, and capacitance, key design parameters, have on the
neuromorphic properties and speed of operation of RTD
neurons. In Sec. IV we propose a proof-of-concept appli-
cation for encoding, reconstruction, and noise-filtering of a
multilevel signal leveraging the ultrafast spike rate encod-
ing capabilities of RTD neurons. Finally, in Sec. V, we
draw our conclusions.

II. INFORMATION ENCODING

We used the setup sketched in Fig. 1 to experimen-
tally investigate the information econding capabilities of
RTD neurons. The I -V characteristic of RTDs is mea-
sured through a bias controller (Keysight E36312A), which
both sets the desired bias voltage to the RTD and reads
the corresponding output current. An arbitrary waveform
generator (Keysight M8190A, 12 × 109 samples/s) allows

SplitterBias tee
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dc

RTD

AWGBias
control

OSC Computer

FIG. 1. Experimental setup for probing the RTD. AWG, arbi-
trary waveform generator; OSC, oscilloscope.

the generation of rf waveforms with voltage pulses that
will be used to elicit spiking dynamics in the RTD neu-
ron. These pulses propagate toward a splitter and then a
bias tee (0.01–12.4 GHz bandwidth range), where they
are combined with the bias dc voltage signal. The tempo-
ral dynamical evolution in the system at its fast (spiking)
timescales is measured by our directing the rf component
of the RTD output to a high-speed oscilloscope (Rohde &
Schwarz, 16 GHz bandwidth), which is then connected to
a computer for data storage and analysis. All the RTDs in
this work were fabricated on a layer stack grown by metal-
organic vapor phase epitaxy on a semi-insulating InP
substrate. They contain an AlAs(1.7 nm)/(In,Ga)As(5.7
nm)/AlAs(1.7 nm) DBQW structure surrounded by 2 nm
undoped (In,Ga)As layers, followed by 50 nm of moder-
ately doped n-(In,Ga)As (5 × 1016 cm−3) and highly doped
n-(In,Ga)As contact layers.

A. Spike rate encoding

The dynamical behavior of an RTD neuron circuit
evolves as the bias voltage is moved within the NDR
region of its I -V characteristic. With reference to the exper-
imentally measured I -V curve [see Fig. 2(a)] of a single-
pillar RTD with a 3 µm mesa radius, the system remains
quiescent when biased below the peak voltage (Vpeak =
0.88 V) of the I -V curve. However, surpassing of the peak
voltage initiates oscillatory dynamics, which persist until
the bias approaches the valley region, beyond which the
system becomes quiescent again. When biased within the
NDR region, the RTD circuit exhibits self-oscillations with
a spikelike profile. This behavior is captured in Fig. 2(b),
where the spiking firing rate νspike of the RTD increases
with the bias voltage, nearly doubling from 7 to 12.5 MHz.
Additionally, Fig. 2(c) presents representative spiking time
traces for three distinct bias scenarios, corresponding to the
colored markers in Fig. 2(b). These traces illustrate dif-
fering numbers of spikes generated over 0.5 µs, reflecting
the correlation between bias voltage and firing rate. Inter-
estingly, the firing rate behavior of the RTD neuron and,
in particular, its discontinuity exhibited near the spiking
threshold closely resemble those of a class 2 biological
neuron, suggesting a biologically inspired mechanism for
encoding information in the firing rate. Although more lim-
ited with respect to class 1 neurons, which can exhibit
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(a)

(b)

(c)

FIG. 2. (a) Experimental I -V characteristics of an RTD with
a 3 µm circular mesa radius. (b) Spiking rate variation under
dc bias tuned across the NDR region. (c) Examples of spike
time traces with increasing firing rate achieved for three bias val-
ues within the NDR region, corresponding to the colored circles
in (b).

arbitrarily low spiking rates near the threshold, this encod-
ing method is simple yet effective. To use it, the RTD can
be biased just below the peak voltage in its I -V characteris-
tic, where it remains quiescent. Input voltage perturbations
can then temporarily drive the RTD into the NDR region,
enabling spiking. Input pulses of varying intensity modu-
late the bias within the NDR region, producing spike trains
whose firing rates depend on the amplitude of the input
pulse. Alternatively, the bias itself can be varied across the
NDR region to produce the same spike-rate variations.

For effective information encoding, the duration of the
perturbation must be carefully managed. Voltage pulses
that are too short may trigger only a single spike (not
enough to define a firing rate), while excessively long
pulses may generate unnecessary long spike trains, reduc-
ing processing speed. An optimal compromise should be
achieved by one considering the timescales of the task
of interest, and therefore the speed at which information
needs to be converted and processed. When the RTD is
biased close to but below the peak value (in its I -V curve),
the amplitude of the input voltage pulse required to drive
the RTD into the NDR region depends on the applied

bias voltage. Consequently, the bias emerges as a trainable
parameter during the learning phase of a neuromorphic
task. Notably, the three time-series examples in Fig. 2(c)
also highlight that while the spike firing rate varies for dif-
ferent bias values within the NDR region, the amplitude of
the spike remains constant.

B. Spike latency encoding

Information can also be encoded in the precise timing of
a neuron’s spike, offering a faster alternative to rate encod-
ing. In this scheme, a single spike can encode information,
eliminating the need to generate multiple spikes to define
a rate. Specifically, we examined the relationship between
the amplitude of an input perturbation and the latency time
of the spike it triggers in an RTD neuron circuit. The lat-
ter, known as latency encoding, is a powerful mechanism
widely used by the brain to extract spatial features from
somatosensory, visual, and auditory sensing information
[26,27].

Latency encoding is investigated with the same RTD
neuron previously used for rate encoding, having a 3 µm
mesa radius. Here we bias the RTD below the peak of its I -
V curve, thus preparing it in a quiescent state. Then we per-
turb the RTD with voltage pulses of differing amplitudes
but fixed duration, much shorter than the duration of a sin-
gle spike (and that of its refractory period, approximately
90 ns), to elicit a single spike. Examples of RTD dynam-
ics are shown in Fig. 3. The selected bias is indicated as
dashed green lines in the plots in the left column and is
expressed in terms of δV = Vbias − Vpeak, i.e., its distance
from the peak of the I -V curve (Vpeak = 0.88 V). The tem-
poral profiles of increasing amplitude input pulses with 4
ns duration are shown in the top panel in the right column.
Input pulses with amplitude just below the threshold do
not trigger any spike (blue time traces in the right panels).
Subthreshold pulses (with resolution of 1.25 mV) enable
the spike response with a latency given by the time taken
to intersect an arbitrary voltage threshold, represented as a
horizontal black line. As the input strength increases, the
spike is generated first (lower latency). A wider character-
ization of the spike’s latency for input pulses lasting 4 ns
and with amplitude increasing from 20 to 251.25 mV in
1.25 mV steps and for different bias conditions δV from
−20 to −230 mV with a 30 mV step is summarized in
Fig. 4. The pulse amplitude used to evoke the RTD spiking
response is reported on the x axis, with a step resolution of
1.25 mV. The resulting latency at which spikes are gen-
erated is presented in a color map, with white regions
indicating quiescent states where no spike is fired by the
RTD circuit. The results reveal that the transition from qui-
escence to spiking RTD dynamics is strongly dependent on
both the voltage bias applied to the RTD and the amplitude
of the input pulse. For any tested bias, spikes are elicited
only when the pulse amplitude approaches or exceeds δV.
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–110 mV
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–50 mV

Time (ns)

duration 4 ns

PA: 98.31 mV

PA: 66.27 mV

PA: 38.66 mV

FIG. 3. Examples of experimental RTD rf responses for three
bias scenarios (dashed green line in the left panels) far from the
peak (Vpeak = 0.88 V), and input pulses lasting 4 ns and having
increasing amplitudes (top-right panel). Blue curves in the right
panels describe the quiescent RTD response to input pulses with
pulse amplitude (PA) just below the spike activation threshold.
Higher-amplitude pulses (with 1.25 mV steps) evoke the RTD
spiking response, with a latency that reduces as sketched in the
insets.

The closer the bias is to the peak, i.e., δV → 0, the lower is
the perturbation amplitude needed to bring the device into
the NDR region of the I -V curve, and elicit a spike. The
latency of the spike is inversely proportional to the input
pulse amplitude for a range of a few millivolts just above
the threshold voltage. Spikes are fired with the longest
delay for input amplitudes just above the threshold, and
earlier for larger amplitudes, rapidly reaching a plateau for
all biases δV considered. Moreover, this behavior is consis-
tently reproduced in all other measures with different pulse
durations investigated (2, 1, and 0.5 ns, not shown), indi-
cating a mechanism where the timing of the spike depends
on both a restricted range of pulse amplitude values (of
just a few millivolts) above the threshold and the operating
bias. Given this reduced input voltage range, we conclude
that this encoding mechanism works only for differentia-
tion of closely-time-resolved input pulses. We show in the
following that tuning just the circuitry inductance allows
subnanosecond spikes while leaving almost unchanged the

FIG. 4. Spike latency map for different configurations of bias
δV = Vbias − Vpeak (y axis) and input pulse amplitude (x axis).
The input pulse has a duration of 4 ns. When its amplitude is not
sufficiently strong to elicit an RTD spike response, the delay is
not defined, appearing as a white box.

integration time. Within this scenario, latency up to 3
ns can play a major role, enabling spike latency encod-
ing [28] and time-to-first-spike protocols. For example,
latency encoding is used to extract spatial information
from sensory data in biological neurons [26,27]. Similarly,
an array of RTDs with each one firing with different laten-
cies may be studied in future designs. Although the sensing
voltage range would be restricted to only a few millivolts,
according to Fig. 4, this range could be widened by one
designing a matrix of RTDs, having different bias lines
per row. In this way, each row of RTDs would be highly
sensitive in a restricted but different voltage range.

Figure 3 shows that the spike profile is influenced by
the applied voltage. For δV = −110 mV (second row in
Fig. 3) the RTD responses resemble an amplified version
of the input pulse. However, for bias closer to the peak
(δV = −80 mV and δV = −50 mV, third and fourth rows
in Fig. 3, respectively), the same amplified input pulse is
also followed by distinct discharge and recovery phases,
lasting approximately 90 ns. The recovery period is linked
to the relative refractory period [19] of the RTD neuron’s
circuit. In this period, similarly to biological neurons, the
system is less likely excitable from new input stimuli.
Therefore, Fig. 3 reveals that our simply tuning the bias
allows the RTD operation to be switched from an ampli-
fier to a neuron incorporating a refractory time. These are
novel and fundamental details to account for when one is
designing and optimizing neuromorphic hardware relying
on RTD neurons, strengthening once again the importance
of considering the bias as a critical trainable parameter.
As a final detail, it is worth noting that spikes generated
through perturbations in the PDR share qualitative features
with those produced when the device is biased in its NDR
and without perturbations [see Fig. 2(c)]. In both cases,
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the spike evolution is described by two fast and two slow
phases, but when the device is biased in the PDR, an ampli-
fied profile of the input pulse emerges in between the first
fast phase and subsequent slow phase. Moreover, while
continuous spiking is achieved when the bias is set within
the NDR, the PDR allows only a number of spikes limited
by the single pulse duration.

III. INFLUENCE OF RTD DESIGN PARAMETERS

In this section we study the influence of key system
parameters, such as the RTD mesa radius and the overall
circuit inductance and capacitance, in the spike encoding
properties of RTD neurons. The insights provide valu-
able guidance for the future development of neuromor-
phic optoelectronic hardware architectures built with RTD
neurons at their core.

A. RTD mesa radius

Previous studies have shown that RTDs having a circu-
lar mesa shape with larger radii allow more current to flow
through the DBQW, resulting in shifted I -V characteris-
tics [29,30]. However, the specific effects of mesa radius
on the spiking behavior of RTDs remain unexplored. To
address this, RTDs with mesa radii of 2, 3, 4, and 5 µm
were experimentally characterized in terms of their I -V
curves, spike amplitudes, and firing rates. The results, sum-
marized in Fig. 5, reveal key trends and implications for
future optimized RTD designs. The I -V characteristics of
the RTDs are displayed in Fig. 5(a), showing a quasisym-
metric behavior around the origin since the layer stack and
overall fabricated RTD structure were targeted as sym-
metric as possible. RTDs with larger mesa radii exhibit
a shift in their I -V characteristics toward higher currents,
consistent with the increased flow of electrons through the
DBQW [29,30]. Additionally, larger mesa radii expand
the NDR region, widening the spiking region. The cor-
responding spike amplitude Aspike and firing rate νspike
when the RTDs are biased across their NDR regions are
shown in Figs. 5(b) and 5(c), respectively. The left panel
in Fig. 5(b) shows an enlargement of the NDR regions
under reverse bias, while the right panel shows an enlarge-
ment of the NDR regions under forward bias operation.
The spike amplitudes and firing rates are zero outside the
NDR regions but become nonzero within these regions,
confirming the presence of spiking activity. Notably, RTDs
designed with larger radii fire electrical spikes having a
larger amplitude, as the limit cycle orbit extends across
the wider NDR region shown in Fig. 5(a); see Sec. III B.
The spike amplitude remains constant across the NDR
region, independently on the RTD mesa radius, and is more
pronounced under reverse bias configurations. Conversely,
larger mesa radii reduce the firing rate [Fig. 5(c)], demon-
strating an inverse relationship between spike amplitude
and firing rate. Notably, Fig. 5(c) also highlights that RTDs

with larger radii exhibit more restricted firing rate ranges
spread over broader NDR regions. These devices are bet-
ter suited for detecting external stimuli and maintaining
consistent firing rates, even in noisy environments, due
to their robustness regarding input voltage fluctuations. In
contrast, RTDs with smaller radii offer wider firing rate
ranges and hence encoding possibilities but are more sus-
ceptible to noise, making them ideal for tasks requiring
stimulus distinction based on the firing rate. However, we
note that the RTD with r = 2 µm does not fully follow
these trends. It exhibits a narrower firing range than the
r = 3 µm device and shifted onsets of its NDR regions.
We speculate that the observed deviation may arise from
increased parasitic resistance due to fabrication-induced
variability. While the mesa size can be controlled relatively
well (variability of a few hundred nanometers), the metal-
lization via lift-off is more susceptible to stronger process
variability (several hundreds of nanometers).

These findings have significant implications for neu-
ral network design. RTD neurons with smaller radii can
specialize in tasks requiring diverse firing rates, while
larger-radius RTDs are advantageous in noisy environ-
ments or when signal amplification is necessary. Networks
can incorporate subnetworks tailored to specific func-
tions, using RTDs with differing mesa radii. For example,
spikes traveling through noisy network regions can be
amplified by cascading RTDs with increasing radii, cali-
brated to generate higher-amplitude spikes as needed. This
modular approach increases the network’s robustness and
adaptability for complex computational tasks.

B. RTD circuit inductance and capacitance

In this section we explore how to increase the spiking
rate of RTD neurons measured experimentally by tuning
key circuit parameters. This analysis is performed numeri-
cally in order to have access to variables not directly acces-
sible in the experiments, such as rapid current variations
during the RTD spiking dynamics, and to provide a deeper
understanding of the system. The RTD circuit scheme we
refer to is shown in Fig. 6. By applying Kirchhoff’s laws to
the circuit, one obtains

C
dV(t)

dt
= I − f (V(t)), (1)

L
dI(t)

dt
= V0 − V(t) − RI(t), (2)

where V(t) and I(t) indicate the voltage and the total cur-
rent across the RTD and the capacitor with capacitance C,
while R and L indicate the circuit resistance and induc-
tance, respectively. L = LRTD + Lext and C = CRTD + Cext
account for RTD intrinsic (LRTD and CRTD) and external
(Lext and Cext) components, with the latter aiming to extend
the tunability of the RTD neuron circuit. The function f (V)
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(a)

(b)

(c)

FIG. 5. (a) Experimental I -V characteristics of RTDs having different circular mesa radii. (b) Amplitude of the spike Aspike and
(c) firing rate νspike exhibited by RTDs with different mesa radii when biased across their correspondent NDR regions.

appearing in Eq. (1) describes the RTD I -V characteris-
tics with an expression derived directly from the quantum
model in Ref. [31]:

f (V) = a ln
[

1 + e(q/kBT)(b−c+n1V)

1 + e(q/kBT)(b−c−n1V)

]

×
[
π

2
+ tan−1

(
c − n1V

d

)]
+ h

[
e(q/kBT)n2V − 1

]
,

(3)

where T is the temperature, qe the electron charge, and
kB the Boltzmann constant, while a, b, c, d, n1, n2, and
h depend on the RTD epilayer properties (e.g., geome-
try and doping levels) [31]. These are chosen to fit the
experimental I -V characteristic of the RTD having a mesa
radius of 3 µm. The fit, shown as a green curve in Fig. 7,
accounts for all experimental data (blue dots) and, in par-
ticular, for the sharp NDR transition just after the peak. The
fit does not consider NDR points related to spiking activity
(and some valley points labeled by red crosses in Fig. 7).
Given f , the I -V characteristics accounting for the circuit
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FIG. 6. RTD circuit scheme, described by an I -V function f (V)

coupled to circuit parameters R, L, and C. The inductance L =
LRTD + Lext and capacitance C = CRTD + Cext account for RTD
intrinsic (LRTD and CRTD) and external (Lext and Cext, the latter
parallel to CRTD) components that expand the tunability of the
RTD neuron circuit.

parameters can be extracted by integration of Eqs. (1) and
(2) for different dc bias voltages V0 and averaging over the
corresponding simulated output-time trace I(t), with use
of this current value in the I -V. Note that this procedure
resembles the average value of I(t) measured experimen-
tally for each bias by the current reader connected to the
dc port of the bias tee, due to its limited bandwidth rela-
tive to the fast RTD spiking dynamics (see Fig. 1). Figures
8(a) and 8(b) show the simulated I -V characteristics and
corresponding spiking rate maps, respectively, for four
inductance values ranging over 4 orders of magnitude,
from L = 2 × 10−9 H to L = 2000 × 10−9 H (correspond-
ing to the four columns in Fig. 8). Each I -V curve in
Fig. 8(a) is measured by the integration of Eqs. (1) and(2)
being repeated for dc bias voltage V0 [x axis in Fig. 8(a)]
from 0 to 2.08 V (continuous light-blue line) and vice
versa (dashed light-blue line). Figure 8(a) also shows as
a green line the fit function f (V) [Eq. (3)] used in the sim-
ulations, for reference. The same function f is used in all
simulations.

FIG. 7. Fit of f (V) to the experimental I -V characteristic
of the RTD with 3 µm radius. The simulation parameters
are a = 8.18 × 10−4 A, b = 8.535 × 10−2 V, c = 18.432 ×
10−2 V, d = 7.209 × 10−4 V, n1 = 0.2066, n2 = 0.1055, and
h = 1.6025 × 10−6 A.

We first note that all four inductance scenarios studied
allow spiking regimes [νspike �= 0 in Fig. 8(b)] when the
RTD is biased within the NDR region of the corresponding
I -V curve [Fig. 8(a)], and in agreement with the experi-
mental findings in Fig. 2. Notably, the NDR regions are
also where the effects of circuit parameters are more pro-
nounced, leading to deviations from f (V). Remarkably,
the NDR region excluded from the experimental fit of
f (V) in Fig. 7 naturally emerges when f (V) is coupled
to the circuit through Eqs. (2) and (3). This suggests
that the RTD spiking dynamics in the NDR region is an
excitable process relying on resonance tunneling effects
within the DBQW (assumed to be instantaneous in the
model), with timescales linked to the RTD neuron cir-
cuit parameters. Increasing the inductance by a factor of
10 reduces the firing rate range by a factor of 10, from
νspike ≈ 10 GHz for L = 2 nH down to νspike ≈ 10 MHz
for L = 2 µH, as shown in Fig. 8(b). The reduction in
firing rate with increasing L is also shown by the tempo-
ral spiking responses plotted in Fig. 8(c), under a 0.94 V
bias [a value that belongs to the NDR regions of all four
inductance scenarios investigated—see the pairs of colored
dots in Figs. 8(a) and 8(b)]. To grasp the physical origins
behind the lower firing speed for larger inductance in the
RTD circuit, the starting point is to map the (voltage) spik-
ing temporal traces [for example, the ones in Fig. 8(c),
obtained under a 0.94 V bias] in their corresponding limit
cycle in the I -V plane [see the colored orbits in Fig. 8(a)],
and observe that not only the voltage V(t) but also the cur-
rent I(t) across the RTD is subject to variations during the
spike evolution. While for the L = 2 nH case, the orbit is
more rounded [Fig. 8(a), leftmost panel] and described by
a smooth oscillation over time [Fig. 8(c), leftmost panel],
for larger L the orbit becomes stiffer, with emerging slow-
fast temporal spike profiles, as predicted by the smaller
stiffness coefficient μ = √

C/L obtained for larger L [20].
By observing the limit cycle trajectories linked to a spike
profile [see Fig. 8(a), L ≥ 20 nH], we can recognize four
stages: two stages where V(t) experiences a larger vari-
ation, while I(t) is left almost constant, and two stages
where both V(t) and I(t) vary steadily [20]. The inductance
opposes current variations in the form of an opposite elec-
tromotive force (V0,L = −LdI/dt) and affects therefore the
two stages of the spike evolution with wider current varia-
tion. On the other hand, the fast voltage phases of the spike
evolution are controlled by the capacitance C of the RTD
neuron circuit. We studied this dependence by performing
simulations where C was varied over 4 orders of magni-
tude, from 2.5 to 2500 fF, while L was left fixed at L = 20
nH. We assume that is the external component Cext of C
varying, while the intrinsic component CRTD, linked to the
RTD mesa radius, is the same. In this way all I -V charac-
teristics show the same peak current. The results, shown in
Fig. 9, describe smoother spike fast phases with increas-
ing C, with a maximum spike rate reduction of less than a
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(a)

(b)

(c)

L = 2.0 nH L = 20.0 nH L = 200.0 nH L = 2000.0 nH 

l-V circuit
f(V0)

l-V circuit
f(V0)

l-V circuit
f(V0)

l-V circuit
f(V0)

FIG. 8. Simulations of an RTD neuron circuit with four different inductance values L, indicated at the top of each column, and
capacitance C fixed at 250 × 10−15 F and resistance R fixed at 0.1 �. In (a), the I -V circuit characteristics were evaluated by our
averaging the output current I(t) over a long simulation time (long enough to allow multiple spikes) at each corresponding voltage bias
V0 (blue curve). These results are compared with the RTD’s pure quantum mechanical description f across all bias values V0 (green
curve). The simulation times are 8, 20, 200, and 500 ns for the four respective values of L. A highlighted colored orbit illustrates the
evolution of V(t) and I(t) during a spike for V0 = 0.94 V. (b) Dependency of the firing rate on L. (c) Spiking evolution V(t) over time
for a bias V0 of 0.94 V, a value belonging to the NDR region for all four inductance scenarios. Note that different timescales are used
for the x axis.

factor of 10 [much less than 104 obtained by variation of L
in Fig. 8(b) by 4 orders of magnitude]. Since the first fast
phase of the spike evolution links to the integration time of
the RTD neuron [32], the capacitance becomes a parameter
that allows slightly to change the neuron property. Crit-
ically, as the stiffness coefficient μ = √

C/L increases,
either by decrease of L [as in Fig. 8(a), left panels] and
speeding up of the slow current phases, or by increase of C
[as in Fig. 9(a), right panels] and slowing down of the fast
voltage phase, the RTD spike gradually loses its slow-fast
phases, flattening the corresponding firing rate variation
within the NDR region [Figs. 8(b) and 9(b), respectively].
Consequently, this removes any rate encoding capability of
the RTD neuron circuit.

The inductance and capacitance studies presented above
are part of a broader analysis over a wider set of L and C
combinations in the RTD circuit. These results are sum-
marized in Fig. 10, which shows how the mean spiking

rate ν̄spike across the NDR region and the corresponding
spiking rate range �νspike evolve as L is varied. Each col-
ored line in Fig. 10 represents a different fixed capacitance
scenario. When �νspike > 0, the RTD circuit supports rate
encoding over the NDR region. When νspike remains con-
stant over the NDR region, as seen in the leftmost panel
in Fig. 8(b), the circuit no longer exhibits rate encoding.
Figure 10 shows that ν̄spike increases linearly as L decreases
for all capacitances analyzed. This linearity bends as soon
as the RTD circuit no longer exhibits a firing rate range
(�νspike = 0), i.e., when νspike is approximately constant
within the NDR region. At this point, the circuit has lost
the fast-slow dynamics characteristic of a spike, as seen in
the leftmost panel in Fig. 8(c).

Further decrease of the inductance L still increases the
oscillation rate, but with a different linear coefficient than
with the RTD exhibiting a spike profile. Notably, the rate
becomes strongly influenced also by the capacitance C
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(a)

(b)

(c)

l-V circuit
f(V0)

l-V circuit
f(V0)

l-V circuit
f(V0)

l-V circuit
f(V0)

Time (ns)

FIG. 9. Simulations of an RTD neuron circuit with four different capacitance values C, indicated at the top of each column, and
inductance L fixed at 20 × 10−9 H and resistance R fixed at 0.1 �. In (a), the I -V circuit characteristics were evaluated by our averaging
the output current I(t) over a long simulation time (long enough to allow multiple spikes) at each corresponding voltage bias V0 (blue
curve). These results are compared with the RTD’s pure quantum mechanical description f across all bias values V0 (green curve).
The simulation time is 20 ns for all four capacitance scenarios. A highlighted colored orbit illustrates the evolution of V(t) and I(t)
during a spike for V0 = 0.94 V. (b) Dependency of the firing rate on C. (c) Spiking evolution V(t) over time for a bias V0 of 0.94 V, a
value belonging to the NDR region for all four capacitance scenarios.

when L is below the critical point, i.e. when the circuit
is oscillating, resuming the expected 1/

√
LC dependence

of an LC oscillator (see, for instance, L = 10−11 H in Fig.
10). Furthermore, Fig. 10 shows that the use of a lower
capacitance (e.g., C = 2.5 × 10−15 F, blue line) shifts the
transition point to smaller values of L, thereby extending
the rate encoding capabilities of the RTD circuit (�ν > 0)
at higher speed.

These results underscore the importance of careful cal-
ibration of the inductance, capacitance, and stiffness coef-
ficient when one is designing RTD-based neuromorphic
systems to achieve the desired spike operational speed and
firing rate variability within the NDR region. Moreover,
these findings are complementary to the earlier discus-
sions on the impact of the RTD mesa radius. Specifically,
the observed firing rate variations across RTDs having
diverse mesa radii [see Fig. 5(c)] align with the findings
of the numerical capacitance study. Since the RTD intrin-
sic capacitance increases with the mesa radius, it slightly

impacts the firing rate. Additionally, a higher capacitance
corresponds to a higher stiffness coefficient, which our
simulations indicate progressively constrains the firing
rate variation within the NDR region. This explains the
reduced firing rate variability in RTDs with larger mesa
radii. Moreover, both inductance and capacitance affect
the width of the bistable region at the end of the NDR
region, providing tuning capabilities for spiking mem-
ory effects [22]. Together, these insights provide a deeper
understanding of how circuit and device-level parameters
influence RTD spiking dynamics. Notably, the inductance
study reported in Fig. 8 shows that for L = 2 µH the RTD
I -V curve, the spike firing rate, and the widths of the NDR
and bistability regions closely match the experimental data
in Fig. 2. However, such an inductance would require an
impractical large on-chip transmission line. We therefore
attribute this inductance to the instrumentation connected
to our RTD. Specifically, the bias tee in Fig. 1, which
has a bandwidth of 10 MHz to 12 GHz and an estimated
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FIG. 10. Mean spiking rate ν̄spike over the NDR region and
corresponding firing rate range �ν over the NDR region as a
function of the inductance L for different capacitance C values in
the RTD circuit.

internal inductance of a few microhenries, appears to be
the limiting factor for the experimentally observed spiking
rate. Consequently, fitting f (V) to the experimental NDR
region (red crosses in Fig. 7) would inherently account
for these experimental circuitry effects, even before cou-
pling to the circuit parameters via Eqs. (1) and (2), lead-
ing to deviations between numerical and experimental
results.

IV. RATE ENCODING EXAMPLE

Figure 11 shows an example of the RTD spike rate
encoding scheme applied to a randomly generated word of
eight-level symbols. Each level is mapped to a bias volt-
age within the NDR region of the RTD neuron circuit, so
that each level elicits a different spiking rate. This demon-
stration is conducted numerically because the bandwidth
limitation of the bias tee in the current setup restricts input
pulse durations to approximately 20 ns before filtering
effects become significant. This duration is insufficient to
produce multiple spikes and establish a spike rate. Instead,
we consider an RTD with circuit parameters of L = 20 nH
and C = 250 fF, as characterized in Fig. 9, yielding a spike
rate range between 0.65 GHz and 1.35 GHz.

The bias voltage across the RTD was varied between
eight voltage levels within the NDR region between 0.95
V and 1.15 V (spaced such that the resulting spike rates at
each level were equally spaced), with each level held for
5 ns to allow several spikes. This modulation is shown in
Fig. 11(a). Figure 11(b) shows the response of the RTD
with spikes occurring at rates according to the applied bias
voltage. The instantaneous spiking rate was approximated
from the voltage trace by the inverse of the interspike inter-
val calculated at each spike (i.e., the difference between the
time of a spike and the time of the preceding spike). Figure
11(c) shows the approximate spike rate at the moment of
each spike, recreating the eight-level word input to the bias

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

vo
lta

ge
 (

V
)

FIG. 11. Simulation of a spike rate encoding of an eight-level
word. (a) Modulation of the bias voltage to the RTD. Each sym-
bol was held for 5 ns. (b) Voltage across the RTD, showing the
constant spiking at different rates, according to the bias modula-
tion. (c) Reconstruction of the signal from the spike interval. At
the time of occurrence of each spike, the reciprocal of the time
since the previous spike is plotted to approximate the inverse of
the spike rate, recovering the modulation signal. (d),(f) Origi-
nal modulation signal with normally distributed noise (standard
deviation σ = 0.05 V and σ = 0.1 V) added. (e),(g) Reconstruc-
tion of the signal by inverse spike interval, showing a good
reconstruction of the non-noisy signal, and (h) corresponding
eye diagram. Gold lines in (c),(e),(g) show the target function
to recover.

modulation. The visible outliers are the result of the transi-
tive state as the RTD spike rate moves from one level to the
other. Additionally, the spike rate encoding was performed
on a noisy version of the original modulation. Gaussian
noise with zero mean and a standard deviation σ of 0.05
V [Fig. 11(d)] and 0.1 V [Fig. 11(f)] was added to the
voltage modulation. Since the frequency of the noise is
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much higher than the spiking frequency, the RTD spike
rate encoding effectively filters out the noise and can recon-
struct well the signal from the inverse spike interval [Figs.
11(e) and 11(g)]. The number of levels that can be used
for rate encoding is determined by the level of noise in the
input. In our case, the eye diagrams created for the differ-
ent noise scenarios [see Fig. 11(h)] show that for low (or
no) noise, the eight levels remain distinguishable, whereas
for high noise, they have significant overlap. Use of fewer
levels would avoid this overlap at high noise values; how-
ever, this would transmit less information. This suggests
the ability to effectively encode and decode noisy signals
at high bit rate with spiking RTD neurons.

V. CONCLUSION

This work investigates experimentally and in theory the
neuromorphic properties of RTD spiking neurons, empha-
sizing their potential for spike-based encoding mecha-
nisms. The spike firing rate of an RTD can be tuned by
adjustment of the bias across the NDR region of its I -V
characteristic, providing a basis for spike firing rate encod-
ing. Additionally, we investigated encoding information
using the latency time of spike firing in response to input
stimuli. The study reveals a highly selective mechanism
where only input pulses within a narrow amplitude range,
on the order of a few millivolts above the spiking thresh-
old, result in differentiated firing delays. This selectivity
can be further controlled by fine-tuning of the RTD bias,
potentially enabling time-to-first-spike protocols in faster,
optimized RTD neuron circuits. However, for bias below
but far from the peak of the I -V curve, we also find that
the elicited spikes show a weaker recovery phase (inde-
pendently of the input pulse amplitude), which makes it
easier to bypass the refractory period of the device.

The influence of RTD mesa radius and circuit induc-
tance on spiking dynamics was also analyzed. RTDs with
smaller radii are more suitable for firing rate encoding, as
they offer a broader firing rate range. In contrast, larger-
radius RTDs, which have a narrower firing rate range
spread across a wider NDR region, are better suited for
operation in noisy environments due to their robustness
regarding voltage fluctuations. These results link to the
higher capacitance of RTDs with a larger mesa radius,
which is numerically shown to slightly control the fast
voltage phase time of the spike evolution. On the other
hand, the inductance in the circuit resists the wide cur-
rent variations during the spike evolution and significantly
impacts the RTD’s spike response by limiting the firing
rate. In this way, the operational speed is controlled mainly
by the inductance of the circuit, with possibilities to be
fine-tuned by the capacitance. Both the inductance and
the capacitance also tune the bistability width at the end
of the NDR region, which is critical for spiking flip-flop
memory effects [22]. Moreover, the stiffness coefficient

also needs proper calibration, as a higher stiffness coeffi-
cient gradually smooths the slow-fast dynamics during the
spike evolution, removing the firing rate capability within
the NDR region. These findings provide valuable guid-
ance for the design of RTD-based neuromorphic systems,
potentially co-working with external photonic hardware
such as photodetectors [22], offering exciting potential for
photonic-electronic neuromorphic hardware.
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