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Abstract

Neuromorphic computing based on artificial synapses requires devices capable of gradual,
repeatable, and energy-efficient conductance modulation. Ionically gated transistors are
promising candidates because their ion dynamics naturally produce synaptic behavior under
low-voltage operation. However, how key device characteristics—conductance range, number
of accessible conductance states N, and weight-update nonlinearity f—jointly influence neural
network performance remains insufficiently understood. Here, we investigate MoS»-based
ionically gated synaptic transistors using a combined experimental and modeling framework
that links device physics to hardware-aware artificial neural network (ANN) simulations across
image-classification tasks of varying complexity. We show that under fixed-amplitude pulsing,
increasing N introduces a fundamental trade-off: finer weight resolution is accompanied by
stronger update nonlinearity. ANN simulations further reveal that, within the nonlinearity range
studied here, classification accuracy is governed by a task-dependent optimal weight resolution
rather than a simply maximized number of states, and is relatively insensitive to conductance
range when N is fixed. To overcome the nonlinear weight updates, we employ a physics-
informed transient model to develop a predictive pulse-engineering algorithm and
experimentally demonstrate that it can linearize synaptic weight evolution in the same device.
These linearized updates improve ANN accuracy by up to 7% at equivalent state resolution,
establishing a quantitative link between device-level dynamics and neural network

performance in ionically gated synaptic transistors.
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Introduction

The rapid growth of artificial intelligence (AI) applications has intensified the need for
computing hardware that can process large volumes of data with high energy-efficiency.[1]
Conventional von Neumann architectures, in which memory and computation are physically
separated, incur substantial energy and latency costs associated with frequent data transfer
between these units.[2] Neuromorphic computing offers an alternative approach by co-locating
memory and computation within networks of artificial neurons and synapses, thereby enabling
highly parallel and potentially more energy-efficient information processing.[3,4] Realizing
such systems in hardware requires electronic synaptic devices that can store and update neural

network weights through gradual and repeatable conductance modulation.[5]

A wide range of device platforms have been explored as artificial synapses, including phase-
change memory,[6,7] resistive memory,[8,9] ferroelectric field effect transistors
(FeEFTs),[10,11] electrochemical RAM,[12,13] and electrostatically gated ionic devices such
as electric double layer transistors (EDLTs).[14—16] Many of these technologies are primarily
investigated for nonvolatile weight storage, whereas EDLTs operate through ionic motion
within an electrolyte that naturally produces volatile and history-dependent conductance
modulation under pulsed electrical inputs.[5] In an EDLT, mobile ions redistribute under an
applied electric field and form electric double layers at the gate/electrolyte and
electrolyte/channel interfaces, which electrostatically modulate the channel conductance. The
large interfacial capacitance associated with EDL gating enables substantial carrier
accumulation at relatively low operating voltages, while the coupled formation and relaxation
of the ionic distribution produces dynamic synaptic behaviors such as potentiation and
depression.[17-20] The resulting volatile conductance dynamics can emulate short-term
synaptic plasticity, a key feature of biological synapses that enables temporal signal processing
in neuromorphic systems.[21,22] EDL gating is particularly effective when combined with
two-dimensional (2D) semiconductors, where modest gate voltages can induce large interfacial

carrier densities (10'3-10'* cm) and strong conductance modulation.[23-25]

For neuromorphic learning applications, several device-level characteristics are commonly
considered important, including conductance range, number of accessible conductance states,
and the linearity and symmetry of potentiation and depression. Increasing the number of
conductance states is often viewed as beneficial because it improves weight resolution, while
more linear and symmetric updates are generally expected to improve training accuracy.[4,26—
29] However, in ionic devices these metrics are strongly coupled. The cumulative nature of ion
migration and relaxation tends to produce nonlinear conductance evolution, in which early

pulses induce larger weight changes than later pulses.[14,16,30-36] A larger conductance range



may delay this saturation and enable more distinguishable states, but it remains not well
understood how these device metrics jointly influence neural network performance, whether
increasing the number of states is always beneficial, and how differences in device
characteristics such as conductance range affect learning behavior at the algorithm level.
Addressing these questions is essential for establishing practical design guidelines for ionically

gated synaptic hardware.

In this work, we investigate how three key EDLT synaptic characteristics—conductance range
(on/off ratio), number of accessible conductance states N, and weight-update nonlinearity f—
jointly influence ANN performance across tasks of different complexity. We experimentally
study MoSz-based EDLT synaptic transistors and employ a physics-informed model of EDLT
dynamics to capture the coupled ionic and electronic processes governing weight modulation.
Building on this framework, we develop a predictive pulse-engineering algorithm and
experimentally demonstrate its ability to linearize synaptic weight updates. Using the
experimentally extracted plasticity characteristics, we perform hardware-aware ANN
simulations to evaluate how these device properties translate to classification accuracy.
Together, this combined experimental and modeling approach establishes a device-to-system-
level understanding of how conductance range, weight resolution, and update linearity should

be balanced when designing ionically gated synaptic devices for neuromorphic hardware.
Results and Discussion

Fig. la illustrates the schematic of an ionically gated MoS, EDLT with a side-gate
configuration, and an optical image of a representative device is shown in the inset of Fig. 1b.
Device fabrication details are described in the Methods section. The transfer characteristics in
Fig. 1b confirm effective electrostatic modulation of the MoS:; channel, exhibiting
predominately n-type conduction consistent with electron transport in MoS». The device shows
an on/off ratio exceeding 10*and a threshold voltage of approximately -0.04 V. The large on/off
ratio defines the available dynamic range for conductance modulation, while the near-zero
threshold voltage enables substantial conductance change under relatively small gate voltages,
beneficial for low power operation. This device represents the high on/off ratio device used in

this study, while the transfer characteristics of a lower on/off ratio device are shown in Fig. S1.

To examine the transient response, single gate-voltage (V) pulses with a duration of ~1.8 s and
varying amplitudes were applied, as shown in Fig. 1c. The resulting transient drain current (/p)
exhibits a rapid rise followed by a gradual decay, resembling the excitatory postsynaptic current
(EPSC) observed in biological synapses. As the pulse amplitude increases from 0.1 V to 2.5V,
the peak Alp increases from approximately 7 nA to 171 nA before relaxing back toward the

baseline current. The rapid current increase arises from drift-driven ion migration toward the
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electrolyte/channel interface during the gate pulse, while the subsequent decay reflects

diffusion-driven ion relaxation after the pulse is removed.
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Figure 1: (a) Schematic of a side-gated EDLT architecture. (b) Transfer characteristics
showing predominantly n-type conduction with an on/off ratio exceeding 10°, inset shows an
optical image of a representative device. (c, e) Experimentally measured single and multi-pulse
responses demonstrating EPSC-like behavior and multilevel conductance modulation under
repeated identical gate-voltage pulses at 2 Hz. (d, f) COMSOL simulations showing EDL ion
density evolution, and reproducing the nonlinear and saturating conductance updates observed
experimentally at 500 Hz.

To further understand the ionic dynamics governing this response, the experimental transient
responses are compared with finite-element simulations using a COMSOL Multiphysics
parallel-plate capacitor model. Details of this model were reported in a previous study.[20] The
simulations reproduce both the transient relaxation behavior and the magnitude scaling with
Ve (Fig. 1d), indicating that the experimental device response is governed by ionic
redistribution within the electrolyte. As Vg increases from 0.25 V to 2.5 V, the simulated electric
double layer ion density (ngpr) increases from 0.32 x 10'* ions/cm? to 3.95 x 10'* ions/cm?,
While the experiment measures the transient drain current and the model tracks the EDL ion
density, the two quantities are directly related because experimentally the accumulated ionic
charge at the electrolyte/channel interface modulates the channel conductance. Consistent with
this relationship, both the measured /p and simulated nzp; increase by approximately one order

of magnitude as Vs increases from 0.25 V to 2.5V, indicating consistent scaling between ionic
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accumulation and channel conductance change.

The transient synaptic behavior of the device was further examined using sequences of fixed
magnitude voltage pulses (Fig. 1e). Potentiation and depression were induced using 2.5 V and
1.5 V pulses, respectively, with a pulse period of 0.5 s and a duty cycle of 50%. During
potentiation, the peak current gradually increases from approximately 127 nA to 200 nA, while
depression pulses reduce the peak current back toward ~127 nA, demonstrating multilevel
conductance modulation. The peak current following each pulse represents distinct channel
conductance states analogous to synaptic weights. Consistent with prior reports, [ 14,16,30-36]
the incremental conductance change decreases with successive pulses, leading to nonlinear
weight updates and eventual saturation. While the experimentally accessible pulse frequency
is limited by the instrumentation, COMSOL simulations performed at higher frequencies (500
Hz, Fig. 1f) reproduce the same nonlinear and saturating behavior, indicating that the saturation
arises from intrinsic ionic dynamics rather than experimental limitations. The simulations
further suggest that stronger potentiation can be achieved at higher operating frequencies,

although such regimes are not accessible in the present experimental setup.

Having established that repeated identical pulses produce nonlinear conductance evolution, we
next examine how this behavior influences the number of accessible synaptic states. In
ionically gated transistors, the cumulative ionic response enables analog conductance
modulation; however, the effective number of usable states depends on the device dynamic
range (on/off ratio), the degree of weight update nonlinearity, and the asymmetry between
potentiation and depression. Fig. 2a shows the experimentally extracted normalized synaptic
weights for 10, 20, and 30 conductance states obtained from the same high on/off device using
the pulsing scheme described in Fig. le. The corresponding transient current responses are
shown in Fig. S2a-b, from which the peak current after each pulse were extracted and
normalized to obtain the weight evolution curves. As the number of states increases, the weight
evolution becomes increasingly nonlinear, characterized by a rapid initial increase followed by
gradual saturation. Such nonlinear behavior may arise from the saturation of the transistor
conductance and ionic accumulation dynamics during repeated pulsing. In this high on/off
device, although the peak current during pulsing approaches the upper range of the transfer
characteristics shown in Fig. 1b (~200 nA at V= 3V), the transfer curve itself does not exhibit
clear saturation in this regime. Therefore, the observed nonlinear evolution during pulsing is
more consistent with pulse-to-pulse ionic accumulation dynamics, arising from the competition
between drift-driven ion migration during each pulse and diffusion-driven ion relaxation
between pulses.[20] COMSOL simulations (Fig. 2b) reproduce the same qualitative behavior
at a higher pulsing frequency of 500 Hz, indicating that the nonlinear conductance evolution

originates primarily from ionic redistribution and persists at faster operation.
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Figure 2: (a) Experimentally extracted normalized synaptic weight updates for 10, 20, and 30
states from the high on/off device using the 2 Hz pulse scheme in Fig. le. (b) COMSOL
simulations at 500 Hz reproducing the nonlinear weight evolution arising from ionic
redistribution. (c) Extracted asymmetric nonlinearity (ANL) factor [ for potentiation and
depression as a function of state number N for the high on/off device. (d) Comparison of p
values for high and low on/off devices, showing reduced nonlinearity in devices with larger
tunable conductance range.

To quantify the nonlinearity, the asymmetric nonlinearity (ANL) factor f was extracted using
Eq. (1)[20] for both potentiation and depression (Fig. 2c).

1—exp (—BPN)
. _ 1—exp (—=Bp)
Normalized I, = In [1 — N{1 — exp(—B)}] (1)
—Ba

For this high on/off device, the magnitude of S increases as the number of states increases, with
[p» (potentiation) increasing from 2.19 to 3.82 and S+ (depression) increasing from 1.64 to 3.9
when the number of states increases from 10 to 30. Under the fixed-amplitude pulse
programming scheme used here, this trend indicates that achieving finer weight resolution

through additional conductance states inherently introduces stronger nonlinear weight updates,
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highlighting a trade-off between increasing the number of synaptic states and maintaining near-

linear conductance modulation.

Fig. 2d compares the extracted f values for both the high and low on/off devices as a function
of pulse/state number. For a given number of states N, the high on/off device consistently
exhibits smaller § values for both potentiation and depression. For example, at 10 states the
low on/off device shows approximately 1.5—1.6x larger f than the high on/off device, while at
30 states the difference increases to nearly 3.3x. Because the same electrolyte and same pulse
scheme are used for both devices, this difference reflects primarily the larger conductance range
of the high on/off device, which delays conductance saturation and enables more uniform
incremental weight updates. In contrast, the limited conductance range of the low on/off device
leads to earlier saturation and stronger nonlinear weight evolution. The conductance of the low
on/off device saturates within approximately 10 pulses, beyond which additional pulses do not
produce distinguishable conductance levels (Fig. S2c—d). These results indicate that two factors
jointly govern the effective synaptic states in EDLT devices under fixed magnitude pulsing
scheme: ion dynamics introduces an intrinsic trade-off between the number of states and update
linearity, while the device conductance range determines how early conductance saturation

occurs and therefore how nonlinear the weight updates become for a given number of states.

To examine how the device-level weight update characteristics identified in Fig. 2 influence
network-level performance, the experimentally extracted potentiation and depression
trajectories were incorporated into artificial neural network (ANN) simulations. Fig. 3a shows
the fully connected, three-layer feedforward ANN architecture used in this study, consisting of
784 input neurons, 300 hidden neurons, and 10 output neurons corresponding to the
classification classes. A conceptual crossbar-based hardware implementation is illustrated in
Fig. 3b, where MoS; EDLTs serve as synaptic elements in a neuromorphic computing system.
The experimentally measured nonlinear potentiation and depression characteristics were
mapped directly to the synaptic weight update rules during ANN training (See Methods).
Network performance was evaluated using three widely used image-classification benchmarks:
MNIST, Kuzushiji-MNIST (KMNIST), and Fashion-MNIST (FMNIST), which represent
progressively increasing task complexity. The validation accuracy was tracked after each
training epoch and used to guide an early stopping function; training was terminated when the
validation accuracy did not improve by more than 0.5% over 10 consecutive epochs, which
balances convergence stability and computational cost. To account for stochastic variations
during training, each simulation was repeated five times and the reported results represent the
mean accuracy with the corresponding standard deviation. This evaluation framework is
consistent with established approaches used in prior ANN studies[14,20,27,37—41] and allows

a statistically meaningful comparison for network performance.
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Figure 3: (a) Fully connected, three-layer feedforward ANN architecture used in this study,
and (b) corresponding crossbar-based hardware concept using MoS:> EDLTs as synaptic
elements. (c) Representative validation accuracy versus training epochs for different numbers
of conductance states N. (d) Testing accuracy as a function of number of states (N) for high
and low on/off devices across MNIST, KMNIST, and FMNIST datasets.

Fig. 3d summarizes the testing accuracy as a function of the number of states N for both high
and low on/off devices across the three datasets. As expected, the maximum achieved accuracy
decreases with increasing task difficulty, reaching approximately 96% for MNIST, 86% for
KMNIST, and 78% for FMNIST. Although KMNIST is often considered more challenging
than FMNIST when evaluated using convolutional neural networks (CNNs),[42,43] the
relative difficulty can differ for dense or other ANN architectures,[44] and in the present
network KMNIST achieves slightly higher accuracy than FMNIST for N =4 — 10. For a given
N, however, the high and low on/off devices exhibit comparable classification accuracy, with
the results generally falling within one standard deviation across all datasets. This is notable
because Fig. 2d showed that the low on/off device exhibits 1.5-1.6x larger nonlinearity than
the high on/off device within this N range. The absence of a distinguishable accuracy difference
here suggests that, within this range of nonlinearity, network performance is relatively tolerant
to differences in the device weight-update trajectories when N is fixed. A likely reason is that
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synaptic weights are normalized during ANN training, which reduces the direct influence of
absolute device conductance range on the effective weight values in ANN simulations.
Nevertheless, in practical hardware implementations the device on/off ratio can influence the
signal-to-noise margin of the synaptic weights, an effect that is not explicitly captured in the
present ANN model. Consequently, in this regime the number of accessible conductance states
play a larger role than the device on/off ratio itself. The influence of N and the role of weight

update nonlinearity are examined in more detail in Fig. 4.

Fig. 4a shows how increasing the number of conductance states N affects ANN performance.
Under the present pulsing conditions, the low on/off device is limited to approximately 10
distinguishable states, whereas the high on/off device can be extended up to N = 30. However,
as established in Fig. 2, increasing N also increases the asymmetric nonlinearity parameter S,

introducing a potential trade-off between improved weight resolution and degrades update

linearity.
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Figure 4: Effect of conductance state number N on ANN classification accuracy for MNIST,
KMNIST, and FMNIST datasets on (a) experimental device characteristics where increasing N
is accompanied by increasing update nonlinearity f, and (b) a hypothetical case where [ is
held constant while N increases, approximating faster pulsing that accesses additional
conductance states within the same modulation range.

The testing accuracy does not increase monotonically with V. For the MNIST task, the accuracy
peaks at approximately N =4 — 6 (~96%) and gradually decreases to ~92% at N = 30. A similar
behavior is observed for KMNIST, where the accuracy reaches a maximum near N =4 — 6
(~85%) before decreasing more noticeably to ~76% at N = 30. In contrast, FMNIST exhibits a
broader improvement region, increasing from ~72.5% at N = 4 to ~77.5% at N = 10, followed
by a near-saturation behavior up to N =30. Notably, KMNIST achieves slightly higher accuracy
at small N, but becomes comparable to or slightly worse than FMNIST at larger N, suggesting



that the two tasks exhibit different sensitivity to weight resolution. These results indicate that
each task exhibits a task-dependent optimal number of conductance states, beyond which

additional resolution does not improve and can even degrade network performance.

One possible explanation for the observed behavior is the coupling between N and £ identified
in Fig. 2: increasing N improves weight resolution but simultaneously increases update
nonlinearity, which can negatively affect learning dynamics. However, increasing N also
increases the effective precision with which synaptic weights are represented, thereby
increasing the representational capacity of the network.[45] While this can initially improve
learning performance, once sufficient precision is reached for a given task, further increase
provides limited benefit and can increase sensitivity to optimization noise and nonlinear update
effects. Higher-capacity models are more susceptible to overfitting when additional precision
is not required by the task complexity, as the network begins to fit dataset-specific variations

rather than generalizable features. [46]

To decouple the effect of N and f, Fig. 4b considers a hypothetical scenario in which £ is held
constant while the number of states increases from N =8 to N = 128. The experimental  values
corresponding to the 10-state condition of both devices (£, =2.19, 3.3 & fa = 1.64, 2.66) were
used. This simulation also provides an estimate of the performance that could be achieved if
faster pulsing instrumentation were used to sample the same conductance modulation range
with finer temporal resolution, thereby accessing additional conductance states without
increasing f. Under these conditions, the accuracy trends remain qualitatively similar to those
observed in Fig. 4a. MNIST performance changes only marginally and saturates near 91-92%,
KMNIST shows a gradual decrease from ~81% to ~76% before approaching saturation, and
FMNIST improves slightly from ~74% to ~79% as N increases from 8 to 16 states, followed
by saturation with a slight downward trend at larger N. Training accuracies, shown in Fig. S5a,
exhibit similar trends where the performance decreases and then saturates. The persistence of
the non-monotonic behavior when £ is fixed indicates that increasing weight resolution alone
does not necessarily improve the network’s ability to fit the data. Instead, finer weight updates
increase the effective model capacity and can enhance sensitivity to stochastic optimization
noise, which may accelerate overfitting when the additional precision is not required by the
task.[47] In the present implementation, this leads to an earlier onset of overfitting, causing the
early stopping criterion to terminate training at fewer epochs and resulting in reduced training

and test accuracy at larger N.

Comparing Fig. 4a and Fig. 4b therefore suggests that the dominant factor governing ANN
accuracy is the task-dependent optimal weight resolution rather than the maximum achievable

number of conductance states. Increasing update nonlinearity further amplifies the
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performance degradation at large NV, but within the f range investigated here its impact appears
secondary to the effect of weight resolution and task complexity. Consequently, an optimal
range of conductance states exists for a given task, beyond which increasing state resolution

(e.g., through faster pulsing) provides limited benefit.

To further examine the influence of weight update linearity on network performance, Fig. 5
compares nonlinear and linear weight updates obtained from the same high on/off device. This
comparison enables a direct evaluation of the role of § while keeping the number of accessible
conductance states fixed. As discussed earlier and reported in previous studies, [14,16,30-36]
fixed-amplitude pulse trains in ionically gated transistors typically produce nonlinear
potentiation and depression. This behavior originates from the coupled ionic dynamics
governing EDL formation and relaxation: drift-driven ion migration during each pulse
increases the interfacial ion density, while diffusion-driven relaxation occurs between pulses.
The competition between these processes leads to progressively smaller incremental
conductance changes during repeated stimulation, resulting in saturation-like weight

evolution.[20]

To address this limitation, the pulse magnitude can be gradually adjusted during programming
to compensate for the intrinsic saturation behavior. Similar strategies are used in the memory
industry; for example, incremental step pulse programming (ISPP) schemes employ
progressively increasing pulse amplitudes to improve programming precision and
reliability,[48—50] and analogous incremental pulsing approaches have been shown to improve

learning accuracy in FeFET-based synaptic devices.[51]

Motivated by this concept, we developed a physics-informed predictive pulse-engineering
framework that determines the voltage pulse sequence required to generate linear conductance
updates. The model is based on the EDLT transient response model introduced by Sun et al.,[52]
in which ionic drift-diffusion dynamics governing EDL formation and relaxation are coupled
to the Enz-Krummenacher-Vittoz (EKV) transistor equation to relate interfacial ionic charge
density to channel current. The model parameters were extracted from the transfer
characteristics and single-pulse transient measurements shown in Fig. 1b—c. As shown in Fig.
Sa, the resulting model reproduces the experimentally measured transient drain current with
high fidelity (R* = 0.95-0.99), providing a quantitative description of the coupled ionic—

electronic dynamics of the device.

Using this experimentally calibrated model, we developed a new algorithm (see Methods) that
predicts the sequence of gate-voltage pulses required to produce a specified linear conductance
trajectory. The inputs include the number of states N, pulse period 7, duty cycle DC, the first

pulse amplitude, and the target linearity. The algorithm then reverse-solves for the pulse
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amplitudes needed to achieve nearly uniform incremental conductance updates. An example of
model-predicted pulse train for 30 states at 1.3 Hz (7= 0.75 s, DC = 50%) is shown in Fig. 5b,
where progressively varying pulse amplitudes compensate for the intrinsic ionic saturation

dynamics.
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Figure 5: (a) Validation of the physics-informed EDLT transient model by comparison with
experimental current response. (b) Pulse sequence designed using predictive pulse-engineering
and the corresponding experimentally measured drain current response demonstrating linear
conductance updates. (c) Comparison of asymmetric nonlinearity (f) for nonlinear (fixed-
amplitude) and linearized updates. (d) ANN classification accuracy for MNIST and FMNIST
datasets showing improved performance with linear weight updates.

Importantly, the experimentally measured conductance evolution under this predictive pulse-
engineered sequence exhibits nearly linear weight updates, yielding £, = 0.04 and Sz =0.1. In
contrast, the same device driven by fixed-amplitude pulses exhibits strongly nonlinear behavior
(B, =3.82 and fs=-3.9), as summarized in Fig. 5c. The extracted /5 values for all state numbers
are listed in Table S1. These results provide the first experimental demonstration that predictive

pulse-engineering can effectively linearize synaptic plasticity in ionically gated transistors.
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The impact of this improved linearity on ANN performance is summarized in Fig. 5d. For
MNIST, the testing accuracy obtained with linear and nonlinear updates is similar for small
numbers of states (N = 4 — 6), consistent with the earlier observation that devices with fewer
states exhibit relatively weak nonlinearity. However, as N increases, linear weight updates
consistently yield higher classification accuracy than nonlinear updates for both MNIST and
FMNIST, reflecting the improved stability and symmetry of the training process. For example,
at N = 10, linear updates improve the accuracy of both datasets by approximately 4%. The
corresponding KMNIST results (Fig. S5b) show an even larger improvement of ~7% at N = 10.
For linear updates, the accuracy increases with N and approaches saturation between
approximately 10-20 states, indicating that further increases in weight resolution provide
diminishing returns for this network architecture and these task complexities. Although
additional states could in principle be achieved through faster pulsing or larger pulse
amplitudes, doing so would increase programming energy without a proportional improvement
in network performance. Larger performance differences between nonlinear and linear weight
updates are expected for more complex neural networks and more challenging datasets. For
example, prior studies have reported accuracy differences exceeding 10-20% between
nonlinear and ideal linear updates in memristor-based and floating-gate memory based

networks and more demanding image-classification tasks such as CIFAR-10.[27,53-55]

Overall, these results establish a quantitative framework linking the physical behavior of
ionically gated transistors to neural network learning performance. While maximizing the
number of conductance states has been a common target for synaptic device optimization, our
results show that synaptic performance is governed by coupled trade-offs between conductance
range, weight resolution, and update nonlinearity. For relatively simple tasks such as MNIST,
only a small number of states is sufficient to achieve near-optimal accuracy, whereas more
complex tasks require moderately higher weight resolution. Importantly, the optimal number
of states is task dependent and does not increase indefinitely; beyond a certain point, additional
states provide diminishing benefit as nonlinear updates and optimization limitations begin to

dominate.

Our results also show that when fixed-amplitude pulsing is used, devices with different on/off
ratios—and therefore different degrees of nonlinearity—can produce similar network accuracy
when the number of accessible states is fixed, indicating a degree of tolerance to device-level
variability. However, predictive pulse-engineering provides a systematic pathway to further
improve performance by suppressing nonlinear weight evolution. By combining experimental
device characterization, physics-informed modeling of EDLT dynamics, and ANN simulations,
this work provides the first experimental demonstration that predictive pulse-engineering can

linearize synaptic plasticity in ionically gated transistors and translate this improvement into
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measurable gains in neural network performance.

More broadly, these results highlight the importance of device-algorithm co-design for
neuromorphic hardware. Rather than maximizing device precision alone, practical
implementations must balance conductance resolution, update linearity, and programming
energy while considering the requirements of the target learning task. The predictive modeling
and pulse-engineering framework demonstrated here provides a pathway for systematically
optimizing ionically gated synaptic devices for scalable and energy-efficient neuromorphic

computing.
Methods
Electric Double Layer Transistor Fabrication

1 x 1 cm?, 90 nm SiO»/p-type Si substrates (Graphene Supermarket) were treated with O
plasma and MoS; flakes (2D Semiconductors) were mechanically exfoliated onto them using
scotch tape. Few layer flakes of uniform thickness were selected by optical microscopy. Side-
gate, source, and drain contacts were patterned using direct write laser lithography (405 nm,
Heidelberg DWL 66") with LOR-5A and AZ1505 resists (Kayaku/Merck). CD-26 developer
(Dow) was used to develop the patterns. Ti (10 nm)/Au (150 nm) contacts were deposited using
e-beam evaporation (CHA), followed by an overnight lift-off in acetone. For the electrolyte
preparation, 80 mg of PEO (My = 110,000 g/mol, Polymer Standard Service) and 9.6 mg of
LiCIO4 (99.9% Sigma-Aldrich) were dissolved in 8.9 g acetonitrile to make a 1 wt% solution
with 20:1 ether oxygen to Li" molar ratio, in an Ar glovebox. 35 — 40 uL of the solution was
drop cast onto the substrates with the MoS: FETs and annealed at 80°C for 3 mins to evaporate

and cooled naturally to room temperature, to form ~1 um solid electrolyte film.
Electrical Measurements

All devices were vacuum annealed at 75°C for 30 mins in a Lakeshore cryogenic probe station
and cooled to room temperature (298 K) overnight. All electrical measurements were
performed using a Keysight BI1S00A semiconductor parameter analyzer at 298 K and under

chamber vacuum of ~2 utorr.
Artificial Neural Network Simulations

ANN simulations were performed using the open-source TensorFlow framework with the
Keras interface in Python. A fully connected feedforward network was implemented and
trained on the MNIST (handwritten digits), Kuzushiji-MNIST (Japanese characters), and
Fashion-MNIST (clothing items) datasets, each consisting of 60,000 training images and

10,000 test images (28 x 28 pixels). The network architecture comprised three layers: an input
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layer with 784 nodes corresponding to the flattened pixels, a hidden dense layer with 300
neurons, and an output layer with 10 neurons representing the classification categories. The
hidden layer employed the rectified linear unit (ReLU) activation function and the output layer
used a softmax activation for classification. Training was performed using stochastic gradient
descent (SGD) with a batch size of 4. To emulate synaptic device behavior, the network weights
were quantized to N discrete conductance levels between -1 and 1 using a custom quantized
dense layer. During training, weight updates were modified using a custom callback that
implements asymmetric nonlinear potentiation and depression dynamics parameterized by the
experimentally extracted f, and fs. This hardware aware-training approach ensures that the
weight evolution follows the measured device plasticity characteristics. 10% of the training
dataset (6,000 images) was reserved for validation, and training was terminated using an early
stopping function based on validation accuracy (patience = 10, min_delta = 0.005). For each
parameter set, five independent training runs were performed and the reported accuracies

correspond to the average testing accuracy.
Python Predictive Model

The physics-informed Python model was implemented using the NumPy and SciPy libraries,
to determine the programming pulse sequences required to achieve controlled linear weight
updates. The model parameters were extracted from experimentally measured single-pulse
transient responses and transfer characteristics, which were fitting using a drift-diffusion-based
description of ion dynamics combined with the EKV transistor model to capture the channel
current response.[52] The solver accepts user-defined parameters including pulse frequency,
initial gate voltage magnitude, desired linearity (rate of change of conductance), and number
of pulses. Based on these inputs, the model first simulates the conductance response to the
initial pulse and then recursively computes the subsequent voltage amplitudes required to

maintain the specified conductance trajectory throughout the pulse sequence.
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