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Abstract

Photonic reservoir computing offers a promising route toward ultrafast, low-energy
temporal signal processing, but its performance is intrinsically limited by the nonlinear
characteristics and noise of its nodes. Conventional silicon microring reservoirs suffer from
high optical loss and thermo-optic fluctuations, which raise the normalized mean-square
error (NMSE) and reduce the signal-to-noise ratio (SNR). While silicon nitride (SiN)
mitigates optical losses, it has the weakness of lacking inherent nonlinearity and bistability.
Here, we incorporate with a monolayer of WSe; onto SiN microring (MRR) to enhance the
third-order susceptibility, resulting in a sharper resonance response and a deeper bistable
potential. This hybrid integration improves dynamic stability against noise, suppresses

unwanted resonance drift, and enhances the noise robustness. The WSe;-SiN MRR



reservoirs achieve a 4 dB increase in SNR and a 30% reduction in NMSE. By integrating
with 2D material layers, training accuracy reaches ~94% in 3040 iterations, which is over
five times faster than the bare SiN counterpart. We evaluated time-series prediction using
the NARMA-10 and NARMA-20 benchmarks. Both simulations and experiments confirm
robust hysteresis, longer memory retention, and stable operation exceeding 5,000 cycles,
highlighting a practical pathway toward noise-tolerant, energy-efficient photonic reservoirs

for high-speed edge computing and signal prediction.
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Introduction

The explosive growth of data in modern information systems has increased the demand for fast
and efficient learning algorithms. Reservoir computing (RC), a recurrent neural network
architecture, provides a powerful means for processing temporal and sequential data'™*. Owing to
its efficient training process, it emerged as a promising platform for real-time computation®”’.
Photonic implementations of reservoir computing take these advantages further by exploiting the
intrinsic parallelism, broad optical bandwidth, and ultrafast response of photonic devices. Such
photonic RC bridges machine learning and photonics for edge-Al applications>*°. A randomly
weighted inputs pass through a nonlinear reservoir, while only the output layer is trained, enabling

fast and energy efficient operation.

Among various platforms, microring resonators (MRRs) provide a compact and scalable
solution for photonic RC, where optical feedback and refractive-index-driven nonlinearity
generate the complex dynamics required for computation'!. Nonlinearity and bistability are crucial
to reservoir computing'>!'3. Nonlinearity enhances computing accuracy by keeping reservoir
stable. When thermal or other external noise push the resonance away from its operating point, the
nonlinear change in the refractive index shifts it back toward desired resonance wavelength!*!7.
Bistability introduces short-term memory through hysteresis, allowing the system to retain

information from past inputs and maintain stable operation under fluctuating conditions'®2°.



Conventional silicon-based MRR reservoirs suffer from high propagation loss and introduces
noise due to large thermo-optic coefficient and free carrier effects, which increases normalize mean
square error (NMSE), suppress Signal to noise Ratio (SNR), and hence degraded photonic RC
performance. Silicon nitride (SiN) provides ultra-low optical loss and a high-Q platform with
negligible thermal and carrier-related fluctuations, making it far more stable''. However, its weak
third-order susceptibility (y°) and limited bistability restrict nonlinear state separation and noise
tolerance, often yielding shallow dynamic responses'®?!. Integrating atomically thin transition
metal dichalcogenides (TMDs) such as WSe: into SiN can introduces strong nonlinearity without
introducing optical absorption due to their large bandgaps at 1550 nm?**. SiN microring with
such heterogeneously integrated materials enhance 7 driven bistability in MRR and improves

noise resilience for accurate time-series prediction in reservoir computing and related tasks>%°.

To overcome the intrinsic trade-off between low loss and weak nonlinearity in SiN photonics,
here we proposed a hybrid microring resonator that heterogenous integrates a monolayer of WSe:
atop SiN, achieving strong %’ and optical bistability while preserving SiN’s low-loss and high-Q.
Device with 2D integration reveal a pronounced enhancement in nonlinear response, with
bistability emerging at lower optical powers. The WSe2-SiN MRR reservoirs achieve a 4 dB
increase in signal-to-noise ratio (SNR) and a 30% reduction in normalized mean-square error.
Integration with the 2D layer accelerates training, achieving 94% accuracy with more than 5 times
faster speed compared to the bare SiN counterpart. To further benchmark time-series prediction
we evaluated using the NARMA-10 and NARMA-20. Both simulations and experiments
demonstrate robust hysteresis and stable operation exceeding 5,000 cycles. Such stability and noise
tolerance position the WSe2-SiN microring as a practical core for integrated photonic processors

in edge Al, adaptive control, and real-time signal prediction.
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Photonic Reservoir Computing for time series prediction
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Figure 1. Schematic overview of the proposed photonic reservoir computing system integrated with 2D materials. (a)
Schematic of the overall architecture comprising the input layer (laser source), reservoir layer (microring resonator
integrated with a 2D material), and readout layer (ridge regression-based weight optimization, prediction, and
validation). The reservoir exploits carrier dynamics in the 2D material to enhance optical nonlinearity and introduce
bistability. (b) Simulated transmission spectrum of the microring resonator showing multiple resonance dips across
the C-band.

RC is a bio-inspired learning framework consisting of a recurrent neural network, whose
internal connections are random and fixed over time. It consists of three functional layers: the input
layer, the reservoir layer, and the readout layer. The input signal drives the dynamic evolution of
the reservoir’s internal nodes, while the output is obtained through a linear readout of their
collective states. Figure 1a shows the block diagram of the proposed SiN microring-based reservoir
computing. In the input layer, a tunable CW laser (1510-1600 nm) is coupled into the MRR input
port with variable input power (0—20 dBm). Within the reservoir layer, the input is transformed by
the physical node’s nonlinear, memory-bearing dynamics. The SiN microring resonator acts as the
reservoir node, while a monolayer of WSe: integrated on its surface provides strong third-order
nonlinearity ()’) and optical bistability. The proposed noise-robust mechanism can be extended to
other 2D materials, provided they exhibit a strong third-order nonlinear response (high ¥> value)
without introducing significant optical loss. The enhanced nonlinearity introduced by WSe:
enriches the system’s dynamic response and improves robustness against noise fluctuations. The

output from the physical node is detected by a photodiode and subsequently processed in the
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readout layer. In the readout layer, the delayed virtual-node states x(t) are linearly combined to
produce the output §(t)=W7 x(t), where the weight vector W is optimized using ridge regression
for time-series prediction. The time series u(t) and target y(t) =u(t+1), which is a future prediction,
the model learns from past inputs and predicts the future time series parameters. After training, the
reservoir’s predictive performance is evaluated using the NARMA-10 and NARMA-20
benchmarks standard tests in reservoir computing that assess memory capacity, nonlinearity, and
noise robustness. These tasks require the system to forecast future outputs from a sequence of past
inputs and responses, emulating real-world time-series prediction. Such evaluations are widely
used across communication networks, financial analytics, industrial [oT, and autonomous edge-Al
applications. The transmission spectrum shown in Figure 1b corresponds to the optical output
measured from the output port of the fabricated microring resonator. The spectrum was recorded
experimentally by sweeping the input wavelength from 1520 nm to 1580 nm at an input power of
0 dBm, revealing a series of well-defined resonance dips that characterize the ring’s spectral

response.
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Figure 2. Experimental confirmation of optical nonlinearity and bistability in a microring resonator. (a) Schematic of
the fabricated SiN microring resonator (MRR) with an integrated 2D material, a tunable laser with input power varied
from 0 to 20 dBm. (b) Cross-sectional schematic of a SiN microring resonator integrated with a monolayer of WSe:.
(c) Simulated optical mode profile of the corresponding waveguide structure. (d) Optical microscope image of the
fabricated SiN microring resonator integrated with a monolayer of WSe». (¢) Magnified optical image showing the

transferred monolayer WSe; region on the microring. (f) Atomic force microscopy (AFM) image confirming the



monolayer thickness of WSe, on the resonator. (g) Transmission spectra measured under varying input powers,
showing clear optical bistable behaviour induced by the integration of the 2D WSe,. (h) Comparative transmission
spectra of the microring without the 2D layer, illustrating the absence of bistability. (i) Input and output power
relationship, Pi, and Po,highlighting the nonlinear hysteresis loop characteristic of optical bistability.

Figure 2 summarizes the design, fabrication, and experimental confirmation of optical
nonlinearity and bistability in the WSe2-SiN microring resonator. A schematic of the device and
measurement setup is shown in Figure 2a, where a tunable laser (1510-1600 nm) with adjustable
input power (0—20 dBm) is coupled into the bus waveguide. The microring comprises a high-Q
SiN cavity partially covered with a monolayer of WSe2, as illustrated in the cross-sectional
schematic (Figure 2b) and simulated optical mode profile of single mode (Figure 2c). The
waveguide has a width of 1.2 um and a thickness of 350 nm. Optical and AFM images (Figures
2d—f) confirm the precise transfer of a uniform WSe2 monolayer on the resonator surface. The
measured transmission spectra (Figure 2g) show a pronounced power-dependent resonance shift,
evidencing optical bistability induced by the strong %* nonlinearity of WSez. In contrast, the
reference SiN ring without 2D integration (Figure 2h) exhibits linear transmission with no bistable
behavior for same input power. The input-output power relation (Figure 21) further reveals the
characteristic nonlinear hysteresis, confirming that the bistability originates from the enhanced

nonlinearity rather than thermal effects.

In the WSe2-SiN microring, the nonlinearity of WSe2 introduces intensity-dependent
refractive-index change. The enhanced optical nonlinearity introduced by the WSe:z layer enables
bistable operation in the microring. The strong > response of WSe: introduces a self-regulating
feedback mechanism!?2%283031 ‘When the intracavity power increases, WSe: slightly shifts the
effective index so that the resonance moves opposite to the thermal drift produced in SiN. This
prevents the cavity from drifting uncontrollably and keeps the system in a balanced state. As the
input power rises, the device first heats through SiN’s thermo-optic effect, pushing the resonance
away and reducing the stored power. As the cavity cools, the WSe> nonlinearity strengthens again,
raising the intensity. This push—pull interaction between the thermal shift in SiN and the
nonlinearity in WSe: naturally leads to stable bistability. Bistability is a fundamental aspect of the
reservoir’s operation, rather than merely a performance enhancement. Bare SiN alone requires
significantly higher input power to reach comparable bistability, whereas with the integration of

2D layer lowers the threshold power.
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Figure 3. Noise robustness of SiN microring photonic reservoirs with and without 2D-material integration.
Normalized mean-squared error (NMSE) as a function of wavelength detuning for reservoirs (a) with a WSe, layer
and (b) for bare SiN devices. The 2D-integrated resonator exhibits a stable and symmetric NMSE. (¢) Simulated
signal-to-noise ratio (SNR) versus input noise standard deviation, showing consistently higher SNR for the 2D-
integrated reservoir across noise levels. (d) Experimental SNR measurements confirm the simulations: the WSe»-
coated resonator maintains superior SNR over the entire range. (¢) Magnified high-noise regime from simulations,
highlighting an average SNR gain of ~4 dB with 2D integration. (f) NMSE versus output noise level, where the 2D-
enhanced reservoir achieves lower and smoother NMSE than the bare device, evidencing improved noise tolerance

and computational stability.



Figure 3 quantitatively compares the computational accuracy and stability of the
reservoir with and without the WSe: layer. To evaluate the impact of the added nonlinearity and
bistability, we calculated the normalized mean-square error (NMSE) and signal-to-noise ratio
(SNR) for both configurations, highlighting the improved efficiency and noise resilience achieved
with WSe: integration. The SiN microring reservoir integrated with WSe2 exhibits a symmetric
and narrow NMSE distribution, indicating stable resonance and consistent prediction, shown in
figure 3a. A well-defined ridge near zero detuning and a low NMSE (~0.1247), confirm a robust
operating point with minimal drift. In contrast, the bare SiN device shows irregular, NMSE
(~0.1782) features over detuning range, reflecting weak nonlinearity and resonance instability that

degrade prediction accuracy, figure 3b. NMSE is calculated using equation (1).

Z 1 _
NMSE = #ﬁz o, = \/ﬁ YN —%2 ....(])
N&i=141

While doing the simulations, zero-mean Gaussian noise with increasing standard deviation
is introduced to evaluate the stability. The SNR decreases with higher noise levels, yet the WSe:-
integrated device remains consistently higher than the control across the sweep, Figure 3c. SNR
(dBm) is calculated using equation (2). The separation between SNR values of the two, with and
without 2D material integration, becomes especially pronounced in the high-noise regime, where
the WSe: device gains an advantage of approximately 4 dB, as highlighted in the magnified view
in Figure 3e.

Psignal
SNR = 10 log, "™ .. (2)

Experimental measurements (Figure 3d) show a consistent trend with the simulations. For
equivalent noise levels, the WSez-integrated microring exhibits a systematically higher SNR than
the bare SiN device, confirming that the inclusion of the 2D layer enhances noise tolerance and
stabilizes the reservoir’s dynamic response in practice. Figure 3f plots the NMSE against output-
noise level and reveals a characteristic non-monotonic, hump-shaped dependence for both devices,
often associated with stochastic-resonance, where the error rises from a low-noise floor, peaks at
an intermediate noise level, and then falls at higher noise. The WSe2 device peaks at a slightly
higher noise level and maintains lower NMSE at both the low and high noise extremes, indicating

a broader, more forgiving operating window and greater computational robustness. This shows



that integrating WSe: yields a smoother response, a consistent several-decibel SNR advantage

under injected Gaussian noise (with ~4 dB at high noise), and improved retention of low NMSE

across noise conditions.

Aspect This work Donati et al. ° | Zhao et al.?! | Castro et al.! | Ren et al. *
Platform | SiN + WSe2 | Si microring + | SiN microring | Si microring Si microring +
microring delayed only series-coupled
feedback linear cavities
NMSE 0.12 ~0.18-0.22 ~0.16-0.18 ~0.17-0.19 ~0.15
SNR Improved by | Not improved | No Not improved | Not reported /
~4 dB improvement similar
Study of | Device Studies No explicit Studies cavity | Focus on
noise engineered degradation noise study nonlinearities | memory
for noise due to noise & loss capacity, not
robustness noise

Table 1. Comparison of NMSE and noise performance across different MRR-based photonic reservoir
platforms.

The table provides a comparative evaluation of our WSe2-SiN microring reservoir against
four representative photonic reservoir computing architectures reported in prior literature. While
all reference systems rely solely on silicon or SiN microring with performance shaped by intrinsic
free-carrier or thermo-optic nonlinearities our device uniquely integrates a 2D material to
strengthen the nonlinear response and stabilize resonance behavior under noise. As a result, our
system achieves lower prediction error (NMSE = 0.12) and an SNR improvement of approximately
4 dB, outperforming silicon microring reservoirs with delayed feedback, SiN microring systems
lacking external enhancement®!,and silicon microring implementations dominated by cavity
losses. Although Ren et al.’s architecture enhances memory capacity through multiple coupled
linear cavities, it does not address noise robustness and achieves a higher error (~0.15) despite
substantially greater structural complexity?. Overall, the comparison highlights that our WSe:-
SiN microring reservoir can be the solution for noise resilience, offering improved NMSE and

SNR without requiring long delay lines or cascaded cavity arrays.
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Time series prediction using photonic RC and validation with NARMA10 &20
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Figure 4. Comparison analysis of Time Series Prediction with SiN microring with WSe, and without WSe,. (a)
Conceptual view of the learning paradigm showing the input layer, the reservoir layer and the output layer. (b)
Schematic diagram of Photonic-reservoir implementation of time-series prediction. (¢) Detailed schematic of time
series prediction in photonic reservoir computing. (d) Confusion matrix for the WSe, integrated SiN microring

reservoir on a time-series prediction task. (¢) Confusion matrix for the bare SiN reservoir under identical conditions.



(f) Iteration test accuracy for the WSe»-integrated reservoir. Accuracy rises steadily with iteration and plateaus above
90%, showing smooth convergence and low run-to-run variability. (g) Iteration test accuracy for the bare SiN reservoir.

Accuracy remains less than 50 % for same number of iteration but reaches to 60% after 200 iterations.

Time-series prediction is a key application of reservoir computing. Here we used it to
demonstrate how the proposed WSe2-SiN reservoir maintains stable and predictable dynamics
under noise, showcasing its enhanced robustness for real-world signal processing tasks. The
reservoir should be stable, predictable, and robust to noise. Figure 4a shows a schematic of the
standard RC topology: an input stream feeds a high-dimensional recurrent reservoir, which
transforms the input into a rich internal state. A linear readout is then trained to map these states to
the target output, with only the output weights being trained, keeping learning fast and data
efficient. In time-series prediction, the input u(t) is the present signal, and the goal is to predict
u(t+1), the future signal, by learning patterns from past and present inputs. This setup also allows

us to study how noise affects the reservoir computer.

In temporal processing, Figure 4b zooms into the time-domain flow. At each time step t, an
input segment uk(t) (left) is injected into the physical reservoir. The reservoir dynamics produce
an internal state vector x(t) (center). A linear combiner with weights Wijj forms the predicted output
y(t) = u(t+1) (right). Conceptually, the reservoir expands the input into a nonlinear, memory-

bearing feature space. The readout then performs a simple ridge regression in that space.

RC implementation on the device level is one of the best advantages. Figure 4c gives a
description of the time series prediction on the photonic device level implementation. In the input
ui(t) is the present signal. Each scalar input sample u[t] is encoded as an optical intensity waveform

and stretched over a symbol window of duration T.

() = L0 min (3

Umax—Umin

This time-multiplexing creates M “virtual nodes” per input without adding hardware: the
masked slices ui(t) = mi G(t) , where mi is the mask. In our hardware, each slice drives an array of
microring resonators (MRRs) that are DC-biased close to resonance, so small intensity changes
translate into significant phase/transfer changes at the output port. An MRR provides both
nonlinearity and short-term memory. Then time index t (in samples), define node i € {1, ...M}.

Discretized at the slot rate, this yields a leaky state update of the form, xi(t)=f (mi. G(t-(M-i) s)),



mmmmm

where f(.) is a nonlinearity (e.g., tanh or ReLU). The output transmission is sampled once per sub-
slot to form the state vector x(t) = [xi(t)...xm(t)]". Training is performed only at the readout. State
vectors collected over Tuain steps are assembled into a matrix X, paired with targets y(t) and a

ridge-regression solution is computed:
W= (x"x +A)1xTy ... (4)
During inference, outputs are produced by the linear projection y(t) = WTx(t).

Adding WSe: enhances the ring’s nonlinearity and reduces excess noise by improving the
balance of its internal dynamics. Future prediction accuracy is summarized in Figures 4d and 4e
using confusion matrices. With WSez, a tight diagonal clustering of counts is observed, indicating
that most samples are correctly classified; off-diagonal entries remain sparse and small, yielding
94% accuracy. Without WSe2, the diagonal is weaker and larger off-diagonal blocks appear,
indicating more frequent misclassifications and degraded class separability, with accuracy reduced
to 60%. Consistent with this, the WSe: reservoir produces cleaner, more discriminative state-space
embeddings. Figures 4f and 4g show accuracy versus iteration: to approach 94% accuracy, the
device without WSe: requires more than 8000 iterations, whereas the WSez-integrated device

reaches this accuracy within about 40 iterations.

To further evaluate the performance of the proposed WSe2-SiN reservoir, we employed the
NARMA-10 and NARMA-20 tasks. NARMA is a standard nonlinear time series bench mark that
test how well reservoir computing system can handle both memory and nonlinear relationship?®.
NARMA-10 means future prediction depends upon past 10 inputs, similarly for NARMA-20
future prediction depends upon 20 past inputs >32. Equation (5) and equation (6) shows NARMA -
10 and NARMA-20.

NARMA-10: y(t) = 0.3y(t) + 0.05 y(O)[Xi_o v(t — D] + 1.5u(t —9) u(t) + 0.1 ...... 5

NARMA-20: y(t) = 0.3y(t) + 0.05 y(t)[X12, y(t — )] + 1.5u(t — 19) u(t) + 0.1 .... (6)
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Figure 5. Benchmark for SiN microring photonic reservoir computing system. (a) Predicted versus target output for
the NARMA-10 time-series task, showing accurate temporal tracking with low normalized mean squared error
(NMSE). (b) Comparison of predicted outputs for different numbers of virtual nodes, where increasing node count
enhances memory capacity and prediction stability. (¢) Two-dimensional projection of simulated reservoir states for
NARMA-10 and NARMA-20 tasks. (d) Distribution of trained readout weights across virtual nodes for the simulated
2D-integrated microring resonator (M = 11).

In Figure 5a, the system’s ability to track a nonlinear dynamical process is shown using the
NARMA-10 benchmark, a canonical test that demands both nonlinearity and long temporal
memory. The target sequence (solid line) and the reservoir’s prediction (dotted line) are plotted
versus time step. The close overlay of the two traces across peaks, troughs, and plateaus indicates
faithful temporal tracking with a low normalized mean-squared error (NMSE). Deviations remain
small, implying that the readout has extracted a sufficiently rich, history-dependent feature set
from the ring dynamics to reconstruct the output without overfitting. Figure 5b examines how the
number of virtual nodes Nv influences prediction stability. Two predicted outputs are compared

against the same target: one with Nv = 50 and another with Nv = 100. Increasing the node count



clearly tightens the fit. The Nv =100 curve (dark dashed) hugs the target more closely than the Nv
=50 curve (light dashed), demonstrating the standard reservoir-computing trade-off: more nodes
enlarge the adequate state space and memory capacity, enabling finer separation of temporal
features at the readout. In practice, boosting Nv improves noise averaging, reduces jitter, and
mitigates underfitting, all of which are reflected here as smaller residuals relative to the ground
truth. To visualize how the physical dynamics encode inputs, Figure Sc projects the high-
dimensional reservoir states onto two principal axes (“Reservoir State D17 and “Reservoir State
D2”). Two datasets are shown: NARMA-10 (orange) and the harder NARMA-20 (blue), which
requires substantially longer memory. Distinct, well-separated clusters are obtained: the NARMA-
20 points concentrate in a compact region while the NARMA-10 points populate a different area
with minimal overlap. Such separation implies that the internal microring responses map the two
tasks to discriminable manifolds, easing the burden on the linear readout. The clear clustering is
consistent with enhanced > nonlinearity supplied by the 2D material overlay, which steepens the

effective transfer function and enriches state diversity without sacrificing stability.

Figure 5d, plots the trained readout weights assigned to each virtual node (horizontal axis)
for two conditions: a single-MRR baseline (dark markers) and a simulated 2D-integrated microring
characterized by M=11 nodes (peach, dashed). The baseline weights remain small and narrowly
distributed around zero, signaling limited expressiveness in the features produced by the plain ring.
In contrast, the 2D-enhanced case yields a broad, asymmetric spread spanning large positive and
negative values, indicating that the readout relies on more varied and informative components of
the state vector. This broader utilization is a hallmark of stronger nonlinearity and higher
computational richness: the reservoir provides diverse basis functions over time, and the linear
combiner exploits them to reconstruct complex outputs. On-chip deployment of photonic reservoir
computing is mainly challenged by scalable 2D-material integration, device reproducibility,
thermal control, and system-level integration, with fabrication variability causing performance
fluctuations. From a manufacturing standpoint, compatibility with CMOS foundry processes,
yield, and integration density will be critical to transitioning reservoir architectures from laboratory

demonstrations to larger-scale implementations.
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Conclusion

In this work, we tackle the problem of noise-induced instability in reservoir computing with a
hybrid WSe>—SiN MRR platform. This work combines the low optical loss and thermal stability
of SiN with the strong nonlinear response of WSez, effectively suppressing resonance drift and
spontaneous switching without additional feedback control. Both simulations and experiments
confirm a 4 dB increase in SNR, a 30% reduction in NMSE, and faster training convergence on
NARMA benchmarks, achieving ~94% prediction accuracy within 30—40 iterations. Further
performance improvements can be achieved by integrating materials with even higher y*, provided
they introduce minimal optical absorption and waveguide loss. These results establish the WSe>—
SiN microring as a robust, energy-efficient reservoir computing node that supports long-term
stability, offering a scalable route toward noise-tolerant photonic processors for high-speed signal

prediction and edge-Al applications.

Methodology

SiN waveguide fabrication: Commercially available SiN-on-Si02 wafers with a 350-nm silicon
nitride layer on a thermally oxidized substrate were used for device fabrication. Electron-beam
lithography (Raith 100 kV) with ARP 6200 resist was employed to define the waveguide patterns.
After development, the features were transferred into the SiN layer using inductively coupled
plasma reactive ion etching with CHF4 as the primary etchant and a controlled Ar co-flow to
stabilize the etch rate and chamber pressure. The residual resist was removed by oxygen plasma
ashing. Finally, a short oxygen plasma treatment was performed to render the surface hydrophilic

and facilitate van der Waals integration of the 2D flakes.

Mode simulation: Numerical simulations of the microring resonator were performed using
Lumerical FDTD and FDE solvers. The model consisted of a microring side-coupled to a straight
bus waveguide, with material parameters chosen to match experimental conditions. Perfectly
matched layer boundaries were applied to suppress reflections from the simulation edges. A
broadband optical source was launched into the bus waveguide to excite resonant modes, and field
monitors were positioned along the structure to capture the electromagnetic field distribution. To

improve numerical precision, especially at the coupling region and the WSez-ring interface, a



refined, non-uniform mesh was employed. From the recorded data key parameters like resonance

wavelength, quality factor, and free spectral range is noted.

Time series simulation: To assess the WSe2-SiN platform, we measured a single physical node
and created M virtual nodes via time-multiplexing by masking the input sequence and feeding the
M slices sequentially within a single symbol. A reference time series was generated (Equation 3),
and the transmission through output port was sampled once per sub-slot to form an M-dimensional
state vector. Training was readout-only: state vectors were stacked and paired with targets to obtain
ridge-regression weights (Equation 4). In inference, outputs were the linear projection of the
current state for one-step-ahead prediction u(t+1). Performance was evaluated on NARMA-10 and

NARMA-20 (Equations 5-6) to quantify nonlinear memory and predictive capability.
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