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Abstract

Neuromorphic hardware is emerging as a transformative platform for artificial intelligence and
machine learning, offering unprecedented computational speed and energy efficiency. Although
several analog neuromorphic photonic systems have been demonstrated in recent years, state-of-
the-art architectures still face key challenges, particularly in achieving real-time online training
with high-speed signals, fully on-chip end-to-end analog implementation, online tracking, and
adaptive learning under dynamic environmental conditions. Here, we demonstrate the first hard-
ware realization of an on-chip photonic multiplexed gradient descent (MGD) algorithm that
performs in-situ, on-the-fly training directly in the analog domain, which significantly reduces
computational overhead and latency. Our monolithically integrated foundry-fabricated silicon
photonic processor uses a microring resonator weight-bank array and a balanced photodetector
with in-situ gradient computation for implementing the analog end-to-end online training. The
direct gradient measurement is achieved via a perturbative approach, without requiring conven-
tional high-precision optical or digital matrix multiplication. The experimentally demonstrated
photonic implementation of MGD features fully analog, end-to-end adaptive learning, allowing
simultaneous inference and training on the same hardware platform. As a result, the photonic
processor can learn locally and dynamically adjust to adopt its training parameters, even in
complex and varying environments. For example, our classification results demonstrate robust
performance under the presence of temperature fluctuations, crosstalk and limited bit precision.
This work bridges the gap between analog neuromorphic processors, online training, and practi-
cal deployment in next-generation artificial intelligence, which potentially advances autonomous,
real-time photonic neuromorphic systems.
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1 Introduction

Artificial intelligence (AI) technology has advanced rapidly across many fields, including materials
science, natural language processing, healthcare, computer vision, and autonomous vehicles [1-5].
Brain-inspired neural network architectures, such as deep, recurrent, and convolutional networks that
learn patterns from data to solve a wide range of computational problems, including complex clas-
sification, object detection and prediction. Unlike conventional digital processors, photonic neural
network offer several inherent advantages, such as low latency, massive parallelism, and high band-
width. Efficient training of these photonic neural networks is implemented via iterative parameter
updates (weights) using gradient-based (e.g., backpropagation) and non-gradient based (e.g., evolu-
tionary methods) algorithms [6-8]. The gradient-based methods are computationally efficient, allow
fast convergence and scale effectively to very large models. Typically, inference and training are two-
step processes: inference is performed first, and the error is then calculated separately to update
the weights in most of the in-situ neuromorphic hardware platforms [9-12]. However, the simulta-
neous execution of inference and training is critical to achieving fully autonomous analog learning
[11, 13-15]. Recently, various analog neuromorphic hardware systems have attempted to bridge this
gap by allowing in-situ gradient computations using digital computers directly in analog hardware,
including variants of backpropagation, online pruning, and other analog-compatible algorithms [16—
20]. Despite the in-situ digital platform significantly reducing communication overhead and latency,
it demands high-performance GPUs, high-bit precision, and longer training times. However, training
neural networks in modern Al technology is challenging due to the need for large-scale parameter
optimization, hyperparameter tuning, high computational cost, continuous learning, and real-time
adaptation, thereby necessitating the implementation of training algorithms on the hardware itself.
To address this, we implement a fully analog, end-to-end in-situ training system capable of (i) real-
time online learning, where training and inference are executed concurrently; (ii) on-the-fly training,
where training initiates immediate updates to new input targets; (iii) adaptive correction to envi-
ronmental variations without interrupting inference; and (iv) system monitoring and error tracking
with desirable accuracy.

Recent advances in integrated photonic architectures, such as Mach-Zehnder interferometric
(MZI) meshes, microring resonator arrays, metamaterials, MZI modulators and nanostructures, have
shown fast vector-matrix multiplications (MVM), thus can significantly improve computational effi-
ciency for a wide range of applications, including image processing, natural language processing, signal
processing, autonomous systems and robotics [9, 22-26]. These photonic hardware architectures sup-
port the implementation of direct training algorithms in the optical domain, such as backpropagation,
forward propagation (error propagation), equilibrium propagation, direct feedback alignment, finite-
difference methods, and using various on-gradient approaches for autonomous in-situ learning [27].
In particular, the error propagation approach is one of the most efficient methods for training neural
networks, in which input data is propagated forward while errors are propagated backwards or for-
ward at layer by layer to compute the gradient. Although these algorithms implemented in photonic
systems have shown promising solutions, they have limitations in real-time applications and adoption
for training due to the absence of simultaneous inference and weight updates. The major draw-
back of error propagation algorithms is that they are efficient only for feed-forward neural network
architectures. They are layer-dependent, require the chain rule to compute gradients, and impose
hardware-specific constraints. The direct feedback alignment replaces the chain rule with a random
weight matrix for gradient computation in error propagation but suffers from validation and shallow
neural network limitations. Physical local learning is an alternative algorithm to error propagation
that updates parameters using only locally available information. Similarly, finite-difference methods
can directly measure the gradient but are limited in scalability. These algorithms increase computa-
tional complexity as the system scales. Alternatively, non-gradient approaches, such as genetic and
particle swarm optimization algorithms, are widely integrated into the system via software-based in-
situ training. However, convergence is highly challenging on these architectures, particularly at large
scale. As a result, achieving efficient training on large datasets, dynamic inputs, or high-speed signals
with hardware-agnostic algorithms remains a major challenge.

Here, we experimentally demonstrate the first hardware realization of a multiplexed gradient
descent algorithm (MGD) on a photonic on-chip microring resonator weight bank array, allowing
in-situ, on-the-fly training directly in the analog domain. This approach significantly reduces com-
putational overhead and latency compared to conventional digital training [21]. We demonstrate
the photonic implementation of the MGD algorithm on a foundry-manufactured, CMOS-compatible
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Fig. 1 Artificial intelligence training approaches and the analog end-to-end adaptive training system: a)
Widely adopted training methods implemented on analog learning hardware platforms using an error propagation. b) A
perturbative approach demonstrated by the multiplexed gradient descent algorithm [21]. This perturbative approaches
can be applied to a wide range of machine learning models, including feedforward neural networks and recurrent neural
networks. ¢) These models give rise to a variety of real-life applications, enabling hardware-agnostic analog learning
directly using analog signals. This further enables our analog hardware to use its high bandwidth and low latency in
online tracking tasks, and creates the flexibility to adapt to various system- and platform-level parameter changes such
as crosstalk.

silicon photonic integrated circuit (PIC), achieving analog, end-to-end adaptive learning with simul-
taneous inference and training on the same hardware. The gradient is computed by applying
perturbations to the network parameters and measuring the loss function via the intrinsic dynamics
of the device. In this approach, the gradient is measured directly at the output as an analog signal,
bypassing costly digital computation. During training, the architecture physically computes the gra-
dient and performs local weight updates entirely within the analog domain without the requirement
of any knowledge of the internal structure of the network. Our system can classify linear tasks with
> 90% accuracy and nonlinear tasks with > 80% accuracy within a few iterations, while also demon-
strating real-time online tracking at a gigabaud inference rate. We also demonstrate that our system
autonomously adapts to environmental changes, such as temperature drifts and internal thermal
crosstalk, by dynamically adjusting training parameters in real-time without external intervention,
thereby maintaining operational continuity with minimal downtime. The MGD implementation is
hardware-agnostic and can therefore be applied to a wide range of machine learning models and real-
world applications. Our platform is robust to fabrication variations and system noise, does not require
sophisticated calibration procedures [28]. In contrast to other coherent architectures, our incoherent
WDM-compatible implementation of the MGD algorithm offers enhanced scalability and stability
while relaxing hardware constraints toward real-time, self-adaptive, analog end-to-end learning of a
neuromorphic photonic architecture for the next-generation Al

2 Hardware implementation

Figure 1 illustrates both conventional error propagation training approaches (backpropagation and
forward propagation) and the current implementation of MGD-based analoge end-to-end adaptive
training system. As shown in Fig. 1 (a), the error propagation approaches are used to calculate the
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Fig. 2 Schematics for experiment setup and device characterizations: a) Our vision for a wavelength-
muliplexed integrated neuromorphic photonic hardware that uses microring resonator (MRR) weight bank and on-chip
balanced photodetectors (BPDs). The inputs x; are amplitude-encoded on respective wavelength channels using i*h
microring modulators, all of which are broadcast to all neurons in the same layer. Each weight bank implements all the
weights wyn for the particular neuron plus the corresponding perturbations wy , and the balanced photodetector
BPDy signals are sent to N microring modulators. The biasing of the microring modulator determines the type of
nonlinear activation function and produces output y; for that neuron. b) Micrographs of the electrically-packaged
integrated photonic chip and the device-under-test, with labels for the electrical connections for the weights and
photodetector bias. ¢) Spectrum of the MRR weight bank. d) Bandwidth measurement of the integrated BPDs. e)
The experimental setup used in this paper: a single-layer, 2-input and 2-weight system consists of two optical input
channels, z1 and z2, each modulated by a DAC on the RFSoC FPGA via a Mach-Zehnder modulator (MZM). A WDM
arrayed-waveguide grating (WDM AWG) multiplexes both channels into a single waveguide, which is fed to the add-
drop MRR weight bank integrated on chip. The MRRs are controlled using two SMU channels, which communicate
with the RFSoC FPGA to actuate the weights w1, and we, as well as perturbations w1 and w2. The weight bank
optical output is detected through a pair of integrated BPDs, and the output signals Lo and L are measured with an
ADC channel on the RFSoC FPGA.



gradient at every layer, however, implementing it in hardware is not the most efficient way to com-
pute the gradient, as it leads to huge MVM operations. In addition, error propagation is required to
form symmetric backward/forward connections and perform synchronized computations, thus con-
sidered as “biologically implausible” and incompatible with large-scale hardware systems. On the
other hand, the MGD algorithm, shown in Fig. 1 (b), introduces random perturbations to each
weight and estimates the gradient at the output. The method is less sensitive to initialization and
gradually converges toward the minimum loss function, thereby avoiding issues such as exploding
gradients. Our perturbative approach is based on finite-difference approximations, converges rapidly
(within a few iterations), requires minimal memory, and is highly robust to noise. Figure 1 (c¢) shows
the native implementation of the hardware-agnostic analog learning algorithms for real-world appli-
cations, including fully end-to-end analog learning and online tracking. The Fig. 2(a) shows the
schematic illustration of the training algorithm implemented on a wavelength division multiplexing
(WDM) platform within a fully integrated on-chip photonic system. The integrated photonic hard-
ware architecture uses microring resonator (MRR) weight bank and on-chip balanced photodetectors
(BPDs) in a wavelength-division multiplexed scheme. The inputs x; are amplitude-encoded on respec-
tive wavelength channels using i*" input microring modulators. An NxN microring weight-bank array
implements the weights wyy plus the corresponding perturbations wypy, and the balanced pho-
todetector BPDy performs the MVM operation in the optical domain. Typically, the nonlinearity
can be accessed through the photodetector’s quadratic response or, as shown in Fig. 2(a), by using
microring modulators.

The micrograph of the fabricated WDM photonic neural network, including the microring res-
onator weight bank and balanced photodetectors (BPD), is shown in Fig. 2(b). The drop port
responses of the microring weight bank array consist of four MRRs and the measured bandwidth
of the designed single-mode germanium photodetector is shown in Fig. 2 (¢) and (d), respectively.
As shown in Fig. 2(c), the ~ 5 dB variation in extinction ratio across the ring throughputs arises
from fabrication imperfections and wafer-level thickness variations. Typically, such nonuniformi-
ties can be compensated by adjusting the input power. However, because the MGD algorithm is
hardware-agnostic, variations in the MRR extinction ratios are inherently incorporated into the gra-
dient calculation and corresponding weight updates, assisting the training approach to maintain
strong performance despite non-ideal hardware conditions. Fig. 2(e) presents a schematic of the
actual experimental setup. Although our monolithic integrated photonic chip comprises four MRRs
and an integrated balanced photodetector. To demonstrate the feasibility of the MGD algorithm, we
implemented a proof-of-concept system comprising two MRR. weight-bank arrays and a BPD. The
temporally varying input signals are amplitude-encoded onto two distinct wavelength channels and
sent them into the MRR weight bank for weight updates and training. Each microring resonator has
an independently tunable weight, configured for a specific wavelength channel, and a continuous per-
turbation is applied to the weight value. In our experiment, thermo-optic heaters in the MRRs are
controlled independently using separate source-measure units (SMUs), which set the voltage for each
MRR. These voltages actuate MRR resonances via in-resonator photoconductive heaters (IRPHs)
using the thermo-optic effect [29]. The precise control of individual MRR transmission is important
to achieve the effective weight precision. In our system, thermo-optic heaters precisely control each
MRR, tuning transmission from -1 to +1. The current setup provides an effective resolution of 6.72
bits without additional stabilization or system-level modifications. A dithering-based control scheme
can further improve bit precision to 9 bits [30]. The weighted input values are summed at the bal-
anced photodetector, resulting in an efficient matrix/vector multiplication in the electrical domain.
Although the output loss function can be obtained as an analog signal, we employ digital-to-analog
converters (DACs) and analog-to-digital converters (ADCs) integrated within an RFSoC FPGA to
enable fast input encoding, controlled weight updates, and gradient measurements. The input data
are processed in batches, therefore, the input signal rate must exceed the weight update rate by a
factor equal to the batch size. Here, the bandwidth limitation of the DAC restricts the input signal
rate to 1 GBaud with 8 samples per symbol, while the ADC samples at 4 GS/s. The FPGA is used
to provide experimental flexibility in input encoding and signal detection; however, by replacing the
FPGA with a high-speed arbitrary waveform generator and substituting thermo-optic heaters with
p—1 junction-based modulators, the system could support significantly higher input data rates (up to
16 GBaud) and faster weight-modulation speeds (on the order of sub-microseconds). The incoherent
WDM broadcast and weight architecture eliminate the need for precise control of phase shifters, mit-
igating interference and instability commonly encountered in architectures based on coherent matrix
multiplications. Further details of the experimental setup are provided in the Methods section.



Fundamentally, the algorithm implements a zeroth-order gradient descent and estimates the gra-
dient from perturbations introduced to the network parameters. In the MGD algorithm, perturbation
is applied to each weight individually. This perturbation affects the loss function at the output, and
the resulting change is used to update the weights. If an independent perturbation is applied at each
weight values, the amplitude of the overall perturbation is multiplexed, resulting in an immediate
change in the loss function. As a result, if the parameters are independently modulated at frequen-
cies wy, ws, w3, etc., it will induce variations in the loss function. In the multiplexed gradient descent
algorithm, all the parameters are being perturbed and updated simultaneously. Although the weight
perturbations can take any pairwise-uncorrelated time-varying functions, such as sinusoidal, square,
or randomly generated, we used a randomly generated binary perturbation for simplicity. The per-
turbation w;(t) follows a random binary sequence of (—1,1), with an amplitude of Aw,. Each weight
and its perturbation is implemented as a voltage signal applied to the MRRs in the weight bank.
At the start of each training epoch, we upload all samples from the first batch to the DACs on the
FPGA, which then modulate the input samples onto the optical carriers. As training progresses, the
random binary sequence generates a time-varying perturbation signal, causing corresponding varia-
tions in the loss function measurements. The instantaneous loss function variations (AL;(t)) consist
of a perturbation-free baseline loss function Ly and a perturbed loss function L(t) generated by the
weight perturbation, w;(t), at each neuron. The loss function is computed using the network output,
y(t), and the training target ¢(¢). The weight update w; incorporates the instantaneous measure-
ments of the variation component of the loss function and its corresponding weight perturbation.
Afterwards, we repeat the same procedure and iterate through the rest of the batches to complete
an epoch, and progress through all epochs to finish training. Further details on the derivation of the
MGD algorithm for direct gradient measurement, the experimental setup, and the training workflow
are provided in the Supplementary Sections 1 and 2.

3 Results
3.1 Online tracking

Typically, training is performed once on a fixed dataset, where all training data are available before-
hand to ensure efficient learning. However, real-time forecasting, anomaly detection, object tracking,
and adaptive control systems are time-sensitive tasks that require continuous monitoring of dynam-
ically evolving data [31-33]. As a result, the newly encountered data frequently deviate significantly
from the training data due to variations in operating conditions, environmental factors, or underlying
data distributions. In such situations, many conventional algorithms experience a substantial degra-
dation in prediction and classification performance. Furthermore, these methods generally learn each
task independently, often requiring additional memory and computational resources for retraining,
need rapid and continuous parameter updates, dynamic learning rules, and operation in varying con-
ditions, while ensuring timely decision-making. Implementing a hardware-agnostic algorithm capable
of adapting to environmental variations typically involves updating samples, modifying learning
rules, and/or adjusting operating conditions. We successfully implement an online tracking algo-
rithm, where the hardware updates network weights on-the-fly as soon as new data arrives. Here, the
online tracking algorithm is achieved due to the advantages of simultaneous training and inference,
while the learning rule for classification continuously adapts. Our MGD framework enabling contin-
uous tracking and adaptation to evolving data while reducing the need for extensive retraining and
extra memory. The dataset consists of 2,000 samples uniformly distributed in a 2D space, with the
correct separation between the two classes evolving over time as reflected by updates in the learning
rule signal.

To explain the dataset and learning rule in more detail, we first use a linear classification as an
example, where the learning rule is defined by an arbitrary line (a - 27 — b - z2 = 1), where a and
b are real numbers. The parameters a and b are defined according to the learning rule to classify a
given set of data. When the learning rule changes, that is, when the coefficients a and b change, the
processor subsequently classifies the data based on the updated learning rule. Furthermore, when the
data set changes or evolves dynamically, the processor continues to classify the data based on the
defined learning rule. In the experiment, all the network parameters are initialized to random values,
and the gradient is measured by comparing baseline and perturbed loss function values, without and
with perturbations to the network parameters, respectively. These parameters are updated after each



batch, and training continues until convergence is reached. Preliminary training results of linear and
non-linear classification tasks are given in the Supplementary Section 3.
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Fig. 3 Online tracking results: the separation rule rotates through a sequence of three different angles calculated
with respect to the x-axis, and we demonstrate our system successfully adapts to the logical changes. a) Training
accuracy values measured experimentally at thirteen unique angles ranging from 15° to 255° with a step size of 20°,
updated after every 200 epochs. The thirteen different angles are randomly shuffled, and are plotted against time in
the subplot here. b) Zoomed-in plot of the epochs near the transition from 255° to 95°, together with three scatter
plots showing the system output before, at, and after the angle change. ¢) Best prediction accuracy achieved at every
angle, plotted with the corresponding standard deviation recorded.

To experimentally demonstrate the online tracking task, we varied the classification criteria every
800 seconds, equivalent to 200 training epochs, without providing any additional information to our
analog system during training. Initially, the separation between the two classes was set at a 55° angle
relative to the horizontal axis. Subsequently, the separation between the two classes was rotated
through 13 randomly shuffled configurations, with angles ranging from 15° to 255° in 20° increments.
The sequence of shuffled angles is illustrated in the subplot of Fig. 3(a). At the beginning of each angle
change, there is an initial drop in prediction accuracy, as seen in Fig 3(a). However, the system quickly
recovers to the new learning rule, achieving a prediction accuracy of approximately >85% within a
few epochs (<10) for most angles. We also estimate the training time, the processor has a recovery
time of 20 seconds whenever a new learning rule is updated. A zoomed-in plot of the 13 epochs around
the transition from 255° to 95°, shown in Fig 3(b), confirms that our processor restores its prediction
accuracy within just 4 epochs which is 20 seconds. The corresponding data sets at three instances are
shown in Fig 3(c). Figure 3(d) shows the best prediction accuracy achieved at every angle, plotted
with the corresponding standard deviation. However, we occasionally observe a momentary decrease
in prediction accuracy after the system has reached convergence. While such fluctuations can be
mitigated through fine-tuning hyperparameters, such as perturbation amplitude and learning rate,
they cannot be entirely eliminated due to the inherent nature of the perturbation-based approach.



Notably, such brief moments of instability only occur sporadically and have a negligible impact on
overall system performance.

3.2 Real-time adaptation

The traditional neuromorphic hardware uses static machine learning models, thus fails to operate in
real-time, adopt and respond to dynamic environmental variation. As a result, the need for adaptive
real-time learning, which incorporates continuous learning, context awareness, real-time response and
automated decision-making is highly in demand. Typically, employing a photonic processor for train-
ing can compromise reliability due to environmental temperature fluctuations and thermal crosstalk
between neighbouring heat-actuated weights or heat dissipation in the processor. Although per-
formance can be partially improved through error-correction algorithms and hybrid analog—digital
signal processing units, we demonstrate that the MGD algorithm integrated with the MRR. weight-
bank based analog system continuously adapts and readjusts in real time, supporting robust and
stable performance. Our photonic processor provides fully integrated self-learning and self-correction
capabilities, enabling dynamic adaptation to both external perturbations (e.g., global temperature
or pressure variations) and on-chip non-idealities (e.g., thermal crosstalk) in real time.

As a proof of concept to demonstrate the real-time adaptation capability, we varied the tem-
perature of the photonic chip using a temperature-controlled stage while keeping the learning rule
fixed (i.e., fixed @ and b). Typically, MRR-based photonic processor highly sensitive to temperature
variations, therefore a temperature variation of just 2°C in the system can introduce up to a 50%
change in the weight values. Initially, we trained the system at 25°C for 200 epochs, and the pre-
diction accuracy reached approximately 90%. When the temperature was subsequently increased by
2°C, the prediction accuracy immediately dropped to below 50%, as the temperature change signif-
icantly altered the effective training parameters. However, due to a high loss value in the measured
output gradient, the MGD training algorithm readjust the individual microring resonators to restore
their weight actuations and minimize the loss function. As a result, after 200 epochs, the system
recovered its original performance, achieving approximately 90% prediction accuracy. As shown in
Fig. 4(a), the chip temperature was randomly varied between 23°C and 27°C. The training accuracy,
measured every 200 epochs, shows that the system can tolerate global temperature variations of up
to AT = 4°C and then quickly recover its performance in less than 10 s. The variation between the
optical weight values of 1 and -1 corresponds to actuation voltages of 0 V and 2 V, respectively. The
mapping between the applied voltage and the resulting optical weight is approximately linear within
this range. Due to its adaptive functionality and robustness, the hardware platform can be deployed
under adverse, dynamically changing operating conditions while maintaining consistent performance.

Similarly, to demonstrate thermal crosstalk, we considered a 3-MRR-based weightbank architec-
ture. We used MRR1 and MRR3 for classification by implementing weights, while MRR2 introduced
temperature variation by injecting a steadily increasing bias voltage into the heater. As a result,
MRR2 introduces thermal crosstalk on MRR1 and MRR3. To better understand the effect of thermal
crosstalk on the weights wy and wy due to MRR2 and its temperature variation AT, we estimated
the rate of equivalent weight change as Aw,/tr, where Aw, is the equivalent percentage change in
the optimal weight value due to the temperature change in MRR1 and MRR3 due to MRR2, and
tr is the time between temperature changes measured in minutes. Because the learning rule is the
same (fixed a and b), the optimal weights will have the same numerical values despite changes to
the physical parameters.

Further, we have investigated the system stability against thermal crosstalk and the recovery
of training accuracy after a few epochs. Unlike Fig. 4(a), which illustrates the impact of a global
temperature change due to environmental variation on the weights and the training process, Fig. 4(c)
demonstrates the training and stability of the system in the presence of thermal crosstalk arising
from neighbouring MRRs. We steadily increased the bias voltages of two neighbouring channels
from 0 V to 5 V after the initial 200 epochs, with the bias voltage increasing by 25 mV per epoch
to introduce thermal crosstalk, as shown in Fig. 4(c). Here, the average time for the temperature
variation is approximately 4.8 minutes, and we found that the rate of equivalent weight change is
around 23.7% - min~! for weight 1 and around 5.48% - min~"' for weight 2. As shown in Fig. 4(c),
instability occurs over a brief period as the bias voltages ramp up; however, our system quickly
recovers and remains resilient to the effects of thermal crosstalk. This indicates that our system is
capable of compensating thermal crosstalk due to any kind of heat dissipation in the processor, which
induces temperature changes in the weight actuations. Currently, the weight actuation variations of
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Fig. 4 Real-time adaptation results: we demonstrate the excellent stability of our system against two major
environmental variations. a) we apply temperature changes to the test platform by varying the target temperature set
by the temperature controller every 200 training epochs. The temperature starts at 25°C, and goes to 27°C, 25°C,
23°C, and 25°C subsequently. We record training accuracy after each epoch and provide a zoomed-in plot of the
epochs near the first temperature transition from 25°C to 27°C. At 25°C, the actuated weight voltage range of [0, 2]
V corresponds to a measured optical weight range of [—1,1]. ¢) We introduce on-chip thermal crosstalk by injecting
a steadily increasing bias voltage to the channels neighboring the ones under test. Starting from the 200t epoch, the
bias voltages to the neighboring two channels are increased from 0 V to 5 V over a period of 200 epochs, with a step
size of 25 mV per epoch. The thermal crosstalk persists after the bias voltages reach the maximum value for the rest
of the trial. ¢) Weight voltage values recorded throughout the thermal crosstalk demonstration, together with the bias
voltage supplied to the neighboring channels to generate thermal crosstalk.



more than 20% per minute can be compensated, but the rate could be further improved by varying
the learning rate.

4 Discussion

To further support the scalability of the system and its potential to solve more complex computa-
tional tasks, we implemented a digital twin of our analogue end-to-end adaptive photonic system
incorporating a multi-layer network and the MGD training algorithm. Digital twin is a digital replica
of the system, enabling a connection between physical and digital environments. These virtual mod-
els of physical systems are typically used for simulation, analysis, and optimisation of their real-world
counterparts, thus representing a close approximation to practical scenarios. Our digital twin model
comprises a network of 30 x 30 microring resonators that can serve as a general-purpose architecture.
Although the architecture is capable of solving various computational problems, we used it to classify
the Yin-Yang dataset (see Fig. 5(a)) [34]. The network requires an input layer of 4 nodes, a hidden
layer of 30 nodes, and an output layer of 3 nodes, totalling 37 fully connected feed-forward neural
network units. The array of ring resonators incorporates weight values across wavelengths, sums the
weighted inputs at the photodetectors, and applies a nonlinearity at the output, which emulates one
photonic neuron in the model. To implement a replica of the experimental architecture, we have used
experimentally extracted device parameters and measured lookup tables for MRRs, photodetectors,
and the electro-optic nonlinearity of the MRR modulator, along with various perturbation signals,
such as sinusoidal and binary random perturbations, to investigate training efficiency [35-37]. The
MGD training uses sinusoidal weight perturbations generated by the 16-bit SMU DAC, with each
of the 1800 heater currents dithered at a distinct, frequency-multiplexed tone and evaluated over
the 500-sample batch. Fig. 5(b) shows the prediction accuracy of the physical model of the pho-
tonic core, which uses each epoch at 33 microseconds. Typically, the hardware introduces various
system noise, losses and errors, including shot noise, TIA, and laser RIN noise at both detectors,
inter-ring thermal crosstalk, quantization errors and optical insertion loss, which lowers the detector
SNR through the link-budget TTA gain. Incorporating all these noises and errors in our digital twin
deviates from an ideal system, yet the network still classifies Yin-Yang with 95.4% . The classifica-
tion results and the corresponding confusion matrix at the end of training are shown in Fig. 5(c)
and Fig. 5(d), respectively. For comparison, implementing the trained model using a GPU (NVIDIA
A100) achieved 97% accuracy for the same Yin-Yang classification task. The deviation between the
digital twin and the simulation accuracy is roughly 2%, arising from the physical hardware itself,
mainly due to system-level noise, bounded resonance nonlinearity, and the limited dynamic range of
the microring weights. The photonic core has an update time of 32.3 us, whereas the NVIDIA A100
has 54.4 us and additional computational overhead. It is also worth noting that the software-based
simulation uses 64-bit precision, whereas our digital twin uses only 16-bit precision and a reduced
update time to achieve similar performance. Despite its much lower bit precision, the photonic sys-
tem shows performance comparable to that of the digital processor due to the analog nature of our
photonic processor. These findings validate the scalability and feasibility of perturbative training
techniques for photonic circuits in larger-scale networks. The Supplementary Section 4 provides
further details on the digital twin and the training procedure.

Further, we have also analyzed the latency of our demonstrated analog photonic hardware plat-
form. Our photonic processor has a total length of 1 mm, as a result, the propagation delay is 11.7
ps. When accounting for the response time of high-speed photodetectors (16GHz), the total end-
to-end inference latency remains low at ~ 62.5 ps, which exclude the response time of high-speed
ADCs and DACs. The total end-to-end latency is approximately 1.5 seconds for a larger learn-
ing rate and perturbation amplitude, and approximately 4 seconds when using smaller parameters
(see the Supplementary Section 5). In the current configuration, the weight elements are being
temperature-controlled, contributing to the observed convergence time in the order of a few seconds.
However, our photonic chip also supports carrier-depletion PN junction for electro-optic weight tun-
ing, which provides a typical bandwidth of ~16 GHz [38, 39]. This enables rapid weight adjustments
and potentially reduces convergence times by three orders of magnitude.

We estimate that our monolithically integrated photonic chip has the total power consumption of
27.4 mW, including photonics, drivers, and readout electronics, resulting in an energy efficiency of 853
£J/Op, equivalent to 1.2 TOPS/W when operating at a 16 GHz. See the Supplementary Section
6 for a detailed breakdown of the power budget and energy efficiency of individual components. For
the 4x30x3 neural network architecture (see Fig.5(a)), each neuron is implemented with four MRRs,
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Fig. 5 Yin-Yang classification of the digital twin model with multi-layer networks: a) The digital twin of
the analog end-to-end adaptive training system. It is a fully connected feedforward network contains one input layer
with 4 neurons, one hidden layer with 30 neurons, and one output layer with 3 neurons. All neurons in both the hidden
layer and the output layer use an electro-optic nonlinearity. b) Training accuracy results obtained from our digital
twin model, reaching a maximum accuracy of 95.4 %. c¢) Snapshots of the classification outputs at the beginning of
the training (0 seconds) and at the best accuracy value (16.2 seconds). d) Confusion matrix at the end of the training
simulation.

Table 1 Comparisons with other contemporary works.

Input Architecture Analog Analog Energy efficiency Online Real-time
size inference training tracking ! adaptation 2
latency latency
This work | 2 IP 62.5 ps 22 ms 70 GOPS/W Yes Yes
Ref. [40] 430k FP 192 ps Not given | 0.12 GOPS/W No Yes
Ref. [11] 6 1P 410 ps Not given | 13 GOPS/W No No
Ref. [14] 4 1P 1 ns Offline 5,000 GOPS/W No No
training
Ref. [41] 16k FP Not 64 ms 5.4 x 109 GOPS/W | No No
given
Ref. [42] 30 1P 570 ps Digital 71.4 GOPS/W No No
training

LOnline tracking of updates to the training problem or learning rule.

2Real-time adaptation to external and internal parameter changes, including environmental temperature variations and
neighboring channel thermal crosstalk. IP- Integrated photonic platform, F'S- Free-space architecture.

performing 243 operations (5x30431x3) per inference cycle, yielding an energy efficiency of 3.4
£J/Ops, corresponding to 291 TOPS/W. A comparison of on-chip and free-space optical computing
architectures is presented in Table 1. Moreover, we highlight that integrating phase-change materials
(PCMSs) in our architecture could push energy efficiency to the PetaOPs/W range while significantly
enhancing information density [43]. This capability paves the way for ultrafast, power-efficient, and
low-cost neuromorphic computing platforms, addressing both scalability and real-time adaptability
in photonic machine learning.
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5 Conclusion

We have experimentally demonstrated an analog end-to-end adaptive neuromorphic hardware sys-
tem that physically measures and locally updates the gradient of the dynamical system directly in
the optical domain. Unlike conventional digital implementations, which are constrained by the lim-
itations of digital matrix multiplications, our platform achieves fully analog gradient measurement
through multiplexing and perturbative updates at the output. This approach effectively bypasses
digital precision bottlenecks and enables high-accuracy inference while maintaining robust real-time
adaptability. Our demonstration addresses critical, longstanding challenges that have limited the
practicality of neuromorphic hardware architectures, particularly the inability to perform on-the-
fly training with dynamic data and the lack of real-time adaptation to crosstalk and environmental
fluctuations. Implemented on an integrated photonic platform, our system achieves favourable per-
formance in online tracking tasks, reaching 86.5% accuracy while dynamically adapting to learning
rules. Notably, our system ensures stability even when training continues past convergence, elim-
inating the need for manual calibration or active stabilization. This intrinsic stability allows our
photonic processor to self-adapt to changing conditions with fast convergence, effectively mitigating
the impact of system noise. We further evaluated the performance of the system in terms of scalabil-
ity, latency, and energy efficiency. Our photonic system achieves an ultra-low latency of 62.5 ps and
an energy efficiency of 853 £J/Op, highlighting its potential for large-scale neuromorphic networks.
Our fully analog processor significantly reduces the complexity associated with training neuromorphic
hardware, paving the way for scalable implementations in integrated photonics. The demonstrated
online adaptive training approach is versatile and broadly applicable across a spectrum of machine
learning platforms. Crucially, it lays the groundwork for real-time learning in analog hardware, with
transformative implications for applications in sensing, autonomous driving, telecommunications,
and beyond.

6 Methods

Device fabrication

The monolithic integrated photonic processor is fabricated at the AMF foundry on a silicon-on-
insulator (SOI) wafer with a silicon thickness of 220 nm device layer and a buried oxide thickness of
3 pm. The bus waveguides have a width of 500 nm. The MRRs have radii of 8.0 pym, 8.01213 pm,
8.02426 pm, 8.03639 pm, 8.04852 pum to prevent resonance overlap. Each resonator shows a quality
factor of ~ 6000 and a bandwidth of 200 pm, with a physical separation of 92 yum between neigh-
bouring MRRs. In the experiment, we have used MRR1 and MRR2 for all the classification tasks
and MRR1-MRR3 for the demonstration of thermal crosstalk. The MRRs have in-resonantor pho-
toconductive heaters [29] that can actuate the weight by thermally tuning the MRR resonance. The
system has an end-to-end optical loss of 12 dB, and each MRR has an estimated insertion loss of
< 3 dB. Our system requires ~ 0.8 mA of heating current to change the transmission of the MRRs
by 15 dB. To implement the N-doped heater, each MRR consists of a circular waveguide etched to
a 90 nm thick pedestal that hosts the phosphorous dopants. A 10 ym wide N doping section is pat-
terned to follow the MRR, outside of which heavy N++ doping is used to make ohmic contacts.
The phosphorous dopant concentrations are N: 5 x 1017 ecm™3 and N++: 5 x 1020 cm™3. Metal vias
and traces are deposited to connect the heater contacts of the MRR weight bank to electrical metal
pads. An integrated balanced photodetector sums the difference between the drop and through ports
without the need for a differential amplifier, providing weighted addition of all input signals. On-chip
detection also removes round-trip coupling loss by half. The BPD comprises two germanium-based
photodetectors connected in series, with the n-contact of one PD connected to the p-contact of the
other [44], and has an operational bandwidth of ~ 16 GHz.
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