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End-to-end all-optical in-sensor computing system

using photonic integrated circuits

Zian Xiao"*3, Zhihao Ren'?, Yangyang Zhuge'?, Zixuan Zhang', Yan Yang*°*,

Bowei Dong>*, Chengkuo Lee'**

Photonic sensors play an increasingly important role in chemical analysis, but conventional systems rely on sequen-
tial wavelength scanning and extensive electronic post-processing, leading to large data redundancy, high latency,
and excessive energy consumption. Here, we introduce an end-to-end all-optical in-sensor computing system
based on photonic integrated circuits that merges sensing and computing in the optical domain. The system inte-
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grates a photonic waveguide sensor and a microring weight bank on a single chip for linear processing, while non-
linear activation is implemented using an erbium-doped fiber amplifier. By performing spectral compression, this
system enables real-time optical-domain computing with up to 6-bit precision. The system achieves a classification
accuracy of 94.2% across 27 liquid-mixture classes and concentration prediction for mixture chemicals. Compared
with conventional photonic sensing systems, the proposed architecture reduces inference latency by a factor of
4.48 and energy consumption by a factor of 11.47. These results establish a compact, low-redundancy, and energy-

efficient paradigm for intelligent photonic sensing at the edge.

INTRODUCTION

Photonic sensors have become essential tools in chemical, biological,
and environmental analysis, where they enable high sensitivity, broad
spectral coverage, and rapid signal acquisition (1-3). Their compati-
bility with integrated photonic platforms has further expanded their
impact, allowing compact, stable, sensitive, and energy-efficient sens-
ing systems far beyond those of electronic counterparts (4-6). As ap-
plications require faster responses and lower power consumption,
photonic sensors are expected to play an even greater role in next-
generation intelligent sensing technologies.

Despite these advantages, conventional photonic sensing archi-
tectures still typically follow a sensing-storage-then compute work-
flow as shown in Fig. 1A (7-9). In a standard implementation, a
tunable laser injects light into the photonic sensor across different
wavelengths, and a photodetector (PD) records the corresponding
transmitted intensities to reconstruct the spectrum for subsequent
electronic analysis. Machine-learning-assisted spectral analysis has
been widely adopted to enhance feature extraction from such pho-
tonic sensor outputs (10, 11). However, in most existing approach-
es, sensing, spectral readout, and computation remain physically
and functionally decoupled, such that the measured optical infor-
mation must first be converted into electronic signals and then
transferred to downstream processors for digital inference. This
architecture increases intermediate data handling and repeated op-
toelectronic processing, which in turn contributes to higher power
consumption and additional latency. Moreover, optical-to-electrical
conversion and off-chip data communication further reduce over-
all system efficiency.
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To alleviate these bottlenecks, in-sensor computing has emerged
as a promising paradigm that brings computation closer to, or di-
rectly into, the sensing front end (12-15). By performing partial
data processing near or at the sensor, in-sensor computing reduces
off-chip data movement and mitigates the redundancy inherent in
raw spectral readout (16-19). Co-locating sensing and computation
suppress redundant data generation at the source, thereby lowering
power consumption and end-to-end latency while improving over-
all system efficiency

In parallel, recent advances in integrated photonic computing have
enabled high-speed computing using microring resonator (MRR)
based weight banks (20-24), crossbar array (25-27), reconfigurable
waveguide meshes (28-30), cascaded Mach-Zehnder interferometer
(MZI) arrays (31-33) and diffractive optics (34-36). Recent works
have demonstrated end-to-end photonic neural network inference by
implementing both linear transformations and nonlinear activations
directly in the optical domain (37, 38). It should be noted that this use
of “end-to-end” refers to direct optical inference/computing, which is
distinct from end-to-end optimization strategies that jointly optimize
photonic structures and reconstruction algorithms at the system level
(39). However, these photonic computing architectures are typically
developed independently of the sensing front end, resulting in a phys-
ical and functional separation between sensing and computation. This
separation limits the ability of photonic computing hardware to fully
exploit the advantages of in-sensor computing.

To address this gap, photonic in-sensor computing has recently
been explored to more tightly integrate photonic sensing and com-
putation. Existing demonstrations typically combine photodetec-
tors with analog or digital electronic circuits to perform in-sensor
processing (40-42). More recently, photonic sensitizers have been
integrated with photonic neural-network processors for multidi-
mensional light-field sensing, including intensity, polarization, and
wavelength decoupling (43). However, the monolithic integration of
a photonic waveguide sensor with task-specific photonic computing
for molecular absorption-based mixture analysis remains largely
unexplored. As a result, optical signals cannot be transformed in
a continuous, task-specific manner during acquisition, preventing
truly end-to-end optical in-sensor computing.
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Fig. 1. Concept of end-to-end photonic in-sensor computing system. (A) Conventional photonic sensor workflow. A tunable laser illuminates the photonic sensor at a
specific wavelength, where molecular absorption modulates the transmitted light. A PD records the corresponding intensity point-by-point, and the full spectrum is re-
constructed by repeating this process across wavelengths. The obtained spectrum is then transferred to electronic processors for further computation and decision mak-
ing. (B) End-to-end photonic in-sensor computing system. The proposed in-sensor computing chip integrates a photonic sensing layer with a programmable convolution
layer, followed by an optical nonlinear activation function implemented using an EDFA. The PD collects the final output for downstream decision making. Together, these
components form a fully optical computing pipeline that produces task-specific optical outputs directly during wavelength interrogation. The system can be used for

environmental monitoring, healthcare, and industrial sensing.

Here, we introduce an end-to-end all-optical in-sensor comput-
ing system based on photonic integrated circuits, that integrates a
photonic sensing front end with a MRR weight bank for linear opti-
cal processing as shown in Fig. 1B. By integrating a photonic sensor
and microring weight bank on the same chip, this architecture re-
duces the intermediate conversion and data movement compared
to traditional photonic sensor system. Rather than relying on the
conventional workflow of full spectral readout followed by optoelec-
tronic conversion and downstream digital processing, this system
performs sensing and computation simultaneously. This architecture
enables task-specific feature extraction and data compression directly
during light-matter interaction. By effectively executing the neural-
network inference in the optical domain before any electronic storage
occurs, the system inherently reduces intermediate data movement
and avoids redundant signal-processing steps. In this way, the pro-
posed architecture highlights a sensor-computing co-design para-
digm in which measurement and computation are directly coupled in
the optical domain on the same chip. To further support end-to-end
operation, nonlinear activation is implemented using an erbium-
doped fiber amplifier (EDFA) as a proof-of-principle optical-domain
component in the present system. This architecture achieves a classi-
fication accuracy of 94.2% across 27 classes of chemical mixtures and
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enables concentration prediction for the mixed analytes. Compared
with conventional photonic sensing systems, the proposed end-to-
end in-sensor computing system reduces latency by a factor of 4.48
and energy consumption by a factor of 11.47. By eliminating the tra-
ditional separation between measurement and computation, this all-
optical end-to-end processing framework provides a compact and
energy-efficient pathway toward real-time intelligent photonic sens-
ing for next-generation edge-computing applications.

RESULTS

Detailed working principle

The detailed working principle of the end-to-end photonic in-sensor
computing system is illustrated in Fig. 2. As shown in Fig. 2A, the la-
ser module consists of four tunable lasers whose wavelength ranges
are selected according to the sensing requirements. The outputs of the
four lasers are combined into a single optical path through an optical
combiner and injected into the chip. The multiplexed light propagates
through the rib waveguide sensor, whose cross section is shown in
fig. S1. The evanescent field of the guided mode interacts with the
liquid mixture in the sensing chamber, and wavelength-dependent
molecular absorption modulates the transmitted intensities through
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Fig. 2. Working principle of the end-to-end photonic in-sensor computing chip. (A) Implementation of the end-to-end in-sensor computing framework. The pho-
tonic sensor loads the optical signal input, after which a microring weight bank performs the linear convolution operation. The EDFA provides nonlinear activation
through gain saturation, and the PD performs final readout and summation. (B) Operation within a single time slot. Four lasers emit light at four different wavelengths
simultaneously. After propagating through the photonic sensor, the multiplexed signals enter the microring weight bank, where wavelength-dependent weighting is
applied according to the pretrained neural network kernel. The signals then pass through the nonlinear activation and summation stages. (C) Evolution of signal intensity.
Initially, each wavelength has an input intensity xo. Molecular absorption in the sensing region modifies the transmitted intensity to x;. The MRR-based convolution further
transforms the intensity profile, and final nonlinear activation and summation are performed at the PD output. (D) Photograph of the packaged photonic in-sensor com-

puting chip. (E) Zoom-in view of the chip region showing the sensing interface and integrated components.

vibrational overtone transitions in the near-infrared region (44-47).
These intensity variations encode the spectral fingerprint of the ana-
lyte, enabling the photonic sensor to directly load the optical input
signal x; at wavelength A, for subsequent in-sensor computation. In
our demonstration, four optical signals are generated that go into the
following computing parts. Following the sensing stage, a microring
weight bank performs the linear convolution operation. Each MRR
provides a wavelength-specific transmission weight determined by
the pretrained neural-network kernel. Since four wavelengths propa-
gate in each optical path, four MRRs contribute to one kernel opera-
tion, and a total of 16 MRRs are tuned for the four rows in the
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network. Voltage control adjusts the resonance condition of each
MRR, thereby implementing the linear weighted sum Y, x,w;. After
the linear operation, the weighted optical signal passes through an
EDFA. The gain saturation of the erbium ions introduces a nonlinear
response, as characterized in fig. S2. Together, the EDFA and the PD
provide nonlinear activation and summation, generating the final
processed output.

To illustrate the time-domain operation of the system, Fig. 2B
shows the optical inputs at successive time slots. At time slot 1, four
wavelengths, A, A,,A5,and A4, are injected into the chip. As these
wavelengths propagate through the photonic waveguide sensor filled
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with a liquid mixture, wavelength-dependent molecular absorption
modifies their optical intensities, with each wavelength experienc-
ing a distinct attenuation. The sensor-modulated optical signals are
then routed to the computing unit, where the microring weight
bank is programmed with the corresponding pretrained kernel val-
ues, followed by nonlinear activation and summation. In the follow-
ing time slot, the tunable lasers switch to a new wavelength set while
the MRR weights are simultaneously updated according to the pre-
trained kernel. By scanning successive wavelength sets across the
target spectral range, the time-multiplexed operation completes the
in-sensor computation.

The evolution of optical intensity through the sensing and com-
puting stages is illustrated in Fig. 2C. For the wavelength channels 3,
to A4, each optical signal starts with an initial intensity x; and is first
attenuated to x;, x,, x; and x, by wavelength-dependent absorption
in the photonic sensor. The optical signals after sensing then un-
dergo linear weighting and nonlinear transformation through the
microring weight bank and the nonlinear activation stage. The mi-
croring weight bank performs the convolution operation, yielding
an output of Z;; x;w;, in which four spectral data points are com-
pressed into a single output value. By employing four parallel rows
of microring weight banks, the system simultaneously implements
four convolution kernels, producing the final output intensities after
nonlinear activation. At subsequent time slots, the system operates
on successive wavelength sets A;, A, Ay, and A, generating the corre-
sponding sensor-modulated intensities x;, x;, x;, and x;. After the
full wavelength scan is completed, the in-sensor computing chip
outputs the final computing results, thereby completing the end-to-
end in-sensor computation.

A photograph of the packaged photonic in-sensor computing chip
is shown in Fig. 2D. A polydimethylsiloxane (PDMS) chamber is
bonded onto the chip and serves as the liquid chamber. The liquid
chamber has a length of 2.1 mm, and the fabrication steps are detailed
in fig. S3. A zoomed-in view of the device is presented in Fig. 2E,
showing the monolithic integration of the photonic sensor and the
microring weight bank on the same chip. Wire bonding is employed
to supply external voltages for MRR tuning. A fiber array is used as
the optical input/output interface to deliver the optical signals and
collect the processed outputs.

The computing module of the in-sensor computing chip is fabri-
cated using a standard 220-nm silicon-on-insulator (SOI) photonic
integration process. A dry etching process is used to define the win-
dow region, followed by wet etching to ensure complete exposure of
the silicon waveguide.

Sensor performance
After introducing the working principle, experiments were conduct-
ed to evaluate the feasibility of the proposed in-sensor computing
chip for detecting different organic analytes in water using the pho-
tonic in-sensor computing system. Isopropyl alcohol (IPA), acetone,
and ethanol were selected as representative targets because they are
widely used industrial solvents whose high volatility and flammabil-
ity pose substantial safety risks. Even at low concentrations, these
solvents can rapidly generate hazardous vapor levels, making ac-
curate and real-time detection essential for chemical safety and
leak monitoring.

Photonic waveguide sensors can be broadly categorized based on
whether they rely on changes in the real part (An) or the imaginary
part (Ak) of the refractive index (9). In this work, Ak-based sensing
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mechanism is used, where the spectral response arises from the in-
trinsic absorption characteristics of the analytes interacting with the
evanescent field of the waveguide. Figure 3A shows the chemical
sensing setup, comprising a syringe pump for precise liquid delivery
and a PD for optical signal acquisition. The sensor output is divided
into two paths by an on-chip splitter, with one path used for signal
monitoring to obtain training data for the neural network and the
other directed to the computing module of the photonic in-sensor
computing chip as shown in the fig. S4. The length of the waveguide
sensor is 1.5 mm. The insertion loss of this waveguide sensor is
2.666 dB after cladding opening processing. Figure 3B presents the
dynamic monitoring results of ethanol at different concentrations in
water measured at a wavelength of 1550 nm. As the ethanol concen-
tration increases, the transmitted optical intensity correspondingly
increases, consistent with the expected absorption behavior of the lig-
uid mixture. The time-trace signals exhibit excellent stability and re-
peatability, demonstrating the robustness of the photonic in-sensor
computing chip under continuous operation. The dynamic responses
of acetone and IPA measured at 1550 nm are provided in fig. S5.

Based on these real-time monitoring results and according to
the Beer-Lambert law, the optical intensity after transmission can
be described as

I analyte

T= = exp(—al'LC) (1)

Iref
where T is the transmittance of the optical path, I, .. represents
the optical intensity measured in the presence of the analyte, and I,
represents the reference intensity. Here I taken as the intensity
measured in pure water. I is the external confinement factor, a is the
absorption coefficient of the analyte, and L is the physical length of
the waveguide sensing region.

In our case, because the reference medium is water, we evaluate
the absorbance difference between pure water and the analyte solu-
tion. The change in absorbance, AAbsorbance, as a function of ana-
lyte concentration is calculated as

Ianalyte
; ) @)

water

AAbsorbance= ((xanalyte - (xwater)FLCanulyte X lge = _lg <

The extracted AAbsorbance values for the three analytes, together
with their corresponding linear fits, are shown in Fig. 3, C to E. All
three analytes exhibit excellent linearity with coefficients of deter-
mination R? > 0.98, confirming the good linear response of the
photonic sensor part in in-sensor computing platform. Because ace-
tone has a lower absorption than water at the measured wavelength,
its fitted slope is negative, in contrast to the positive sensitivity ob-
served for IPA and ethanol.

To evaluate the limit of detection (LoD), we characterize the
noise level of the system under illumination. Based on the measured
noise and the linear calibration curves, which is shown in fig. S6, the
LoDs for IPA, acetone, and ethanol in water are estimated to be 6.6,
5.1, and 9.8 vol%. The details are shown in text S6. Building upon
the successful validation of photonic sensor part in photonic in-
sensor computing chips for single-analyte chemical sensing, we next
investigate its capability for liquid-mixture analysis, which represents
one of the most common sensing scenarios in practical environ-
ments. To emulate complex mixture conditions, we prepare ternary
solutions composed of IPA, acetone, and ethanol in water, yielding a
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total of 27 distinct mixing ratios. Each component was tested at three
concentration levels: 0%, 16.5%, and 33%. The intermediate concen-
tration of 16.5% was selected as approximately half of the maximum
concentration, allowing uniform sampling of low, medium, and high
concentration regimes. For each mixture, the tunable laser is swept
from 1530 nm to 1560 nm, generating 30 spectra per mixture class.
In total, 27 X 30 spectra are collected to construct the mixture-
spectrum dataset. With a tuning step of 20 p.m., each spectrum con-
tains 1501 wavelength-dependent data points. To better match the
input dimension of the in-sensor computing chip, the spectral data
were down-sampled to 41 wavelength points for machine-learning
training. To minimize the influence of experimental instabilities, we
additionally acquire reference spectra during pure-water injection
between successive mixture measurements. This procedure helps
suppress slow-varying background noise and enhances the reliabil-
ity of the dataset. Each mixture spectrum is normalized using the
nearest-in-time water reference spectrum to suppress slow-varying
experimental drift. For visualization, one representative spectrum
from each mixture class is randomly selected, as shown in Fig. 3F.

A major challenge in distinguishing these mixtures arises from
the high chemical similarity among IPA, ethanol, and acetone. These
analytes share similar functional groups and exhibit closely overlap-
ping absorption features within the measured wavelength range,
making reliable discrimination particularly difficult. To address
these challenges, a convolutional neural network (CNN) with strong
pattern-recognition capability is introduced for mixture-spectrum
classification. The architecture of the constructed CNN is shown
in Fig. 3G, consisting of three convolution layers followed by two
fully connected layers. For each mixture class, 21 spectra are used
for training, 2 for validation, and the remaining 7 spectra for testing.
CNN can effectively learn multi-dimensional spectral information
that is not accessible in single-wavelength sensing. The per-class
testing accuracy is summarized in Fig. 3G, and an overall accuracy
of 98.41% is achieved using a digital CNN on a PC for distinguish-
ing 27 mixture classes, demonstrating the strong capability of the
sensor parts in this end-to-end in-sensor computing system frame-
work for complex liquid-mixture analysis, further confirming the
robustness of the trained model and the consistency of the on-chip
in-sensor computing.

Computing performance

After validating the performance of the sensing part, the computing
part of the in-sensor computing chip is also characterized. The com-
puting module occupies a compact footprint of 2.6 mm by 2.0 mm
and incorporates a 4 by 4 microring weight bank that forms the core
of the in-sensor computing system. Each MRR is thermally tunable
and integrated with TiN microheaters, serving as the computational
control element that enables precise resonance tuning for accu-
rate linear weighting. The insertion loss of the MRR weight bank is
1.03 dB, which is shown in fig. S7.

Precise control of microring weight bank is achieved using a mul-
tiport voltage driver equipped with a high-resolution 16-bit digital-
to-analog converter, allowing fine tuning of programmable voltage.
To ensure operational stability, the chip is mounted on a thermoelec-
tric cooler (TEC) to suppress thermal drift during computation. A
temperature sensor attached to the TEC provides real-time tempera-
ture feedback, and a closed-loop temperature controller is employed
to maintain a stable operating temperature. Figure 4A shows the
transmission spectrum of a representative MRR. As the heater voltage
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increases, due to the thermo-optic effect, the refractive index of wave-
guide is changed. So, the resonance condition of the MRR changes,
causing its resonant wavelength to shift accordingly. The quantitative
relationship between the applied voltage and the resonance wave-
length shift is provided in fig. S8.

To perform multiplexed operations, when a fixed-wavelength la-
ser with input intensity x; passes through the MRR, tuning the heat-
er voltage modulates the optical transmission to a weight w; at that
wavelength. This mechanism implements the optical equivalent of a
multiplication operation between the input intensity x;and the cor-
responding synaptic weight w;. When four wavelengths are simulta-
neously injected, each wavelength is assigned to a dedicated MRR
within the weight bank. By independently tuning the four MRRs,
the transmission of each wavelength channel is weighted according
to its corresponding synaptic value. As a result, the output of the
weight bank realizes the linear weighted summation ),x;w;, which
constitutes the core linear operation of the photonic in-sensor com-
puting architecture. The computational performance of the photon-
ic computing module is validated through an optical multiplication
experiment. As shown in Fig. 4B, the measured results closely match
the exact theoretical outputs. The standard deviation of the residual
error is 0.0118, corresponding to a computational precision of ap-
proximately 6.4 bits. A Gaussian fit of the error distribution yields a
mean error of 0.0001, as illustrated in Fig. 4C, confirming the high
fidelity of the MRR-based linear operations implemented in the in-
sensor computing chip. To evaluate the convolutional computing
capability of the photonic computing module, a proof-of-concept
experiment was performed using the letter @ from the A*STAR
logo as a standard test input. The overall experimental setup is il-
lustrated in Fig. 4D. In this demonstration, a 4 by 4 MRR array was
configured to load the weights of four 2 by 2 convolutional kernels.
The input image, a 96 by 96 grayscale frame, was first flattened into
a one-dimensional vector. To enable high-speed operation, a paral-
lel data-loading strategy was employed where every four consecutive
elements of the vector were grouped and encoded onto an electro-
optic modulator (EOM) operating at 1.25 GHz. The detailed look-up
table for the EOM is shown in fig. S9. This strategy allows the serial-
ized data stream to be synchronously injected into the photonic com-
puting module.

Within the photonic computing part, each MRR was programmed
to represent a single weight element of the convolution kernel. The
encoded input signals were routed through the pass-through port,
where multiplication-and-accumulation (MAC) operations were ex-
ecuted along each row of the MRR array. The resulting convolution
outputs were collected at the drop port and detected by a PD for
downstream analysis.

Four Prewitt filters were implemented to evaluate how different
convolutional kernels extract directional edge features. These filters
extract horizontal and vertical edge features, enabling a clear eval-
uation of the photonic processor’s response to distinct convolu-
tion operators. Figure 4E compares the ideal convolution results
with the experimentally measured outputs, showing strong agree-
ment. Figure 4F presents the corresponding edge maps generated by
representative kernels, validating that the photonic computing mod-
ule can successfully perform parallel convolutional operations with-
in an optoelectronic system.

To evaluate the computing speed of the photonic computing mod-
ule in the in-sensor computing system, throughput is used as the per-
formance metric. Throughput is defined as the number of operations
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Fig. 4. Characterization of computing performance. (A) The transmission spectra of the MRR array. Different voltages are applied to the one MRR. Similar results can be
obtained when the voltage is applied to other MRRs. (B) Measured scalar multiplication results versus exact results. (C) A histogram of computational error calculated by
subtracting the measured scalar multiplication from the exact. The histogram is fitted by a Gaussian distribution (red solid curve). SD standard deviation. (D) Experimental
setup of the photonic in-sensor computing chip for performing convolutional operations. (E) Experimental results during the image convolution result. (F) Corresponding

convolution image results.

per second (OPS) performed by the processor. The throughput of
photonic computing hardware can be calculated using Eq. 3 (32)

T(OPS)=2mxN?xr (3)

here, T represents the computational throughput in OPS, m is the
number of computing layers implemented by the photonic hard-
ware, N? represents the size of the on-chip weight bank, and r is
the detection rate of the PD. In the proposed end-to-end photonic
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in-sensor computing system, MAC operations are naturally execut-
ed by the photonic hardware and are treated as fundamental com-
puting operations. The detection rate r = 1.25GHz is obtained from
real-time experimental operation of the end-to-end photonic in-
sensor computing system, rather than a projected or theoretical
value. With a 4 by 4 weight bank, the computing module achieves a
throughput of 40 GOPS. To synchronize the four high-speed signal
paths and compensate for their phase differences, a trigger pulse is
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inserted at the beginning of the data stream. To keep the weight sta-
ble and away from the thermal drift, the DC component of the PD
output is used as a feedback signal for weight update via a calibration-
free negative-feedback algorithm (48), while the AC component is
simultaneously used for high-speed data acquisition and inference,
as illustrated in text S10. This separation of DC and AC signals en-
ables real-time hardware-level weight optimization without inter-
rupting the computing process, allowing the photonic sensor and
computing module to be trained and evaluated directly in the end-
to-end system. To further assess long-term stability, a cross-day drift
test is conducted to evaluate reliability. The system is monitored over
50,000 s, and the results are presented in fig. SI1A. A Gaussian fit is
applied to the measured data in fig. S11B.

In-sensor computing performance

Following the individual characterization of the photonic sensing and
computing modules, we evaluated the complete end-to-end in-sensor
computing system, in which spectral sensing, optical weighting, non-
linear activation, and final readout are performed in a synchronized
workflow. Four lasers generate four distinct wavelengths, which are
combined off-chip and coupled into the in-sensor computing chip via
a fiber array and on-chip grating couplers. The photonic sensor, a
1 by 4 splitter, and a4 by 4 MRR weight bank are monolithically in-
tegrated on the same chip. After coupling into the chip, the four wave-
lengths propagate through the photonic waveguide sensor, where
molecular absorption modulates their intensity. The 1 by 4 splitter
then distributes the signal evenly into four optical paths, which are
subsequently processed by the microring weight bank. The weighted
signals are routed to the nonlinear activation and summation stage to
complete the in-sensor computing process.

The overall propagation and component loss of the end-to-end
photonic in-sensor computing chip is estimated to be approximately
16.8 dB, excluding the splitter loss. Including the ideal 6 dB splitting
loss from the two cascaded Y-splitters, the effective loss for each wave-
length channel is approximately 22.8 dB. Under an input laser power
of 10 dBm for each wavelength channel, the optical power delivered to
the oft-chip EDFA-based nonlinear activation module remains within
its operating range. The detailed optical loss budget and output power
estimation are provided in text S11. Figure 5A presents the measured
transmission spectrum of a 10% IPA solution, providing a representa-
tive example of the optical signal before in-sensor computing. A
wavelength range of 1530-1560 nm is employed, yielding 41 data
points per spectrum. During operation, each laser is tuned by 0.75 nm
between successive time slots, enabling sequential acquisition of
the spectral components. The resulting outputs after convolution and
nonlinear activation are shown in Fig. 5B. To improve both the com-
putational accuracy and the energy efficiency of microring weight
bank when applying the kernel values to the microring weight bank, a
hardware-aware regularization term is introduced into the loss func-
tion during training (49), which can be expressed as

L=f(y.y)+al| W—1] (4)

where L is the defined loss function, f ( y,j?) is the cross-entropy loss,
y is the neural network output, ¥ is the target label. « is the regulariza-
tion coefficient, and|| W — 1 ||2is the regularization to make the W as
close to 1. This regularization encourages the trained weights to ap-
proach 1. In this operating region, the MRR transfer function exhibits
minimal sensitivity to temperature-induced resonance drift, lead-
ing to significantly reduced weight fluctuations. Meanwhile, weights
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close to unity require nearly zero tuning power and provide a higher
signal-to-noise ratio at the PD output. As a result, the proposed loss
function simultaneously enhances robustness, reduces power con-
sumption, and improves overall inference accuracy. The kernel val-
ues are illustrated in Fig. 5C.

These convolutional kernels are initially obtained through offline
training based on the photonic sensor characterization data and are
first loaded onto the microring weight bank. The look-up table for one
ring in the microring weight bank is shown in Fig. 5D. Nonlinear acti-
vation is implemented using an EDFA, whose wavelength-dependent
and power-dependent gain saturation provides a tunable nonlinear
response. The extracted nonlinear activation function used in the neu-
ral network is shown in Fig. 5E, derived from the EDFA look-up table.
Additional experiments were performed to demonstrate the impor-
tance of EDFA-induced nonlinearity in the in-sensor computing sys-
tem. The corresponding training accuracy and loss curves are shown
in Fig. 5F. With nonlinear activation enabled, the testing accuracy
reaches 94.2%, whereas removing the nonlinear activation reduces the
accuracy to approximately 88%. Incorporating optical nonlinearity not
only improves classification accuracy but also accelerates convergence,
highlighting its essential role in end-to-end in-sensor computing infer-
ence. The classification results for the liquid-mixture detection task are
summarized in Fig. 5G. Finally, the trained neural network is applied
to concentration prediction. Figure 5H presents the prediction results
for IPA, while the corresponding results for acetone and ethanol are
provided in fig. S13. Because the sensing and computing operations
before the final readout are performed in the optical domain, interme-
diate optoelectronic conversion and digital post-processing are avoid-
ed. This architecture fully exploits the inherent advantages of photonic
computing, including high computational speed and low power con-
sumption. Compared with conventional photonic sensing systems, the
proposed end-to-end in-sensor computing system reduces latency by
a factor of 4.48 and energy consumption by a factor of 11.47. Detailed
comparisons are provided in text S13.

End-to-end in-sensor computing system for

industry application

Owing to its low power consumption and high data throughput, the
proposed end-to-end photonic in-sensor computing system is well
suited for industrial sensing applications, as illustrated in Fig. 6A. In
industrial environments, accidental liquid leakage may occur, and it
is often critical to rapidly determine whether the leaked substance is
a hazardous chemical or a benign liquid such as rainwater. The pho-
tonic in-sensor computing system can be deployed for this purpose,
as shown in Fig. 6B.

A simulated industrial environment was constructed to assess the
practical applicability of the end-to-end photonic in-sensor computing
system. Three representative chemical mixtures: 10% IPA, 50% IPA +
50% ethanol, and 100% ethanol, were used for real-time concentration
prediction. The original optical spectra of these mixtures are shown
in Fig. 6C. After processing by the photonic in-sensor computing sys-
tem, which incorporates both linear convolution and nonlinear activa-
tion, the transformed data are presented in Fig. 6D. The corresponding
concentration prediction results are shown in Fig. 6E. Real-time dem-
onstrations of the system are provided in Movies S1 to S3.

Identification of blind samples under perturbations
The performance of the proposed system was further evaluated us-
ing blind samples consisting of mono, binary, and ternary mixtures
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Fig. 5. In-sensor computing performance. (A) Spectrum for 10% IPA. (B) Data after convolution and nonlinear operation. (C) Pre-trained kernel. (D) 3D look-up table of
MRR array. (E) 3D look-up table of EDFA. (F) Loss and testing accuracy with or without EDFA. With the EDFA, the testing accuracy can achieve 94.2%. (G) Classification ac-
curacy with and without EDFA for different mixture classes. (H) Prediction of IPA through end-to-end in-sensor computing system.

of IPA, ethanol, and acetone at different concentration ratios. To
simulate a perturbed sensing environment, tap water is used as back-
ground interference. These blind samples were not included in the
training dataset. During the blind testing stage, a total of 27 samples
were tested. Their ground-truth concentrations were only used after
prediction to calculate the RMSE values. Therefore, all predictions
were performed without prior knowledge of the ground-truth values.
As shown in fig. S15, A and B, the system accurately identified all
blind samples, demonstrating reliable discrimination capability for
single-component analytes as well as binary and ternary mixtures
under perturbed conditions. The calculated RMSE values for ethanol,
acetone, and IPA were 2.00%, 1.32%, and 2.20%, respectively.

DISCUSSION
In summary, we demonstrate an end-to-end photonic in-sensor com-
puting system that combines the photonic sensor part and photonic

Xiao et al., Sci. Adv. 12, eaef8657 (2026) 21 August 2026

linear and nonlinear computing part entirely in the optical domain.
The photonic sensor and photonic linear computing part is integrated
in the same chip sharing the same CMOS fabrication. By performing
task-specific feature extraction and spectral compression directly in
the optical domain, this architecture reduces the redundancy;, latency,
and energy overheads inherent to conventional sequential sensing-
storage-then compute workflows. Compared with conventional pho-
tonic sensing systems, the proposed end-to-end in-sensor computing
system achieves a comparable classification accuracy of approximate-
ly 94%, while reducing inference latency by a factor of 4.48 and ener-
gy consumption by a factor of 11.47. Unlike prior photonic in-sensor
computing approaches that are limited to linear operations or rely on
optical-electrical-optical conversion to implement nonlinearity, our
system realizes fully optical inference before the final photodetection
readout synchronized with wavelength multiplexing. The experimen-
tal demonstrations in mixture classification and concentration pre-
diction validate the effectiveness of nonlinear optical activation in
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enhancing accuracy and convergence speed. This work establishes a
scalable paradigm for end-to-end photonic intelligence, offering a
general framework for low-power, high-throughput, and latency-
critical chemical sensing and analysis at the sensor edge.

Looking forward, continued advances in photonic integrated cir-
cuits will enable additional functions in the proposed end-to-end
photonic in-sensor computing system to be monolithically integrated
on chip, further reducing reliance on off-chip components. For ex-
ample, on-chip integration of the laser source and nonlinear elements
could substantially reduce power consumption and communication
latency compared with the current off-chip implementation (50, 51),
while also minimizing optical losses associated with fiber-to-chip cou-
pling (52). Future optimization of the sensing waveguide may further
improve system performance. For absorption-based sensing on SOI
platforms, properly engineered TM-polarized strip waveguides can
offer high sensing figures of merit by balancing modal overlap and
propagation loss (53). Further, the MRR calibration and program-
ming overhead could be further reduced in future implementations.
For example, the broadband absorption spectrum could be spectrally
separated by an arrayed waveguide grating and then weighted in par-
allel using electro-absorption modulators (54). Alternatively, a pro-
grammable waveshaper could directly impose wavelength-dependent
attenuation on different spectral bins (55). In these architectures,
the optical weights are defined by the fixed or programmed spectral
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transfer function rather than by sequentially aligning MRR resonanc-
es. Therefore, the weights can remain pre-defined for different spectral
channels as the sensing wavelength varies, avoiding sequential ring
tuning. In addition, more computing layers can be integrated to fur-
ther enhance the computational capacity for more complicated tasks.
With these developments, the proposed end-to-end photonic in-
sensor computing system provides a scalable and effective solution for
complex, multi-scenario sensing tasks in applications such as environ-
ment monitoring, healthcare and industrial sensing.

MATERIALS AND METHODS
Chip fabrication
The in-sensor computing chip was fabricated on a 220-nm silicon-on-
insulator (SOI) wafer with a 2-pm buried oxide (BOX) layer. Silicon
waveguides were patterned using standard lithography and reactive-
ion etching (RIE), enabling both fully etched and partially etched
structures to realize strip and rib geometries. TiN heaters were depos-
ited and patterned to provide thermal tuning of the MRRs, followed
by tungsten contacts and copper interconnects for electrical routing.
To expose the sensing region, the upper silica cladding above the
photonic waveguide sensor was selectively removed using an aniso-
tropic RIE step to define the sensing window, followed by an isotro-
pic vapor-phase hydrogen fluoride (HF) etch to fully clear the oxide.
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This process allows the guided optical mode’s evanescent field to
interact directly with the liquid analytes.

Experimental setup

Photonic sensor characterization

The photonic sensor characterization was conducted using a cus-
tomized near-infrared (NIR) fiber-optic alignment system. NIR
light from a tunable laser (Keysight 81960A) was coupled into NIR
optical fibers (FS OS2). A 6-axis manual alignment stage (Kouzu
GXMO7S) was used to align the chip with the optical fiber arrays,
ensuring efficient coupling of NIR light into the photonic waveguide
and transmission to the output fiber. The output spectrum was mea-
sured by a power meter (Keysight 81636B), synchronized with the
tunable laser source.

Photonic computing characterization

Photonic computing experiments were carried out using a tunable
laser source (Cobrite DX) providing four independently tunable
output channels. Each laser output was coupled into a near-infrared
single-mode fiber (FS OS2) and passed through a polarization con-
troller (Thorlabs FPC564) to ensure proper polarization alignment.
The optical signals were then modulated by four electro-optic mod-
ulators (Optilab IM-1550-10-B), with one modulator assigned to
each wavelength channel, followed by another polarization control-
ler to make the polarization suitable for the grating coupler. The four
modulated optical channels were subsequently combined using a
fiber-based photonic combiner and coupled into the in-sensor com-
puting chip via a fiber array for optical computation. After on-chip
sensing and linear computing, the output signals were collected by a
fiber array and detected using a photodetector (Newport 1811-FC)
to measure the computing results.

Photonic in-sensor computing characterization

Photonic in-sensor computing experiments were performed using
four tunable laser sources (Cobrite DX). Each laser output was cou-
pled into near-infrared single-mode fibers (FS OS2) and passed
through a polarization controller (Thorlabs FPC564) to ensure opti-
mal polarization alignment. The four optical channels were subse-
quently routed through a variable optical attenuator (VOA) array to
balance the input power levels before being combined by a photonic
fiber-based combiner. The multiplexed signals were then coupled
into the in-sensor computing chip via a fiber array. After on-chip
sensing and computing, the output signals were collected by an out-
put fiber array and amplified using an erbium-doped fiber amplifier
(Thorlabs EDFA100P), followed by detection with a photodetector
(Newport 1811-FC) to measure the output power.
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