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Integrated lithium niobate photonic
computing circuit based on efficient and
high-speed electro-optic conversion
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The surge in artificial intelligence applications calls for scalable, high-speed,
and low-energy computation methods. Computing with photons is promising
due to the intrinsic parallelism, high bandwidth, and low latency of photons.
However, current photonic computing architectures are limited by the speed
and energy consumption associated with electronic-to-optical data transfer,
i.e., electro-optic conversion. Here, we demonstrate a thin-film lithium niobate
(TFLN) computing circuit that addresses this challenge, leveraging both highly
efficient electro-optic modulation and the spatial scalability of TFLN photo-
nics. Our circuit is capable of computing at 43.8 GOPS/channel while con-
suming 0.0576 pJ/OP, and we demonstrate various inference tasks with high
accuracy, including the classification of binary data and complex images.
Heightening the integration level, we show another TFLN computing circuit
that is combined with a hybrid-integrated distributed-feedback laser and
heterogeneous-integrated modified uni-traveling carrier photodiode. Our
results show that the TFLN photonic platform holds promise to complement
silicon photonics and diffractive optics for photonic computing, with exten-
sions to ultrafast signal processing and ranging.

The desire for intelligent systems capable of autonomous learning,
reasoning, and adaptation has fueled significant advancements in
artificial intelligence (AI), transforming various application landscapes.
As the demand for computational resources rapidly grows, traditional
electronic computing approaches for AI are reaching their inherent
limits in speed and energy efficiency for parallel processing. This lim-
itation has stimulated the exploration of novel computing archi-
tectures employing different computational paradigms1–3. One
example is photonic computing4–9, which uses photons to perform
computational tasks traditionally executed by electronic systems.

Since photons possess unique properties such as high bandwidth
enabled by high optical carrier frequencies and inherent parallelism
leveraging both the frequency and polarization degrees of freedom,
photonic systems have been shown to be capable of computing at
unprecedented speeds and energy efficiencies10–15.

Driven by these advantages, as well as the rapid development of
integrated photonics as a field, photonic computing has emerged as a
promising solution for realizing next-generation computing accel-
erators. Demonstrations using Mach-Zehnder interferometer
arrays4,16–18, free space optics5,9,19–21, silicon photonics with on-chip
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attenuators, photodetectors, and ring banks8,22–24, VCSELs with free
space optics25, as well as parallel processors utilizing frequency
multiplexing6,7,26,27 and phase change materials7,28,29, showcase the
versatility and potential of the photonics approach. Despite these
advances, a critical challenge persists. Low speed and high energy
consumption are typically associated with the electro-optic (EO) con-
version of data from electronic memory into the optical domain15,30.
However, such EO conversion is unavoidable, as themajority of data is
stored and processed electronically. Current approaches utilizing
variable attenuators or fast EO modulators6,7,16–18,22–25,27–29,31, typically
implemented in silicon photonics or bulk systems, are capable of
preparing data at rates ranging from the kHz toGHzbut areplaguedby
high electronic energy consumption and optical losses. Alternatively,
approaches using static amplitude masks or spatial light modulators
canbemoreenergy efficient yet suffer from low refresh rates5,8,9,19–21. As
a result, EO conversion remains the most crucial hurdle for practical
implementations of photonic computing in real-world applications.
Ultimately, high-performance EOmodulation is necessary to achieve a
high optical data rate that can match the low optical latency while
simultaneouslymaintaining a low energy budget. However, a photonic
accelerator that combines high-speed processing with low energy
consumption, addressing the challenges faced by traditional EO con-
version, is still missing.

Here, we demonstrate high-speed and energy-efficient photonic
computation, leveraging the EO effect in a thin-film lithium niobate
(TFLN) photonic circuit32,33. Recent progress in the TFLN platform has
enabled development of groundbreaking EO devices including
modulators34–36, frequency shifters37, and comb generators38,39, among
others. The capabilities of thesedevices stem from the strong EOeffect
and are facilitated by the tight confinement of both optical and elec-
tronic modes as well as low propagation loss40. By seamlessly inte-
grating these high-performance EO devices into an optimized large-
scale photonic circuit, we build a TFLN computing accelerator that
performs matrix-vector-multiplication (MVM) operations and addres-
ses the speed and power limitations of current computing archi-
tectures. Complementary to recent demonstrations of TFLN-based
optical neural networks41,42, our approach features a high level of
component integration as well as a demonstration of a functional
integrated EO circuit with a hybrid-integrated laser source and
heterogeneous-integrated fast III-V photodiode. This advance repre-
sents an important step towards compact, large-scale TFLN-based
photonic circuits enhanced by integrated EO conversion, including,
but not limited to, photonic computing.

Results
Accelerator architecture
The accelerator imprints electronic data onto the optical domain by
modulating optical amplitudes, performs computations of the data
through successive EO modulation, and returns the result back to the
electrical domain through optical-to-electronic conversion (Fig. 1a).
This workflow is implemented using two high-performance TFLN
amplitude modulators connected in series, and photonic advantage is
achieved through massively parallel multiplexing in the time domain.
In the context of fully-connected deep neural networks (DNNs), where
MVMoperations for data inference is crucial, an input data vectormay
be encoded onto the amplitude of light by the first TFLN amplitude
modulator. The data-modulated light is then fanned-out into distinct
spatial channels, each channel subsequently mapping a machine-
learned weight vector onto the data vector using a second TFLN
amplitude modulator. The intensity of light passing through both
modulators is thus proportional to the product of signals applied to
eachmodulator, which amounts tomultiplication of the weight vector
with the data vector. This intensity is detected using a photodetector
and summed electronically, converting the result back into the elec-
trical domain.

Photonic computing circuit implementation on TFLN
Todemonstrate the proposed computing core, wedesigned individual
photonic-integrated components and combined them into a single
TFLN circuit. Our accelerator contains M =2 computing cores, each
with N = 16 channels realized by a spatial fan-out. Multiplication is
established owing to the large set of synchronously-functional EO
modulators. In practice, one modulator failed during the fabrication
process. Further, numerous passive optical elements (e.g. 17× 2 grat-
ing couplers, and 15× 2 Y-splitters for fan-out splitter trees) are fabri-
cated through high-quality, direct dry etching of TFLN, and smooth
waveguide sidewalls over the entire circuit lead to a low optical pro-
pagation loss of 0.28 dB/cm, achieved by optimizing the reactive
ion etching process (Fig. 2d). Low optical propagation loss critically
enables a large-scale TFLN circuit such as ours, as well as energy-
efficiency through a one-to-sixteen fan-out splitter tree with
added insertion losses of 0.135 dB per channel. The microwave circuit
for modulation is accomplished using two layers of gold
(heights labeled by h1 and h2 in Fig. 2e) with nickel-chromium (NiCr)
resistors (Fig. 2e). The bottom layer of gold is required for efficient
modulation and direct-current (DC) tunability, while the top layer
interfaces with resistors. The use of NiCr ensures high-resistance ter-
minators with high-power handling ability and minimal feature size
(Fig. 2f). Each 1-cm long modulator features >40GHz bandwidth
(limited by the 40-GHz detector used), >20 dB microwave reflection
suppression, switching voltage to modulator length product (Vπ � L)
� 2:2V � cm, and >20 dB extinction ratio (Fig. 2g, h). We note that the
variations in modulator electrical properties are minimal and do not
compromise their EO conversion ability, as evaluated in the following
section.

High-speed and energy-efficient photonic computing on TFLN
We first demonstrate high-speed vector operations with low energy
consumption (Fig. 3a). For generality, we generate as data and weight
vectors two random lists of length 1,000. Both vectors are encoded
into the timedomainat a rate r =43.8GOPSper channel andmultiplied
after light passes through the data and weight modulators. We note
that the vectors are first converted from digital to analog using a high-
speed arbitrary waveform generator, and these electronic signals are
delivered to the modulators via contact probes. The twice-modulated
optical signal, which represents the multiplication result, is detected
by a photodetector and digitized using a high-speed oscilloscope.
Direct electronic integration of the sampled time traces gives the
photonic dot products, and comparison with expected values allows
for assessment of computational accuracy per channel (Fig. 3b and see
Supplementary information for details). Slight variations in accuracy
are likely due to the passive components in each channel, such as
input-output coupling and optical path length differences between
channels. Furthermore, the time traces are symbol-wise in good
agreement with expectation, confirming the high computational
speed per channel of our circuit (Fig. 3c). We evaluate the channel by
channel performance of the computing core and find that this com-
putational speed (43.8 GOPS/channel) is well maintained. Operating at
this speed, we then evaluate the energy consumption while simulta-
neously assessing computational accuracy under varying optical
power conditions. Our experiments reveal a minimum energy con-
sumption of 0.0576 pJ/OP, demonstrating robust computational
accuracy with high energy efficiency for the computing circuit (Fig. 3d
and see “Computational accuracy” in Supplementary information for
details). This assessment includes energy consumption of the pump
laser, microwave energy dissipated by the modulators and detectors,
as well as other related components (see Methods and “System
characterization: speed and energy consumption calculations” in
Supplementary information for details). Altogether, our results con-
firm the high-speed and energy-efficient multiplication of generalized
vectors using the TFLN computing system.
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Inference tasks
We utilize the TFLN circuit to perform computation required by real
algorithms. First, we tackle a simple binary classification problem (Fig. 4)
over points lying in a two-dimensional plane labeled by “exclusive-or”

rule. One such data point~x =
x1
x2

� �
is input into the circuit for a small

number of computing operations to be carried out, and nonlinear acti-
vation via an electronic computer is used to obtain the label. The sign of
the label indicates the category of the data point inferred by photonics
(Fig. 4a). A total of400datapoints is tested,with theclassification results
shown in the 2D plane (Fig. 4b), achieving an overall accuracy of 93.8%
(93.5% on the electronic computer). Further analysis histograms reveal
an accuracy of 98.6% (99.1% on the electronic computer) for data points
withpositive ground truth and88.4% (87.3%on the electronic computer)
for data points with negative ground truth (Fig. 4c). The photonic
computing system is thus effective for performing binary classification
tasks, supported by the agreement in its classification accuracies with
those achieved by traditional electronic computers.

Next, we apply the photonic accelerator to a handwritten digit
classification problem over the Modified National Institute of Stan-
dards and Technology (MNIST) dataset43. A two-layer feedforward
model is chosen to perform the classification (Fig. 5a), with input
vectors of size 784 temporally encoded in layer 1, and 10 neurons in
layer 2. These input vectors undergo photonic MVM processing fol-
lowed by electronic softmax activations. Photonic and electronic
confusion matrices (Fig. 5b) generated over a 500-image test set
indicate that our circuit can efficiently perform computing operations
for machine learning inference, as the circuit achieves a classification
accuracy of 88%, compared to 92% obtained from electronic com-
puting. In addition to binary classification, our results demonstrate the
versatility of our photonic computing system in handling various
models, including neural network tasks with vectors of arbitrarily long
length. Importantly, we also evaluated the system stability by running
identical computation tasks on the photonic circuit for over 20h,
without applying explicit temperature control or adjusting the input/
output light coupling to the chip. We observed good stability with a

Fig. 1 | Photonic computing accelerator on thin-film lithiumniobate. aConcept
of photonic computing accelerators. Data stored in the electronic system (e.g. a
computer) are sent to the photonic accelerator at high rates and are converted into
the optical domain. Parallel computations are then performed by the accelerator
and results are returned to the electronic system. b Illustration of the photonic
computing working principle. Continuous-wave light passes through two cascaded
amplitude modulators (AMs) which sequentially encode elements of~x and~a onto
the amplitude of light, effectively performing element-wise multiplication of the
two vectors. The components contributing to~x �~a are read out by optical-to-

electronic conversion using a low-noise and high-speed detector, and electronic
summation of these components finally yields~x �~a. c The vision for a fully inte-
grated computing core based on TFLN photonics, consisting of laser, detectors,
and TFLN modulators for high-speed and energy-efficient EO conversion and
computation. An input vector isfirst encoded in the timedomain of theopticalfield
through an amplitude modulator and then fanned-out into N spatial channels
(N = 16 in this figure) to leverage massive spatial parallelism. In each channel,
another amplitude modulator is used to multiply weights with the input vector.
Finally, detectors convert the multiplication results back into electronic signals.
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standard deviation in the error fluctuation of 0.04% (Fig. 5c and see
Supplementary information for details).

Finally, to assess the practical utility of our computing system in
solving real-world problems, we extend our demonstrations to image
classification over the Canadian Institute for Advanced Research 10-
class (CIFAR-10) dataset44. Images undergo preprocessing with a con-
volution layer, a step that could be directly mapped to MVMs and
performedwith the processor of thiswork, or acceleratedbycreating a
specialized photonic circuit for convolution operations. In our setup,
the circuit is used to propagate preprocessed images through the fully
connected layers of the convolutional neural network (CNN). The first
layer consists of an input vector of size 1,024 encoded in time, which is
subsequently transformed into an intermediate layerwith 128neurons,
and then a final output layer with 10 neurons representative of the ten

classes. We tested images in all 10 categories. Examples including
trucks, cats, birds, automobiles, frogs, deer, ships, airplanes, and
horses are presented, with accurate classification results (Fig. 5d). This
confirms our system’s potential for image recognition and analysis,
typically requiring large, multi-layer neural networks, since the correct
classification of one image requires a large amount of successive
computing operations.

Hybrid- and heterogenous-integrated TFLN photonic comput-
ing circuit
Next generation high-performance and low power consumption pho-
tonic computing circuits would feature lasers and detectors integrated
on TFLN chips, alongside active-EO and passive TFLN components.
Importantly, wafer-scale fabrication of TFLN (Fig. 6a) is ideally suited
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for the batch production of stand-alone optical computing cores
(Fig. 6b, c), and it would unlock significant potential for greater spatial
parallelism, in conjunction with the already demonstrated temporal-
multiplexing and efficient EO conversion characteristics unique to the
TFLN photonic computing platform.

As an important first step in this direction, we fabricated a TFLN
photonic computing accelerator chip with heightened degree of
integration but featuring a single spatial channel. Our chip consists of
active EO modulators and passive components (waveguides, Y-split-
ters, on-chip terminators, etc.), with the addition of bilayer-taper edge

couplers that are used for hybrid-integration of a distributed feedback
(DFB) laser source with the TFLN chip, and heterogeneous-integration
of a modified uni-traveling-carrier photodiode (MUTC-PD) evanes-
cently coupled to TFLN signal waveguides (Fig. 6d–h).We calibrate the
DFB laser power against injection current and find a lasing threshold of
about 50mA (Fig. 6i) with 0.25W/A slope efficiency. We also measure
theMUTC-PD dark current as function of bias voltage (Fig. 6j) and find
a low dark current of 2.7 nA when reverse biased at -2 V for high-speed
operation (see Methods and Supplementary information for further
details on DFB characterization and PD fabrication). Given these
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performances, we evaluate key performance metrics for computing,
such as high-speed and low energy consumption computations, by
operating the single spatial channel at a rate r = 10.33 GOPS (Fig. 6k)
and assessing the computational accuracy vs. various full-system
energy consumptions (Fig. 6l). We show high-fidelity encoding and
multiplication of pairs of random vectors, as well as computational
accuracies characterized by σ <0.5% across all energy consumptions
attempted. Here, the reduction in demonstrated data rate (compared
to previously demonstrated 43.8 GOPS per channel) is attributed to
imperfect on-chip termination resistance. The larger energy con-
sumptions overall (compared to previously demonstrated 0.0576 pJ/
OP) are mostly due to overdriving the laser source in our proof-of-
concept demonstration. We note that the DFB source operated just
above lasing threshold already provides more optical power than
needed for accurate computation utilizing a single spatial channel.

Discussion
In conclusion, our work presents a photonic computing acceleration
architecture on TFLN, capable of performing increasingly complex
algorithmic tasks, from binary classification, handwritten digit classi-
fication, to actual image classification. Testing larger datasets, com-
puting with models containing more parameters, and introducing
environmental disturbances during computation could further assess
the system’s performance. Unlike architectures designed for specific
applications such as convolution or vision-based tasks, ours is well
suited for general computing tasks. Our experimental demonstration
is enabled by a large scale, system-level TFLN circuit. Leveraging the
TFLN platform, we include the process of EO conversion in our
demonstration to achieve high speed and low energy consumption
photonic computing. This is made possible by increasing the scale of
TFLN integrationwhilemaintaining the highperformanceof individual
components. We then advance our system by fabricating on-chip
detectors and replacing the bench-top laser with DFB source butt-
coupled to our TFLN chip. Future improvements to enhance perfor-
mance metrics to match or exceed state-of-the-art photonic accel-
erators are straightforward: reduce the Vπ to 1 V36, increase the
bandwidth to 100GHz36,45,46, andminimize theoptical propagation loss
of waveguides to 0.03 dB/cm40,47, each of which has been previously
demonstrated in TFLN devices. State-of-the-art modulator designs
leveraging multi-layer capacitance loading and folded electrodes may
further improve the modulation efficiency per chip area, resulting in
compact EO modulator networks also featuring a high production

yield48–50. While these modulator advances are mainly driven by the
needs of optical communication technology, they can readily be
adopted in, and will have positive impact on, photonic computing
architectures such as ours. Transitioning the accelerator to visible
wavelengths may further reduce energy consumption as well as
improve scalability, leveraging sub-volt TFLN modulators51,52 that may
also be shorter in length. Utilizing the frequency degree-of-freedom
with TFLN soliton microcombs53 may extend applicability to photonic
convolution acceleration. Various optical packaging methods, includ-
ing photonicwirebonding54, can improve the stability of light coupling
to the chip, which may enable accurate computations even in the
presence of environmental disturbances. For a comprehensive con-
textualization against state-of-the-art electronic andphotonic systems,
as well as future projections in performance, see “System character-
ization: speed and energy consumption calculations” in Supplemen-
tary information.

It is worth noting that our approach to address the EO conversion
challenge in photonic computing is compatible with other photonic
accelerators. Thus, our work may motivate novel hybrid approaches
(e.g. combining TFLN EO conversion with free space optics) that
require high bandwidth and low power modulation for data encoding.
TFLN stands out as the most powerful platform for this task, owing
to its exceptional EO conversion capability, thus offering the potential
to overcome existing speed and energy bottlenecks in various optical
computation schemes. While we did not operate all channels of our
computing circuit simultaneously and only examined them separately,
due to limited testing equipment, the associated challenge of potential
crosstalk between adjacent TFLN modulators has recently been
experimentally shown to not play a role46. Moreover, the full potential
of the platform can be unlocked by leveraging photonic-electronic
integration through the nascent lateral and 3D integration
strategies55–59, especially integration with high-speed electronic cir-
cuits, including multi-channel DACs, ADCs, and FPGAs to utilize the
spatial multiplexing capability. In this context, a comprehensive
understanding of not just the energy consumptions of novel electro-
nics, but also the uncertainty in their estimations, is critically required
for accurately mapping the path forward of TFLN photonics for com-
puting. More broadly, we believe that large-scale TFLN circuits similar
to those demonstrated heremayhold greatpromise for applications in
vision9, sensing21, ranging60–62, and even quantum computing63–65, and
we hope that our work will stimulate further exploration of such
applications.
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Fig. 4 | Photonic binary classification. a Illustration of binary classification con-
ducted over a data set consisting of two-dimensional vectors~x = x1, x2

� �T , where
each vector is labeled positive or negative based on the exclusive-or condition. To
infer the label of some~x, a number of computing operations are carried out by our
photonic accelerator to compute~xTQ~x followed by electronic nonlinear activation.
Here, Q is a pre-trained kernel matrix and nonlinearity is electronically applied.

Accuracy of inference thus depends on the accuracy of photonic computations.
b Classification of 400 randomly selected~x in the problem space, colored by their
photonics-inferredpositive (blue) and negative (red) labels. cComparison between
photonic and electronic classification results over the 400-vector test set, which
showsgood agreement betweenphotonic and electronic computing. The photonic
circuit (electronic computer) achieves a classification accuracy of 93.8% (93.5%).
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Fig. 5 | Photonic computing for fully-connected layers of photonic neural
networks. a Classification of an MNIST handwritten digit. The image is flattened
into a single vector encoded in the time domain. An example image (number six) is
shown on the left. A two-layer photonic neural network is used to perform the
classification task (center). The photonic computing result at the end of the net-
work is then sent back to the computer to perform a nonlinear activation (right).
The final classification results agree well with the electronically computed result.
b Statistics ofMNISThandwritten digit recognition. 500MNIST images are selected
as the test set andprocessed. The confusionmatrices show a classification accuracy
of 88% using our circuit (92% using electronic computer). c Stability. The

computing core is programmed to continuously run identical computing tasksover
20h, experiencing minimal fluctuations of 0.04%. d Real image classification.
Images resembling real-life objects are selected from the CIFAR-10 database and
classified using a convolutional neural network. The images are preprocessed
through convolution layers, flattened into vectors, and then sent into our circuit to
be classified by the remaining fully-connected layers (bottom left). Nine example
figures including a truck, cat, bird, automobile, frog, deer, ship, airplane, and horse
(top left), together with the classification results (right) are shown, indicating our
photonic computing circuit can accurately process large, multi-layer networks.
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Methods
Device fabrication
The devices in our study are fabricated using a commercial X-cut thin-
film lithium niobate (TFLN) on insulator wafer (NANOLN). The wafer
comprises a 600 nm-thick LN layer, a 4.7μm buried oxide layer
(thermally grown), all mounted on a 525μm-thick silicon (Si) handle.
The fabrication process involves the following steps. (1) Patterning of
the optical layer: electron-beam lithography is used to define patterns
for the optical layer of the device, including rib waveguides and

microring resonators. Ar+-based reactive ion etching is then used to
etch the optical layer down by 300nm. (2) Defining the bottom-layer
electrode: microwave electrodes are defined using a combination of
photolithography, electron-beam evaporation, and a bilayer lift-off
process. Using this approach, an 800 nm-thick layer of gold (Au) is
deposited to form the bottom layer of the microwave electrodes. (3)
Claddingwith SiO2: the devices are claddedwith a 1.0μm-thick layer of
silicon dioxide (SiO2) using plasma-enhanced chemical vapor deposi-
tion (PECVD). (3) Depositing the nickel-chromium resistor: the nickel-

Fig. 6 | Hybrid- and heterogenous- integrated TFLN photonic computing cir-
cuit. a Wafer-scale fabrication of computing cores comprising a TFLN photonic
computing circuit. b Chiplets of TFLN computing cores from the wafer-scale pro-
cess. c, Measurement setup for characterizing the hybrid- and heterogeneous-
integrated system: light from a hybrid-integrated DFB laser source is butt-coupled
to theTFLNcomputing core,while a heterogeneous-integratedMUTC-PD is used to
perform optical-to-electronic conversion of the computing signal (the electrical
signal is extracted by contact probes). d Optical microscope images of essential
building blocks used for the integrated TFLN circuit similar to Fig. 2a, except
bilayer-taper edge couplers (top middle) are employed as a low-loss interface
between the TFLNwaveguidemode and theDFBwaveguidemode. e Schematic of a
single channel integrated system. fOptical microscope image of DFB laser and 2-D
simulation of the DFB waveguide mode. P (N): positively- (negatively-) doped

region; QW: quantum well. g Optical microscope image of TFLN photonic com-
puting circuit, with anarrayof cascaded amplitudemodulators (left) and an array of
MUTC-PDs (right). h Optical microscope image of MUTC-PD and schematic of its
cross section. i DFB output power measured by an integrating sphere vs. injection
current, with about 50mAcurrent threshold and0.25W/A slopeefficiency. jMUTC-
PD dark current vs. bias voltage. For high-speed operation, a reverse-bias of −2 V is
held for all measurements. k Example waveforms of a temporally multiplexed
computing operation between two random vectors~x and~a with 96.8 ps/symbol
(10.33 GOPS per channel). l Computational accuracy σ, as previously defined, vs.
computing energy consumption as the DFB output power is varied. Three energy
consumptions are evaluated based on experimental conditions provided DFB
injection currents of 85, 125, and 150mA, respectively.
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chromium (NiCr) layer is defined using photolithography with
deposition through electron-beam evaporation, followed by a bilayer
lift-off process. (4) Defining the top-layer electrode: a second layer of
Au is deposited using a combination of photolithography, electron
beam evaporation, and bilayer lift-off. The thickness of the top layer
gold is 800nm. The fabrication process results in a TFLN circuit with
high-quality optical components and a well-definedmicrowave circuit,
which together enable high-performance computing operations
on TFLN.

The on-chip PD is based on the modified uni-traveling carrier
(MUTC) structurewith optimized transit time limited bandwidth of 165
GHz66. They are heterogeneously integrated on TFLN using adhesive
bondingwith SU-8, involving the following steps. (1) The bare epitaxial
structure is bonded on the TFLNphotonic chip with ~100 nm-thick SU-
8. (2) The InP substrate is removedusingHClwet etch. (3) PDmesas are
formed by a combination of standard III-V material dry etch and wet
etch recipes. (4) PDs are passivated using SU-8 first before forming RF
probe pads to improve yield and dark current. (5) The SU-8 is fully
cured and was compatible with other post processing steps needed.
We note that the RF pads were designed to be impedance matched to
50 Ω in a ground-signal-ground configuration with 150 µm pitch,
matching the available contact probes.

Experimental architecture and setup
Photonic computing for matrix-vector-multiplication using our TFLN
circuit is based on the cascaded amplitude modulation of light, which
takes advantage of the efficient and high-speed EO modulation char-
acteristics of TFLN. Continuous wave light in the telecommunications
C-band is coupled into the chips. This light then passes through the
first amplitude modulator (AM) which encodes the data vector~x onto
the light’s amplitude. The modulated optical signal is split into multi-
ple spatial channels, using the on-chip fan-out splitting tree, each
containing another AM. When these AMs are driven in time-synchrony
with the data encoded using the first AM, they apply the weight vector
~a resulting in overall amplitude encoding corresponding to the ele-
ments comprising the sumof~x �~a, which can be converted back to the
electrical domain by photodetection. The generated photocurrent
tracks amplitude fluctuations of the impinging light up to the detec-
tion bandwidth, and the components of~x �~a can be directly digitized
by an oscilloscope (Keysight UXR1102A). An electronic summation of
the components yields the final result, ~x �~a. To enable dot products
between signed vectors, we adopt an approach proposed in earlier
work20 that converts dot products between signed vectors to that
between unsigned vectors, requiring two overhead calculations by the
photonic accelerator. This overhead can be removed in future work
albeit with higher system-level complexity, for example by integrating
balanced photodetection67. In our experiment, the electronic signals~x
and ~a are generated by a high-speed arbitrary waveform generator
(AWG, Keysight M8196A) and delivered to on-chip microwave trans-
mission lines via high-speed cables and contact probes (GGB 40A-
GSG). Due to limitations in the electronic equipment, all interference
tasks utilize a single neuron (channel) on the TFLN chip. We note that
the synchronization of ~x and ~a electrical drives is accomplished
through adjusting the delay between them, up to an integermultipleof
the sampling rate of the AWG. Both drives are generated by the same
AWG. For the full spatial-multiplexing to be utilized, synchronization
between each~xi and~a is possibleby usingmultiple synchronizedDACs
and delay adjustment.

Data availability
Data needed to evaluate the conclusions in the paper arepresent in the
paper and/or the Supplementary Information. The image datasets
MNIST and CIFAR-10 (https://www.cs.toronto.edu/~kriz/cifar.html) are
publicly available.
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