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Maxim R. Shcherbakov®'%, Logan G. Wright'?*’ & Peter L. McMahon ®*

, Benjamin A. Ash®',

Controlled multimode wave propagation can enable more space-efficient

photonic processors than architectures based on discrete components
connected by single-mode waveguides. Instead of defining discrete

elements, one can sculpt the continuous substrate of a photonic processor
to perform computations through multimode interference in two
dimensions. Here we designed and demonstrated a device with arefractive
index that can be rapidly reprogrammed across space, allowing arbitrary
control of wave propagation. The device, atwo-dimensional programmable
waveguide, uses parallel electro-optic modulation of the refractive index of
aslabwaveguide with about 10* programmable spatial degrees of freedom.

Weimplemented neural network inference on benchmark tasks with up

to 49-dimensional vectors in a single pass, without digital pre-processing
or post-processing. Theoretical and numerical analyses further indicated
that two-dimensional programmable waveguides may offer not only a
constant-factor reduction in device area but also a scaling benefit, with the
arearequired growing as N** rather than N2

Deep neural networks (DNNs) have gained widespread adoption across
many domains ranging from computer vision to natural language pro-
cessing'. The size of DNN models has been increasing exponentially over
the past decade, leading to exponentially increasing energy costs for
running them. Limits to energy costs now impose a practical constraint
on how large models can be?, strongly motivating the exploration of
alternative and energy-efficient computing approaches for executing
DNNs, with a computational cost that is typically dominated by that
of matrix-vector multiplications (MVMs). Optical neural networks,
particularly those integrated on photonic chips that specialize in per-
forming MVMs with optics instead of electronics, are one promising
candidate approach®”.

The dominant paradigm for designingintegrated photonic neural
networksis to construct networks of discrete, programmable photonic

components, suchas Mach-Zehnder interferometers (MZIs), microring
resonators or phase-change memory cells, connected by single-mode
waveguides'®. These networks execute a linear optical operation: an
MVM between the vector encoded in the optical input to the chip and
the matrix programmed in the discrete components. However, the
maximum vector size, N, supported by chips using this approach has
sofarbeenrestricted (Supplementary Table 1) to sizes far below what
is necessary for optics to deliver an energy-efficiency advantage
(N21,000)" ™. Thescale of such chips has been limited by at least two
factors. First, the co-integration of optical and electrical components
poses the challenge of routing O(N?) electronic wires carrying the
parameters of the matrix multiplication through the perimeter of the
chip, often limiting the controllable degrees of freedom to a few hun-
dred parameters. Second, individual optical components are rather
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Fig.1|Machine learning with multimode wave propagation in the
2D-programmable waveguide. a, The fundamental unit of an artificial

neural network (a layer) transforms an input vector into an output vector

via atrainable matrix multiplication. b, Analogous to a neural network layer,
the 2D-programmable waveguide linearly transforms an input optical field
into an output optical field via wave propagation through a lithium niobate
slab waveguide with 2D refractive index modulation An(x, z) that can be
continuously and arbitrarily programmed (up to practical limits on resolution
and maximum modulation; Supplementary Information sections 1C,D).

Parameters: programmable
refractive index distribution
An(x, 2)

A
: J
< Gradient descent
N optimization of parameters

— Photoconductor
— Lithium niobate waveguide

Prediction

This refractive index modulation, which is directly set by the illumination
pattern projected onto the device (shownin green), is trained so that wave
propagation through the waveguide performs machine learning tasks
(handwritten-digit classification shown here as an example). To determine
the result of the classification, the intensity of the output beam is measured
across equally sized bins; the bin with the highest total power corresponds

to the predicted label. ¢, Simulated wave intensity in the slab waveguide,
which shows that the neural network computation is performed with complex
multimode wave propagation.

bulky owing to the comparably large optical wavelength and the often
weak programmability of optical materials. On top of that, substantial
portions of the chip’s areaneed tobe dedicated to sprawlingintercon-
nection regions comprising well-isolated waveguides.

We could achieve far greater spatial efficiency if we treated the
entire chip asablank slate with refractive index distribution, n(x, z), as
afunction of space, which we could arbitrarily and reprogrammably
sculpt, instead of building the integrated photonic neural network
from discrete components”2°. This study addressed a central chal-
lenge: how to make a photonic chip with a programmable refractive
index distribution, ideally without the integration complexity of intro-
ducing electronic wiring. In conventional nanophotonic chips, n(x,
z) is controlled by etching away material in lithographically defined
regions and is fixed at fabrication time. Although inverse-designed
chips? realizing MVMs with fixed matrices can be made'’, we gen-
erally would like to be able to program the matrix. Photorefractive
crystals were explored several decades ago as ameans to implement
programmable linear operations with slab waveguides®>* but fell out
of favour because the small achievable refractive index modulation
(10™*) meant that even centimetre-scale waveguides were unable to
perform large-scale operations. Additionally, phase-change materi-
als have recently been demonstrated to realize arbitrary refractive
index distributions®** but suffer from a limited number of rewrite
cycles (4,000 in ref. 26) and high loss (greater than 2.8 dB mm™in
refs. 25,26). The scale is currently limited; a previous study reported
programming a device with a three-dimensional input and a
three-dimensional output®.

Here we introduce a photonic chip with a waveguide that is fully
programmable in two dimensions: a two-dimensional (2D) program-
mable waveguide. The chip uses massively parallel electro-optic
modulation to program n(x, z) across 10,000 individual regions of
alithium niobate slab waveguide. We trained multimode photonic
structures within the chip that perform neural network inference
(Fig.1). The structures realized by our 2D-programmable waveguide

are similar to inverse-designed nanophotonic devices'*”; they are
computer-optimized 2D metastructures that control multimode wave
propagation. A distinguishing feature of our device s its programma-
bility, settingitapart fromtypicalinverse-designed photonic devices,
which are fixed after manufacturing. We achieve programmability
optically, decoupling the electronic wiring for programming from
the photonic chip; a pattern of light shone on top of our device cre-
ates aspatially varying refractive index modulation An(x, z) in the slab
waveguide. This is achieved by using the principle of photoconduc-
tive gain”?® to induce a refractive index modulation via the strong
electro-optic effect in lithium niobate. In our study, we show how we
can train the refractive index distribution so that the complex wave
propagation through the device performs a desired neural network
inference (Fig. 1c).

Operating principle of the device

Figure 1 shows a schematic of the machine learning process using the
device.Inmachinelearning, dataare often encodedin vector form, x;,
and processed via programmable matrices Wand activation functions
fin‘layers’: x;,; = fiWx,)(illustrated in Fig. 1a). We amplitude-encoded
the machinelearning input data x;into the one-dimensional (1D) input
opticalfield distribution, £(x, z = 0) (Fig. 1b), which serves as the initial
condition for programmable wave propagation described by the fol-
lowing partial differential equation:

OE(x,2) _ i 02%E(x,2)
0z 2k ox2

+ ikoAn(x, 2)E(x, 2), @

where zdenotes the propagation direction, xrepresents the transverse
direction, k,is the wavenumber in free space and kis the wavenumber
in the slab waveguide. A solution of the equation is shown in Fig. 1c.
The refractive index distribution of the slab waveguide, n(x, z) =
ny+ An(x,z), has two contributions: a spatially uniform part, n,, which
istherefractiveindex of the waveguide when no programminglight is

Nature Physics | Volume 22 | January 2026 | 164-171

165


http://www.nature.com/naturephysics

Article

https://doi.org/10.1038/s41567-025-03094-2

a
Input
‘
Electrode
Photoconductor
Lithium niobate{ =
waveguide
Silicon substrate{
Output
light
b Y
AN
' r—
ch < ng
An=10"°

Fig. 2| Operating principle of the 2D-programmable waveguide. a, The
2D-programmable waveguide consists of a nanophotonic stack of four layers:
aconductive silicon substrate that doubles as the ground electrode, aZ-cut
lithium niobate (in red) slab waveguide with silicon dioxide cladding (in white),
aphotoconductive layer for optical control of the refractive index and a gold
electrode. b,c, Electrical circuit models of the 2D-programmable waveguide
inregions with (c) and without (b) illumination. There is a voltage division
between the photoconductor and the slab waveguide, withimpedances, Z,. and
Z, respectively. ¢, Uponillumination, the resistance of the photoconductor

d Control light
Input
light \
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decreases, leading to anincrease in the electric field (blue arrows) inside the
waveguide, whichinduces arefractive index modulation via the electro-optic
effect.d, A photograph of our prototype 2D-programmable waveguide in our
experimental set-up. e, Experimental realization of a Y-branch splitter on the
2D-programmable waveguide, which splits the input light into two equal output
beams. The projected pattern (in green) directly corresponds to the induced
refractive index modulation (in grey). A simulation of the wave propagating
through the device is overlaid with the patterns (inred).

impinging on it, and a programmable part that is induced by electro-
optic modulation, An(x, z), loosely corresponding to the program-
mable matrix weights W. After the optical field has propagated through
thedevice, we measured itsintensity, /. (x) =< |[E(x,z= L)%, at the output
facetand binned it to produce the outputvector, x,,, for the machine
learning task.

Figure 2 shows how patterns of light program the refractive index
modulation, An(x, z). First, the device converts the projected pat-
tern of lightinto aspatially varying quasi-static electric field. Second,
the electro-optic waveguide changes its refractive index An(x, z) in
response to thiselectric field. Our deviceis an electro-optic waveguide
coated by a photoconductive film and sandwiched between a pair of
electrodes with an oscillating bias voltage applied across them. For
regions of the chip that are illuminated at intensities of tens of mil-
liwatts per square centimetre, theimpedance of the photoconductor
drops substantially, increasing the bias electric field within the slab
waveguide. The lithium niobate waveguide locally changes its refrac-
tive index via the Pockels effect, owing to the spatially varying bias
electric field. In our device, the largest refractive index modulation
is approximately 1073, limited by the geometry of the material stack
and asafety margin to prevent dielectric breakdown (Supplementary
Informationsection 1C). The refractive index modulationin our device
can take on continuous values by continuously varying the intensity
of the projected pattern.

We projected illumination patternsacrossa9 mm x 1 mm area,
achieving a pixel resolution of 9 um x 9 pm. (Limits to the spatial
resolution are discussed in Supplementary Information section 1C.)
This configuration enabled us to control the refractive index distri-
bution, n(x, z), with10,000 degrees of freedom (see Supplementary
Information section 3A for our calculation of the parameter count)
and update the entire distribution at a rate of 3 Hz. To maximize

the refractive index modulation, we set the amplitude of the oscil-
lating bias voltage across the electrodes to be up to1,000 V. Given
that complementary metal-oxide-semiconductor electrode back-
planes can only support spatially programmable voltages of around
10V, our use of photoconductive gain was essential for achiev-
ing large electro-optic modulation. This approach allowed us to
apply alarge voltage to a single unpatterned electrode and realize
controllable high voltages at virtual electrodes via the patterned
illumination®*®, Owing to the large impedance of the device, less
than 1 mW of electrical power was dissipated across its active area
atthe highest voltages.

Toillustrate the operating principle of our device, we projected a
patterninthe shape of a Y-branch splitter onto the 2D-programmable
waveguide (Fig. 2a). The refractive index modulation was approxi-
mately proportional to the projected pattern, An(x, z) < I(x, 2)
(Fig. 2e), up to spatial smoothing and a weak nonlinearity owing to
voltage division. We coupled a single input Gaussian beam into the
device usingabeamshaper and measured the intensity of the output
light with acamera, asshowninFig. 2e. Because we used an oscillating
bias voltage to drive the device, the induced refractive index pat-
tern also oscillated in time. Therefore, measurements of the output
intensity (and of the optical inputs, if not continuous wave) must
coincide with the driving voltage peaking. We discuss approaches
to overcome this limitation and further details on the experimental
set-up in Methods.

Machine learning demonstrations with the
2D-programmable waveguide

We next applied the 2D-programmable waveguide to perform
machine learning tasks: vowel classification” and Modified National
Institute of Standards and Technology (MNIST) handwritten-digit
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Fig. 3 | Vowel classification with the 2D-programmable waveguide.

a, Overview of the approach. The task involved predicting a spoken vowel,

here ‘er’, from a12-dimensional input vector representing formant frequencies
extracted fromaudio recordings. The 2D-programmable waveguide was trained
to take in this input vector and output a seven-dimensional vector with a one-hot
encoding format that indicates the predicted vowel. b, Left: the input vector

was amplitude-encoded into 12 Gaussian spatial modes to produce the initial
optical field distribution. Centre: the simulated wave propagation in the chip

after training of the projected pattern. Right: the experimentally measured
output intensity was binned by calculating the total power within equally sized
spatial bins to produce the seven-dimensional output vector. ¢, lllustration of
physics-aware training, a hybrid in situ-in silico backpropagation algorithm,
which we used to train the parameters of the 2D-programmable waveguide.

d, Testaccuracy as a function of epoch. The inset shows the confusion matrix on
the test dataset after training. e, Evolution of the trainable parameters (projected
patterns) at different stages of training.

classification’. Both tasks are used as benchmarks in studies of
similar on-chip optical neural networks, providing useful points
of comparison®*?°,

The vowel classification dataset®” comprises formant frequencies
extracted from audio recordings of spoken vowels by various speak-
ers. The task was to predict which of the seven vowels is spoken, given
al2-dimensionalinput vector of formant frequencies. We divided the
dataset into a training set and a test set, comprising 196 (75% of the
dataset) and 63 (25%) samples, respectively.

Figure 3 presents our experimental results on performing vowel
classification with the 2D-programmable waveguide. As shown
in Fig. 3a,b, we encoded the 12-dimensional input vectors in the

amplitudes of 12 equidistant spatial Gaussian modes that were simul-
taneously projected onto the input facet of the device. For readout, we
measured the intensity at the output facet with a camera and binned
the camera pixels into seven different regions, with each region cor-
responding to a specific vowel. The predicted vowel for an input was
given by the region that received the most optical power. Thus, as
shown in the simulated intensity distribution, |[E(x, 2)|% in Fig. 3b, the
devicelearned to use complex multimode wave propagation to direct
most power towards the region corresponding to the correct vowel.
Further details on output decoding and the overall computational
model of our optical neural network demonstrations are provided in
Supplementary Information section 5A.
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Fig. 4| MNIST handwritten-digit classification with the 2D-programmable
waveguide: neural network inference with high-dimensional input

vectors. a, We performed MNIST handwritten-digit classification with the
2D-programmable waveguide. Each image from the MNIST dataset was
electronically downsampled and reshaped to a 49-dimensional vector. We
trained the device to perform machine learning on this high-dimensional input

vector with the same procedure as the vowel classification task (Fig. 3).b, The
confusion matrix was derived from evaluations on the test dataset comprising
10,000 images. After ten epochs of training, the system achieved 86% accuracy
onthetest dataset. As abaseline, a single-layer digital neural network witha

49 x 10 matrix achieves 90% accuracy on this same task.

Therefractiveindex distribution toimplement vowel classification
was learned using physics-aware training’, amodified backpropaga-
tionalgorithm (Fig. 3¢). Inthis algorithm, the forward passis performed
by the experimental set-up, whereas the backward pass is computed
with a digital model of the experiment. The hybrid in situ-in silico
nature of the algorithm allows for efficient training evenin the presence
of both imperfect models and experimental noise (Supplementary
Information section 3C). The digital model was challenging to con-
struct because of the large number of parameters and the complexity
ofthe wave propagation. Initially, a purely physics-based model (using
equation (1)) provided qualitative but not quantitative agreement with
the experimental results. The remaining discrepancies were largely
removed with data-driven refinements to the physics-based model
(Supplementary Information section 4).

Using physics-aware training, we trained the 2D-programmable
waveguide for a total of 300 epochs, which took approximately 1 h
onthe experimental set-up (Fig. 3d). Figure 3e shows the evolution of
theinitially uniform illumination pattern into a complex pattern that
resembles therefractiveindex distributions foundininverse-designed
photonic devices. Figure 3d shows that despite the complexity of the
projected pattern, the 2D-programmable waveguide successfully
performed the vowel classification task and achieved a test accuracy
of 96% after training.

Figure 4 presents the experimental results on MNIST handwritten-
digit classification. The task consisted of classifying 14-by-14-pixel
images of handwritten digits from 0 to 9. We divided the MNIST dataset
in the standard manner into 60,000 training images and 10,000 test
images. We downsampled each MNIST image to 7-by-7 pixels and then
flattened it to a 49-dimensional input vector.

Totraintherefractive index distribution to perform MNIST clas-
sification, we followed the same procedure used for the vowel clas-
sification task (Fig. 3). The 2D-programmable waveguide processed
the 49-dimensional input vector to produce a ten-dimensional output
vector that corresponds to the ten possible digits (more details in
Supplementary Information section 5C). As shown in Fig. 4b, the
system achieved 86% accuracy on the test dataset after ten epochs
of training, which took about 10 h on the experimental set-up. This
falls 4% short of the 90% accuracy that a one-layer digital neural
network achieves on this downsampled MNIST classification task,
likely because of imperfect modelling and experimental drifts. Nev-
ertheless, this result demonstrates that complex wave propagation
in our device can be harnessed to perform computations compara-
ble to that of a single-layer neural network with a 49 x 10 matrix of
trainable parameters.

Length (and area) scaling for 2D-programmable
waveguides

Weturntoadiscussion of the theoretical size scaling of different on-chip
photonicprocessors. Integrated photonics can be used toimplement
matrices of size N x N using circuits of width much wider than -NA, (N
well-isolated waveguides, where A, is the free-space wavelength) and
length greater than -NA,/An,,., (N -phase shifters)****. Because the
programmable refractive index An,,, is often very small, this limits
circuitstobeeither very long or operate on low-dimensionalinputs. In
the 2D-programmable-waveguide paradigm presented in this paper, the
required device width scales as -NA,, imposed by the diffraction limit.
One might intuitively expect that the length L, of 2D-programmable
waveguides would also need to scale as ~-NAo/An,,,, just as it does for
the aforementioned circuit approaches for universal linear transforma-
tionson chip®. In this section, we present the analytical and numerical
results showing that, beyond the constant-factorimprovementin spa-
tial footprint by avoiding single-mode waveguides, 2D-programmable
waveguides may offer a different size scaling.

Our analytical argument, presented in detail in Supplementary
Information section 8A,B, investigates the amount of phase shift neces-
sary to opticallyimplement a given unitary transformation of dimen-
sion N in a programmable multimode waveguide. As the unitary
dimensionincreases, the phase shift per element, linked to the genera-
tor of the unitary, becomes smaller. (More precisely, for any given
unitary, one can always find a generator with elements that have a
root-mean-square (r.m.s.) smaller than /\/N). This suggests anexciting
possibility. High-dimensional optical matrix-vector multipliers based
oninterference may require much less propagation distance through
phase shifters thancommonly assumed. This property of unitary matri-
ces has recently®* been exploited to show that in three-MZI meshes,
the average length of phase shifters can scale as 1/v/N, but universal
MZImeshes by construction haveacircuit depth thatscalesas N, inde-
pendent of how short the individual phase-shifter elements are.
However, in2D-programmable waveguides, thisinsight can potentially
lead to large practical benefits because the devices effectively
consist entirely of phase shifters, with nothing else constraining
the total system length. The intuitive core of the mathematical argu-
ment is that if one needed a full m-phase shift per phase shifter, the
required device length would scale as NA,/An,,,,, but because the
required phase shift goes as /AN, the total required length scales
as NAO/(\/NAnprog) = \/NAO/Anprog-

We analytically found a refractive index distribution, An,,(x, 2),
with a magnitude (or, equivalently, length) that scales only as VN (as
measured by the r.m.s. of the distribution). Our constructionis similar
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Fig. 5| Simulation study showing the required length for devices realizing
arbitrary photonic N x Nunitariesscalesas \/N.a, We considered aweak
refractive index profile An,,,(x, z) embedded into astep-index multimode
waveguide with profile n,,(x). As light propagated through the perturbed
waveguide, its Neigenmodes interacted with each other, as described by the
coupled-mode theory. These interactions generated an N x N unitary MVM.

b, Vectors aare encoded in the modal amplitudes of the input electric field. Given
aunitary matrix Uy, we analytically determined the refractive index

perturbation An,,(x, z) embedded in the step-index waveguide (Supplementary
Information section 8B) or viainsilico inverse design (Supplementary Information
section 8C). We verified that after propagation through the multimode waveguide,
the modal amplitudes transformed according to U,egized = Urarger- €, Fidelities of

N x NHaar-random unitary matrices realized in waveguides of various lengths L,
withaninverse-designed Anpog(X,2) < Aftpax =5 - 10~3. Theseparation
between unitaries realized with high versus low fidelity is well described by the

line L, = VNAg/Aftpay.

to the one presented by Larocque and Englund” in that it couples the
modes of amultimode waveguide but crucially differs byimplementing
parallel global couplings rather than a sequence of pairwise mode
couplings, thereby achieving better scaling.

Our analyticalargumentrelies on strong approximations. We used
coupled-mode theory under a rotating wave approximation to calcu-
late the propagation of unidirectional scalar waves in a perturbed
multimode waveguide. To validate our theory, we present the results
from numerical simulations that make far fewer assumptions. We
simulated unidirectional scalar waves ina perturbed multimode wave-
guide (Supplementary Information section 8D). Our analytical argu-
ment only shows that the r.m.s. of the refractive index distribution
scalesas ~ V/N. However, in practical devices, itis usually the maximum
value of the refractive index change that is limited. Our simulations
show thatevenwithastrictlyimposed maximum value of the program-
mable refractive index strength, unitaries can be implemented accu-
rately over a propagation distance that scalesas ~ VN.We emphasize
that our analytical argument permits completely general dense
unitary matrices.

This length scaling is surprising in part because fundamental
geometric considerations in linear optical devices suggest that the
length required to perform arbitrary operations on N modes is pro-
portional to NA, (refs.35,36). Our theory, showing that
L, ~ \/N/lo/Anpmgis sufficient to perform universal optical operations
onNmodes, implies adifferent length scaling but does not contradict
the bound by Miller* unless Nis very large, often >1,000 using com-
mon values (Supplementary Information section 8D). Therefore, our
result suggests that there is a large practical regime in which the
better-than-linear length scaling can be exploited to create universal
optical processors with modest programmability or short
propagation distances.

However, we note that the length-scaling argument does not
directly apply tothe device used in our experiments because our scal-
ingresultassumes guided modesinthexdirection, whereas our experi-
ments were performed in aslabwaveguide wide enough that light was
effectively unguided. It is nonetheless the case that one could, as far
aswe cantell without having explicitly performed these experiments,
realize devices and experiments that satisfy the assumptions of the
theory (see discussionin Supplementary Informationsection 8D). For
example, we simulated a multimode waveguide with a modest width
of 0.3 mm, length of 5 mm and arefractive index programmability no
larger than An,,, = 5* 107 with 500-nm resolution, and showed that
suchawaveguide canrealizea200 x 200-dimensional unitary with high
fidelity (Fig. 5 and Supplementary Information section 8D). A device
measuring1.5 mminwidthand11 mminlength, with the same program-
mable refractive index magnitude and resolution, should be able to
realize arbitrary unitaries with dimensions as high as1,000 x 1,000.

Discussion and outlook
Weintroduced and demonstrated a 2D-programmable photonic pro-
cessor comprising a lithium niobate slab waveguide with a refractive
index distribution, n(x, z), that can be continuously programmed. The
device design enables programming by parallel electro-optic modu-
lation with approximately 10,000 degrees of freedom. We used our
chip to perform neural network inference by training the refractive
index distribution and consequently the multimode wave propagation
through the chip. To train the device, we developed a physics-based
model of the behaviour of the chip, along with a data-driven refine-
ment, allowing the model to be sufficiently accurate that it supports
backpropagation-based training®.

The predominant approach to building integrated photonic
neural networks is to fabricate large arrays of discrete components
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connected by single-mode waveguides™. In contrast, we adopted
the conceptual approach of using wave propagation in distributed
spatial modes™'°?** and experimentally validated the theoretical
predictions'®”* that this approach will be more space-efficient.
Our prototype chip was able to perform neural network inference
with input vectors of dimension up to 49, which is larger than the
capability of the neural network photonic chips reported in previous
studies**%9203840 and more space efficient than any of these chips
based on networks of discrete components (see Supplementary Infor-
mation section 6 for adetailed comparison). Thislarge input dimen-
sion enabled us to use our chip to perform MNIST handwritten-digit
classification with a single pass through the chip and without using
any digital electronic parameters.

One of the most promising applications of our approach is in
reducingthe energy cost of neural network inference, which remains
(and is likely to remain) dominated by linear MVM. There exists a
breakeven point beyond which optical devices could outperform
electronic hardware on this metric, owing to the more favourable
energy scaling with dimension N (optics: E - N; electronics: E -~ N?)
(refs. 11-14). Reaching this regime requires high-dimensional
operations. At low N, the overhead cost from analogue-to-digital
conversion and optical-electronic transduction outweighs the
benefits, with estimates placing the breakeven point around
N=1,000, farbeyond what is currently possible on a single chip. We
derived a theoretical scaling law (Supplementary Information
section 8) describing how the dimension of possible MVMs in a
2D-programmable waveguide scales with the device dimensions and
the refractive index change. Surprisingly, the device length only
needs to scale as /N, better than the most common approaches of
designing photonic circuits*>*. This result may enable all-optical
matrix-vector multipliers with a dimension exceeding the breakeven
point of energy efficiency. The development of such devices would
make hybrid neural network architectures, in which analogue optics
performs the linear operations and electronic circuits implement
the nonlinearities, energy-competitive, changing the energy scaling
of neural network inference.

To conclude, we believe that our device concept, with its ability
to programmably control multimode wave propagation, may cre-
ate new opportunities in the broader fields of optical computing
and optical information processing'®'**. Although our study has
focused on machine learning, our device could also be used to solve
integral equations** and combinatorial optimization problems*.
More broadly, our chip is essentially an arbitrary (passive) photonic
device that can be reconfigured on demand. Any photonic device
that can be specified as aninhomogeneous refractive index distribu-
tion can be realized. Such devices can even be learned directly and
effectively by performing inverse design® butinsitu inreal time. Our
concept will potentially enable the development of reprogrammable
photonic simulators supporting new studies of bound states in the
continuum** and topological photonics* and applicationsin engineer-
ing. It may ultimately even be possible to make a device that combines
programmable linear wave propagation (this study), programmable
nonlinear wave propagation'>'#¢*’ (a natural extension of this study
to having programmable y®(x, z) (ref. 48)) and programmable gain/
loss (demonstratedinref. 20), giving rise to areconfigurable on-chip
platform capable of realizing almost every functionality we have in
free-space optics.

Online content

Any methods, additional references, Nature Portfolio reporting
summaries, source data, extended data, supplementary infor-
mation, acknowledgements, peer review information; details of
author contributions and competing interests; and statements of
data and code availability are available at https://doi.org/10.1038/
$41567-025-03094-2.
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Methods

Device fabrication and design

Asshownin Extended DataFig. 1, we started our fabrication processes
fromathin-filmlithium niobate wafer purchased from NANOLN. It was
ap-typesilicon wafer with a substrate conductivity of 0.01-0.05 Q cm,
2 um of silicon dioxide deposited via plasma-enhanced chemical
vapour deposition (PECVD) and 700 nm of Z-cut MgO-doped lithium
niobate that was wafer-bonded with the ion-cut technique. We diced
small pieces from the wafer using a DISCO Dicing Saw for further pro-
cessing. We deposited an additional 1 pm of silicon dioxide via PECVD
as a cladding, followed by another deposition of 4 pm of silicon-rich
silicon nitride, which was the photoconductive layer, viaPECVD. The
silicon-rich silicon nitride layer was deposited in an Oxford Plasma-
lab 100 by flowing 40 sccm of SiH,, 10 sccm of N,O and 1,425 sccm
of N, into the deposition chamber at a temperature of 350 °C and
a pressure of 1,900 mTorr. We alternated pulses of high-frequency
and low-frequency power during deposition to minimize film stress
using 160-W low-frequency pulses for 12 sand 200-W high-frequency
pulses for8s.

Next, we evaporated electrodes onto the chip usinga CVCSC4500
E-gun Evaporation System. We first evaporated 10 nm of titanium as an
adhesionlayer and then 5 nmofgold. To prevent dielectric breakdown
betweenthetop electrode and the conductive substrate through air at
the edges of the chip, we covered the perimeter of the chip with tape
before evaporation. The tape acted as a mask, preventing deposition
closer than around 1 mm to the edges, thereby increasing the path
length between the top electrode and substrate through air. To mini-
mize coupling losses into the waveguide, we used an Allied MultiPrep
Polisher to polish the waveguide facets. We polished using silicon
carbide paper of successively finer grain size, starting at 3 pmand then
movingtolpumand 0.5 pm.

Device design and characterization

We used Z-cutlithium niobate for the slab waveguide so that the crystal
axis of the lithium niobate is parallel to the strong electric field induced
by the bias voltage, which points out of the waveguide plane (in the y
direction). As shown in Supplementary Fig. 1, we used the transverse
magnetic mode of the slab waveguide, with an optical electric field
that is also oriented in the y direction. Because the r5; electro-optic
coefficientislargestin lithium niobate, this configuration maximized
the strength of the electro-optic modulation.

The thickness of the lithium niobate layer was chosen for single-
mode operation (Supplementary Information section 1A). To maximize
the refractive index modulation, it is beneficial to have a thicker pho-
toconductor and a thinner silicon dioxide cladding (Supplementary
Information section 1B). The silicon dioxide cladding was chosen to
be sufficiently thick to ensure low propagation loss. Thus, we balanced
thesetradeoffstoarrive at the device geometry shownin Extended Data
Fig. 1. The device has a propagation loss of <1 dB cm™ at awavelength
0f1,550 nm (Supplementary Information section 1E).

To maximize the refractive index contrast of the slab waveguide
between the bright (illuminated) and dark regions, it is important to
designthe photoconductor to have high dark resistance and low bright
resistance. Thus, to optimize the material properties of the photocon-
ductor, we swept the silicon-to-nitrogenratioin thesilicon-richsilicon
nitride photoconductor (by varying the amount of SiH, gas we flowed
into the PECVD) and chose the material with the largest photocon-
ductive contrast. We characterized the refractive index modulation
as afunction of the intensity of the projected pattern with an off-axis
holography set-up (Supplementary Information section 1C). The maxi-
mum refractive index modulation that we achieved in this study was
approximately 107, We show in Supplementary Fig. 3 that this can be
increased to beyond 4 x 10 by using a photoconductor layer that is
twice as thick (8 pm) and by further optimizing the photoconductive
properties. InSupplementary Information section 7B, we also discuss

how therefractive index modulation can be furtherincreased by switch-
ing to a different material for the waveguide core.

Experimental set-up

As shown in Extended Data Fig. 2, the experimental set-up can be
roughly divided into five units: (1) an optical beam shaper to create
spatially varying 1D electric field inputs for the 2D-programmable
waveguide; (2) a projector to create a programmable illumination
pattern that controls the refractive index distribution inside the
waveguide; (3) abutt-coupling set-up to couple lightinand out of the
2D-programmable waveguide; (4) a high-voltage source to apply an
oscillating bias voltage across the electrodes of the 2D-programmable
waveguide; and (5) a camera to measure the intensity of the output
beam. We note that the experimental set-up relies on more free-space
optical components than usual for an integrated photonics experi-
ment. Thisis a direct consequence of our decision to keep the fabrica-
tion of the device simple, without lithographically defined structures
forthisinitial proof-of-concept demonstration. We envisionthatamore
compact, fullyintegrated version of the 2D-programmable waveguide
could be built by integrating on-chip lithium niobate modulators and
detectors and a micro-light-emitting-diode display (Supplementary
Information section 7D).

In this section, we provide an overview of the key components
and functionalities of the experimental set-up. For a more detailed
description, including photographs of the optical set-up and specif-
ics onthe components, such as part numbers and manufacturers, see
Supplementary Information section 2.

The free-space beam shaper allows for the realization of arbi-
trary input optical fields E£(x, z= 0) up to a spatial resolution of 2 um
and over a distance of 600 pm. In this experiment, we used the beam
shaper to create both simple input fields, such as a single Gaussian
beam for the Y-branch splitter demonstration, and more complex
input fields for the machine learning demonstrations. This flexibility
also enabled us to freely vary the encoding of input vectors into the
optical field. For instance, we varied the width of the input modes
and adjusted their spacing, which was tailored to each machine learn-
ing task. Finally, because the beam shaper is capable of shaping both
the amplitude and phase of the input field, it was also used to cali-
brate the 2D-programmable waveguide (Supplementary Information
section 4B).

The design of the beam shaper that we built closely follows that
of a previous study*’, which also programmably shapes the input light
coupledintoslabwaveguides. The core working principle of the beam
shaperistocreate spatially varying phase gratings on a2D-phase spatial
light modulator® (SLM; Meadowlark Optics UHSP1K-850-1650-PC8).
We varied the amplitude and relative positions of these phase grat-
ings to control the input optical field E(x, z= 0). A lens after the SLM
performed aFourier transform that separated the diffraction maxima
of the phase gratings, and a spatial filter selected the first-order dif-
fraction maximum. Finally, an optical relay system (comprising lenses
2 and 3, as shown in Extended Data Fig. 2) demagnified the optical
field at the focal plane of the first lens and coupled the light into the
2D-programmable waveguide. Owing to the response time of the lig-
uid crystal in SLM, the fastest update speed of the beam shaper was
approximately 50 Hz.

The projector set-up was designed to create a high-resolution
programmable illumination pattern over alarge field of view. We used
adigital micromirror device (DMD; Vialux V-7000) with a resolution of
1,024 x 768 pixels and a pixel pitch of 13.7 pm. The DMD wasilluminated
withgreenlight (525 nm) froman LED. We imaged the surface ofthe DMD
onto the surface of the 2D-programmable waveguide via a 4f set-up
consisting of two tube lenses. The focal length of the tube lenses was
chosento demagnify theimage of the DMD by afactor of 1.5, resulting in
aprojected pattern on the surface of the 2D-programmable waveguide
with dimensions of 9.1 mm x 6.8 mm, with each individual pixel of the
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projected pattern measuring 9 pm x 9 um. Because the complex wave
propagation spans adistance of 1 mminthexdirection, in practice, we
used only a 9.1 mm x 1 mm region of the projected pattern to control
the wave propagation in the 2D-programmable waveguide. Finally,
although the DMD provides only binary modulation, we achieved con-
tinuous refractive index modulation by applying pulse-width modula-
tionto theillumination pattern. Thisis feasible because the DMD canbe
switched onand offatarate of 20 kHz, much faster than the resistance-
capacitance time constant of the device, which is about 10 Hz.

To maximize the electro-optic effect in lithium niobate, we used
highvoltages of about 1kV. We created sinusoidal voltages with an arbi-
trary function generator and amplified the voltage with a Trek 2220
high-voltage amplifier, which has a voltage gain of 200x and is capable
of outputting voltages of up to 2 kV. Weelectrically contacted the device
using high-voltage-rated probe arms with BeCu probe tips; one probe tip
was putincontact withthe gold electrode ontop of the device, whereasa
grounded probetip touched thesilicon substrate (SupplementaryFig. 9).

We used an a.c. frequency of 10 Hz for the experiments shown in
Fig.2and 26 Hz for the experiments showninFigs. 3 and 4. Becausea.c.
voltage was applied, the desired refractive index distribution was real-
ized at the peak of the sinusoidal modulation. Thus, we triggered the
camerato this peak, which explains the use of a higher frequency for the
machine learning demonstrations to maximize the update rate of the
experiment. Finally, we opted for a.c. over d.c. operation because the
resistivity of the silicon dioxide cladding exceeds the dark resistance of
the photoconductor; under d.c. operation, the photoconductor would
notmodulatethe overallimpedance of the circuit. Future modifications
canenabled.c. operation, such as using an alternative cladding mate-
rial thatis more conductive or by increasing the dark resistivity of the
photoconductor (Supplementary Information section 1B).

To measure the output of the computation performed by our
device, weimaged the output facet of the device with aninfrared cam-
era (Allied Vision Goldeye CL-033). We built a4frelay with a magnifica-
tion factor of 5.3, allowing us toimage the intensity distribution at the
outputfacet, /_,mera(X, y), with aresolution of 2.8 um per pixel and a field
of view of 1.7 mmin the x direction. We defined a small range of y to be
the region of interest and integrated the intensity over this range to
obtain the 1D intensity output of the 2D-programmable waveguide:
Iout () = |[E(6,z=L)]? = fﬁ:j: Icamera(X%,¥)dy. We used an exposure time on
the order of 500 ps, chosen to be much shorter than the period of the
a.c.voltage, which was approximately 40 ms.

Data availability
Alldatagenerated during this work are available via Zenodo at https://
doi.org/10.5281/zen0do.10775721 (ref. 51).

Code availability

Anexpandable demonstration code for simulating wave propagation
through programmable waveguides is available at https://github.
com/mcmahon-lab/2D-programmable-waveguide. The code used
for this work is available via Zenodo at https://doi.org/10.5281/
zenodo.10775721 (ref. 51).
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Extended Data Fig. 1| Fabrication process and device geometry of the layer) by PECVD with alternating plasma pulses to minimize stress. Electrodes
2D-programmable waveguide. Devices were fabricated from thin-film lithium were formed by evaporating 10 nm Tiand 5 nm Au, with tape masking to prevent
niobate on insulator wafers consisting of a heavily doped p-typesiliconsubstrate ~ breakdown at chip edges. Waveguide facets were polished using progressively
with aresistivity of 0.01to 0.05Q - cm, a2 um PECVD silicon dioxide layer, and finer abrasives to reduce coupling loss. The final device has facet dimensions of
700 nm Z-cut MgO-doped lithium niobate bonded by ion-cutting. After dicing, approximately 10 mm x 10 mm.

we deposited 1um of SiO, cladding and 4 um of silicon-rich SiN (photoconductive
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Extended Data Fig. 2| Schematic of the experimental setup. The setup consists
of five key units: (1) abeamshaper to generate spatially varying one-dimensional

optical inputs to the 2D-programmable waveguide, (2) a digital micromirror
projector toimpose a programmable illumination pattern controlling the

refractive-index distribution, (3) butt-coupling optics to couple lightin and out
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ofthe device, (4) (not shown) a high-voltage source applying oscillating fields
across the electrode and conductive silicon wafer, and (5) aninfrared camera to
record the output intensity profile. The beamshaper provides fullamplitude and
phase control of input fields, while the projector enables spatial refractive-index
modulation with continuous pixel-values via pulse-width modulation.
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