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Abstract: Structured light, light tailored in its internal degrees of freedom, has become topical
in numerous quantum and classical information processing protocols. In this work, we harness
the high dimensional nature of structured light modulated in the transverse spatial degree of
freedom to realize an adaptable scheme for learning unitary operations. Our approach borrows
from concepts in variational quantum computing, where a search or optimization problem is
mapped onto the task of finding a minimum ground state energy for a given energy/goal function.
We achieve this by a pseudo-random walk procedure over the parameter space of the unitary
operation, implemented with optical matrix-vector multiplication enacted on arrays of Gaussian
modes by exploiting the partial Fourier transforming capabilities of a cylindrical lens in the
transverse degree of freedom for the measurement. We outline the concept theoretically, and
experimentally demonstrate that we are able to learn optical unitary matrices for dimensions d =
2, 4, 8, and 16 with average fidelities of >90%. Our work advances high dimensional information
processing and can be adapted to both process and quantum state tomography of unknown states
and channels.

© 2024 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Structured light is a valuable resource for information processing [1,2] as it offers the opportunity
for increasing the encoding capacity of many protocols. In particular, structured light encoded in
the transverse spatial degree of freedom, such as its orbital angular momentum [3], position [4]
and pixel/position [5,6], is finding applications in communications [7,8], cryptography [9–13],
imaging [14–16], and computing [17–19]. However, a crucial task is to characterize the channels
that the photons/laser fields are propagated through, and undoing any perturbations that may have
acted on the field [5]. This often involves finding and undoing the transmission matrix, a tedious
process that can be costly from both the measurement and numerical inversion perspectives in
both classical [20] and quantum [21] systems, even if the channel is unitary. Here we ask: can
we instead use re-configurable system that can steer itself towards the channel unitary operator
by learning it iteratively?

Remarkably, hybrid quantum-classical quantum algorithms that merge the adaptability of
quantum circuits with the robustness of classical optimization techniques have recently surfaced
[22], hinting at a answer to this question. Specifically, variational quantum algorithms (VQAs)
[23] are exemplary of this; VQAs exploit the ability to encode a parameterized unitary operator
into a quantum circuit, whose parameters are iteratively adjusted until the solution to a given
problem is found. This framework is implemented in various quantum computing platforms to
model the complex dynamics of molecules [24], solving systems of equations in linear algebra
[25,26], solving quadratic combinatorial optimization problems [27] and for quantum machine
learning [28] (see review on VQA’s [23]). By setting up a problem Hamiltonian (goal/energy
function), a parameterized unitary can be used to probe possible solutions to a given problem.
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Accordingly, the parameters are iteratively updated such as to minimize the goal function; which is
analogous to finding the ground state energy of a Hamiltonian. A classical computer is then used
to check if the goal function is being minimized and adapts the unitary parameters accordingly.
Because quantum computers inherently utilize matrix-vector multiplication between operators
and states, if the VQA framework is to be used optically, a similar mathematical structure is
required for transverse spatial modes and for encoding adaptable unitaries. Notably, digital
devices such as spatial light modulators [29,30] and more recently, re-configurable metasurfaces
[31] can be used to encode parameterized unitaries in the form of phase masks; additionally,
vector matrix multiplication can be achieved using SLMs and Fourier lenses [32].

In this article, we blend the parallel processing power of optical vector-matrix multiplication
together with variational computing principles to develop a method for learning unitary operations
in an optical system. We utilize basis states of lattice Gaussian modes encoded as an array on a
grid and exploit the tensor product structure of the Cartesian plane to realize a parallel processing
approach to evaluating the vector-matrix multiplication, while traversing the solution space of
the desired unitary matrix using a random walk on its parameter space. Our variational approach
finds the unitary operator by minimising a goal function that finds its minimum once the target
unitary operation is found. We demonstrate this for dimensions d = 2, 4, 8 and 16 as a proof of
principle, reaching fidelities above 90% in all cases.

2. Theory

2.1. Variational approach to learning unitary matrices

Our approach is illustrated graphically in Fig. 1(a). Suppose a unitary Û ≡ Û(θ̄), with parameters
θ̄, that satisfies ÛÛ† = I, acts on a uniform superposition |+⟩ ∝

∑︁n−1
j=0 |j⟩ of n states to produce

the state

|Ψ⟩ =

n−1∑︂
j=0

ajeiθj |j⟩,

=

n−1∑︂
j=0
Ψj |j⟩.

(1)

It is a straight forward exercise to see that by undoing the action of the unitary, by applying the
inverse of the operation Û−1 = Û† to the state |Ψ⟩, we can map the state back to the uniform
superposition |+⟩. Furthermore, because |+⟩ = Ĥ |0⟩, where Ĥ is the Hadamard transform
satisfying I = ĤĤ† = ĤĤ, then after applying the operation ĤÛ† to |Ψ⟩ we obtain the logical
basis state |0⟩ ≡ (1, 0, 0, . . . 0)†. As shown, our goal is to find the operator HU† that maps this
arbitrary state |Ψ⟩ back onto the logical basis state |0⟩. This may be crucial for extracting the
transmission matrix of a unitary channel that may act on a optical field, e.g., optical fiber [5], or
atmospheric turbulence [33].

To achieve this, we construct a parameterized unitary Û2(ϕ̄) - to keep the first demonstration
intuitive, we set the amplitude coefficients of the input state |Ψ⟩ to aj = 1 and the unitaries Û to
be diagonal, but with arbitrary phases. Our parameterized unitary is then given by

Û2(ϕ̄) =

⎛⎜⎜⎜⎜⎝
eiφ1 . . . 0

...
. . .

...

0 . . . eiφn

⎞⎟⎟⎟⎟⎠
and Û†

2(ϕ̄) =

⎛⎜⎜⎜⎜⎝
e−iφ1 . . . 0

...
. . .

...

0 . . . e−iφn

⎞⎟⎟⎟⎟⎠
. (2)

This unitary acts on |Ψ⟩ to produce the state

Û†

2 |Ψ⟩ =
∑︂

j
eiθj e−iφj |j⟩ =

∑︂
j

ei(θj−φj) |j⟩, (3)
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Fig. 1. Unitary optimization and output processing. (a) Adaptive process for finding an
unknown Unitary matrix (Û) by utilising a dynamic (parameterized) unitary matrix that has
adaptable parameters ϕ̄. A state is prepared and acted on with the Unitary Û, thereafter,
the dynamic unitary acts on it and the output is measured. The aim is to minimize a goal
function C(ϕ̄) that depends on the measured output. (b) An input beam with a uniform phase
profile (a planewave) is encoded with an unknown phase profile on SLM 1 embedding the
state vector, |Ψ⟩, and transferred to SLM 2 where a dynamic unitary (ĤÛ2(ϕ̄)) is encoded.
The matrix vector multiplication is then realized using a cylindrical lens and the result
emerges in the farfield, encoded into an interference pattern. Upon measurement with the
CCD camera, the measured pattern is then used to compute the goal function, after which
the parameters of the dynamic unitary are then updated and the process is repeated. The
process repeats until the cost function reaches a minimum, i.e., until the target interference
pattern is obtained. (c) Filtering through the zeroth order mode to determine output vector
from the optical matrix vector multiplication. Because the cylindrical lens interferes the
Gaussian lattice horizontally, the result is measured in the vertical direction. We only extract
the intensity of the filtered components. (d) Columns from left to right show a simulation
of the dynamic matrix (top), the observed pattern (bottom left) and the summed filtered
intensities (bottom right) during multiple iterations as it converges to the optimum solution
(target interference pattern).

where we see that the phases contained within θ̄ are uniquely linked with those of ϕ̄. This allows
us to perform a random walk on the parameters ϕ̄ = [ϕ0, ϕ1, . . . , ϕn] until

|Φ⟩ ≡ ĤÛ2(ϕ̄)|Ψ⟩ =

n−1∑︂
j

ĤÛ2(ϕ̄)Ψj |j⟩ (4)

→ |0⟩. (5)
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To ensure that the operator is found, we minimize the square of the trace distance between
the states |Φ⟩ = ĤÛ2(ϕ̄)|Ψ⟩ ≡ ĤÛ2(ϕ̄)ÛĤ |0⟩ and |0⟩. Given such a problem, a suitable cost
function is [34]

C(ϕ̄) = Tr (H0 |Φ⟩⟨Φ|) , (6)

= 1 − |⟨0|ĤÛ2(ϕ̄)|Ψ⟩|
2, (7)

where
H0 = I − |0⟩⟨0|, (8)

satisfying H0 = H†

0 . As such, this problem can be understood from the perspective of
variational quantum algorithms (VQA) [23,26] where our system aims to minimize C(ϕ̄) using a
parameterized unitary, Û2(ϕ̄), to search the solution space, while a classical computer is used
to select parameters in the direction of steepest descent. In this way, searching for the optimal
parameters ϕ̄, is similar to finding the minimum eigenvalue of H0; this is the main goal of VQAs.
Once ϕ̄ = ϕ̄0 is found, then we are guaranteed that Û2(ϕ̄) = Û†(θ̄) since this minimizes our goal
function.

2.2. Optical implementation

We first outline conceptually how this might be implemented optically before outlining the
experimental realization in the section to follow. To implement our approach, we make use of a
fully re-configurable matrix multiplication system [32], consisting of spatial light modulators
and a cylindrical lens shown in Fig. 1(b). We can define transverse spatial modes of light using
discrete position basis states, |j⟩|k⟩ ≡ |xj⟩|yk⟩ ∈ R2, tensor products of discrete positions of states
defined in the x and y Cartesian directions. As such we construct basis elements composed of a
lattice/grid of non-overlapping Gaussian modes, with each state on the lattice given by

|j⟩|k⟩ =
∫

G(r̄ − r̄jk)d2r |x⟩|y⟩ (9)

where r̄ = (x, y) ∈ R2 are the Cartesian coordinates while r̄jk = (xj, yk) are the centres of each
Gaussian mode, and G(r̄ − r̄jk) ∝ e−|r̄−r̄jk |

2/w2
0 are the displaced Gaussian mode functions with w0

representing the waist beam radius of each mode.
The optical operation is as follows: an input plane wave with uniform intensity and phase, as

shown by the input beam in Fig. 1(b), is initialized by the first spatial light modulator (SLM 1)
that encodes the desired Gaussian lattice

|+⟩|+⟩ =
1
n2

∑︂
jk

|j⟩|k⟩. (10)

The same SLM simultaneously implements the operator V̂ = Û ⊗ I which encodes the state
|Ψ⟩ from Eq. (1) across the elements in the x-direction while repeating them in the y-direction
[32], resulting in the state

|+⟩|+⟩
V̂
−→ =

∑︂
jk

Û ⊗ I|j⟩|k⟩ (11)

=
∑︂
jk
Ψj |j⟩|k⟩ (12)

= |Ψ⟩|+⟩. (13)

Here the x-coordinate encodes the state while the y-coordinate will be used later for extracting
the optical vector matrix multiplication result. The state in Eq. (13) is then acted on by the
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dynamic operator M̂ = ĤÛ2(ϕ̄) at the second spatial light modulator (SLM 2), which encodes
the combination of a Hadamard matrix Ĥ and our dynamic unitary Û2(ϕ̄), represented by

M̂(ϕ̄)|Ψ⟩|+⟩ =

n−1∑︂
k=0

M̂kj(ϕ̄)|Ψ⟩|k⟩, (14)

=

n−1∑︂
j=0

M̂kj(ϕ̄)Ψj |j⟩|k⟩. (15)

Propagating the corresponding field through a cylindrical lens applies a one-dimensional
Fourier transform in the x-coordinate, which is analogous to a summing over the elements of
each row of the matrix. Subsequently, by measuring the central zero order components in the
y-direction we obtain a column vector representing the desired multiplication in the y-direction.
This is akin to integrating the j components in the first ket (|j⟩x |k⟩y), therefore, we can extract the
resulting vector elements in the second ket with a single shot measurement, i.e., with a CCD
camera from an array of pixels as in Fig. 1(c), shown here for the case when the resulting product
produces the |Φ⟩ = |0⟩ state as an output while other examples are shown Fig. 1(d). Accordingly,
this leads to a result similar to Eq. (15) and so the state we obtain is

N

n−1∑︂
k=0

(

n−1∑︂
j=0

(︂
M̂kj(ϕ̄)Ψj

)︂
|k⟩ = N

n−1∑︂
k=0
Φk |k⟩, (16)

where N is the normalization factor and Φk are the components of |Φ⟩ = M̂(ϕ̄)|Ψ⟩ for M̂(ϕ̄) =
ĤÛ2(ϕ̄) as desired (see Eq. (5)). After measuring the norm squared of the vector components,
Φk, from the column vector result of the optical vector matrix multiplication, we can compute
the goal function

C(ϕ̄) =
n−1∑︂
k=0

| |Φk |
2 − δk0 |

2, (17)

where δkl is the Kronecker delta and δk0 = ⟨k|0⟩. The equation above measures the trace
distance squared between the state |Φ⟩ and |0⟩, just as in Eq. (7) but by comparing the two
states components wise. As such the goal is to find the parameters, ϕ̄, so that |Φ⟩ = |0⟩ ⇐⇒

U2(ϕ̄) = U†. Therefore, we iterate through the parameters ϕ̄ until the trace distance is minimized
to a precision of C(ϕ̄)<0.005. To search the parameters space, we perform a random walk for
each phase variable and check whether the goal function is being minimized at each iteration, as
shown in Fig. 1(d).

3. Experiment

3.1. Setup and apparatus

As seen in Fig. 2, we used a λ = 633 nm wavelength Helium Neon (HeNe) laser which produced
a coherent Gaussian beam that was magnified to the first spatial light modulator (SLM 1). Since
we magnified and collimated the beam, we ensured that SLM 1 was overfilled with light and that
the field was of uniform intensity and therefore approximated a plane wave. As a result, we could
encode information into the transverse field components (defined in the x − y plane).

At SLM 1, we prepared the desired input state represented by Eq. (1), and propagated it to
SLM 2. Between the two SLMs, an imaging system composed of two lenses of equal focal
length (f = 250 mm) was used. This also allowed us to place an aperture at the Fourier plane of
our imaging system to select only the first diffraction order to be transmitted. On SLM 2, the
field was acted on by the dynamic operator M̂(ϕ̄) = ĤÛ2(ϕ̄) following Eq. (15). This resulted
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in a field where the input state phases were uniquely linked to the phases contained within the
dynamic matrix as in Eq. (3). However, at this point, the field |Ψ⟩ and operator M̂ only enacted a
point-wise multiplication (or Hadamard product). We then completed the matrix-vector product
operation using a cylindrical lens (f = 150 mm) which performed a one-dimensional Fourier
transform - a process that is analogous to a contraction of the rows of the matrix.

Fig. 2. In our experiment, a helium-neon (HeNe) laser was expanded by an objective and
collimating lens to overfill the first spatial light modulator (SLM 1) on which the initial state
vector was prepared, |Ψ⟩. The resulting optical field was relay imaged with the telescope
comprised of lenses F1 and F2 to the plane of SLM 2 which encodes the dynamic operator
ĤÛ2(ϕ̄). The aperture in the Fourier plane of the telescope removed unwanted diffraction
orders. The output from the product of the initial state vector and the dynamic operator
was passed through a cylindrical lens to perform the necessary row summation, captured
by integrating the signal in the y-direction on a CCD camera. Feedback from this output
dynamically adjusted the operator on SLM 2 using a classical optimizer until minimization
of the goal function.

The resultant field was captured by a CCD camera and consisted of multiple interference
fringes, where the zeroth order fringes were singled out and contained the desired resultant vector,
|Φ⟩, encoded as a vertical strip of light containing the elements ∝ |Φk |

2 as in Fig. 1(c). Next,
using each of the normalized measured intensities, we computed the goal function in Eq. (7)
from the normalized measured intensities, |Φk |

2/(
∑︁

k |Φk |
2). It is noted that our goal function

C(ϕ̄) is identical to the χ2-error calculation that is used for maximum likelihood optimization.
At each iteration, the matrix on SLM 2 was altered to represent a new ansatz for, ĤÛ2(ϕ̄), which
produced a new resultant field that was again compared to the target output. This process was
repeated over multiple iterations until the observed output converged to the target output as seen
in Fig. 1(d).

3.2. Results and discussion

3.2.1. State characterization

The optical vector-matrix multiplier was first characterized to determine the fidelity of the
vector projections. We characterized the system by performing a multiplication between a
Hadamard matrix and its various rows - The properties of a Hadamard matrix make it so that the
multiplication by one of its rows resulted in a vector with a 1 in the position of the chosen row
and 0 in every other row as shown in Fig. 3(b). This meant that a map of perfect multiplications
between a Hadamard matrix and all of its rows resulted in an identity matrix. We therefore
compared the results of the multiplications performed by the system to an identity matrix and
calculated their fidelity. This characterization is shown in Fig. 3(a), where it is seen that as the
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Fig. 3. (a) System state characterization. Fidelities of the projective measurements from the
vector-matrix multiplication for d = 2, 4, 8, and 16. Each column in the respective matrices
represents the result of a multiplication between a Hadamard matrix and a vector extracted
from the row of the Hadamard matrix which matches the column index. (b) Examples of the
individual output fields and measurements that were used to construct the characterization
matrices.

dimensions of the matrix where increased, so the elements of the observed vectors became less
resolved with a concomitant decrease in fidelity. This was likely due to cross-talk noise from
neighbouring pixels in the camera, which made it difficult to differentiate the individual fringe
elements when we filtered the output intensity field. This noise can be reduced by increasing the
resolution of the camera, by resizing the encoded fields to increase the width of the zeroth order
fringe or through further optimization of the physical experimental setup. The decrease in fidelity
with increasing dimension can likely be attributed to a misalignment of optical elements within
the physical system, or due to the resolution limits of the CCD camera used to capture the output,
since the resolution restricts our ability to resolve the individual interference fringes. Regardless
of these difficulties, the search algorithm was observed to be tolerant to random interference’s
and continued to converge with a high fidelity regardless of noise. Having confirmed that the
system itself was sufficiently accurate, we could begin to test the variational unitary algorithm.

3.2.2. Random walk plots

The variational approach outlined in Sec. 2.1 utilized a pseudo random walk method as a search
algorithm for the variables ϕ̄. To assess the performance of the algorithm, the random walk
procedure was run 30 times with the maximum length of each random walk being kept constant
at 400 steps for control purposes. The boundaries were set at [−π π], this allowed for the full 2π
phase range to be searched for a solution. The step size of each walk at each step was calculated
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Fig. 4. (a) Random walk plots for each tested dimension, showing the independent phase
variables, represented by each individual line walk, as they converge to a configuration that
minimizes a χ2 cost function. (b) Examples of the desired output intensity (left) and the
average solved output intensity (right).

using the χ2-error (which is analogous to C(ϕ̄)) between the observed and target output fields,
therefore, as the phases of the unitary matrix converged to their desired values, the step size
decreased in parallel. Examples of these random walk plots are shown in Fig. 4(a) - it is seen
that the 2D and 4D plot converge quickly and therefore the first few steps of each plot have been
enlarged for clarity. Representation of output state characterizations for each tested dimension
(2D, 4D, 8D and 16D) are shown in Fig. 4(b) - these examples were chosen to represent the
average of the optimum output states across all test runs. They were obtained using the process
outlined in Fig. 1 and we see that regardless of the noise at higher dimensions, the variational
algorithm was still able to converge towards a high-fidelity solution.

3.2.3. Fidelity measurements

To determine the viability of the experimentally solved solution, we calculate its fidelity against a
target unitary. The target unitary chosen was a diagonal matrix similar to those in Eq. (2). The
phases in the target unitary were the input state phases themselves, the Hermitian conjugate of
this target unitary would be the optimum unitary for canceling the phases of the input state. The
fidelity of the experimentally solved phases were calculated as

F =
|︁|︁|︁|︁Tr(Û†

solved · Ûtarget)

d

|︁|︁|︁|︁, (18)

where Tr is the trace. We take the trace of the product between the experimentally solved unitary
and the target unitary - if the phases of the solved unitary matches the phases in the expected
unitary sufficiently, the product between the two will result in a identity matrix that’s trace will
be equal to the length of the unitary - this result is therefore normalized by dividing by the
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Fig. 5. (a) Fidelity measurement for each run for 2, 4, 8, and 16 dimensions with the error
bars showcasing the standard error for each dimension, however, the error bars are smaller
than the data points. (b) The average fidelity for each dimension as the maximum number of
steps in each run is increased, where the error bars represent the standard error as before.

dimension (d) of the vector that is being solved for. Taking the absolute value of this results in a
value that lies in the range [0, 1] where a higher fidelity corresponds to a stronger correlation
between the solved and target unitary’s. The fidelities for each dimension was calculated for
N = 30 runs, shown in Fig. 5(a) - with the standard error in these fidelities being calculated
as, SE = σ√

N
, where σ is the sample standard deviation of the fidelities from all the test runs

and N is the number of runs. On average, the experimental unitary matrices were found with
a fidelity of F = 99.592% ± 1 × 10−3% for d = 2, F = 97.838% ± 4 × 10−3% for d = 4,
F = 94.939% ± 4 × 10−3% for d = 8 and F = 92.687% ± 7 × 10−3% for d = 16. It can be seen
that the d = 2 case consistently achieved fidelities greater than 99%, the d = 4 fidelities remained
greater than 95% and the d = 8 and d = 16 cases oscillated comfortably above 90% fidelity.
These high fidelities suggest that the system successfully solved for a unitary matrix that both
cancels the phases applied to the input beam and sufficiently matches the phases contained in
target unitary. However, it must be noted that unitary matrices are not unique by nature, therefore,
the phases of the solved unitary matrix may differ from the input phases by a global phase factor.

The maximum number of steps for the random walk was varied and the average fidelities and
their relative standard errors were recorded in Fig. 5(b) - it is clear that as the maximum number
of steps increases so does the average fidelity, whilst the standard error decreases. This infers
that the accuracy of the result will improve if it is given more time to converge, meaning that
lower fidelities at higher dimensions is not necessarily observed due to a limitation in the system.
Rather, it is more likely due to the increased number of variables that are needing to be solved
for, therefore, more iterations are needed to minimize the global error between the various phases
elements.

4. Discussion

As presented, the results show that our technique, which is inspired by variational computing
approaches, but implemented using an optical vector-matrix multiplier, is both robust to noise and
capable of learning unitary matrices by minimising a goal function that makes use of projective
measurements of a resultant field. This approach can be applied to the reconstruction of various
channels, matrices of complex and disordered mediums [5,35] and perhaps for simulations of
simple molecules, as was initially intended by the developers of variational quantum computing
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framework [24]. This is thanks to the re-configurable nature of SLMs and the matrix multiplication
framework [32]. The re-configurable nature of SLMs makes our approach dynamic and adaptable.
Besides SLMs, re-configurable meta-surfaces are also a promising candidate as they allow
for sub-wavelength modulation of optical fields, thereby increasing encoding dimensions and
resolution [31,36]. This can help overcome challenges with scaling the system up; since the
number of variables to be solved increases the resolution requirements of the system.

We restricted the class of unitaries to diagonal matrices and only used a single state as an input
to the unknown unitary operator. This was done since it is customary in VQAs to select problem
inspired unitaries and input states, whereas, generalized or universal unitary parameterizations
are preferred and the input states can be optimized. Nonetheless, we highlight that restrictions can
be imposed on the class of unitary operators that can be searched for and that local minima can
be encountered during the searching and optimization procedures. Adopting alternate versions
of VQA’s can be beneficial, in particular, by implementing an architecture similar to Quantum
Approximate Optimization Algorithm (QAOA) which uses two unitary operators [23], i.e., a
mixing unitary that transforms the input state into other states in the hilbert space and a second
unitary that searches the parameter space. This would make the approach access a wider range
of unitary operators. In our implementation, this would require an additional SLM modulation
that can perform the state mixing before the searching procedure. Accordingly, this would be
similar to the implementation of dynamic versions of MPLC’s [36–38]. As such, having the
ability to iterate through different states that probe the channel during the search procedure would
grant our scheme similar capabilities as quantum process tomography [21]. Furthermore, another
challenge to overcome is; as the dimensions of the matrices are increased so does the number of
iterations before convergence, this can increase the convergence time of the approach. Besides
using optimal strategies, such as gradient based parameter selection, increasing the modulation
and detection speed of our dynamic unitary (SLM) and camera, respectively, can compensate for
the increased time complexity due to the parameters [39]. In traditional VQAs, most algorithms
are pared with a classical optimizer, e.g., genetic algorithm [40] or particle swarm algorithm
[23,39]. Adapting our random walk approach with such optimization techniques can help.

On the other hand, faster modulation devices such as digital micro-mirror devices (DMDs)
[41–43] can be implemented, potentially reaching modulation frequencies in the kHz regime
(with others promising modulation speeds in the MHz regime [44]). Furthermore, since the
array of values that determine the output results (measurement outcomes) requires single pixel
measurements, high speed CMOS cameras or SPAD arrays can be adapted to match the modulation
speed of the modulation device.

5. Conclusion

We have demonstrated a technique that blends optical matrix multiplication and variational
quantum computing to learn unitary transmission matrices in photonics systems where the
transverse spatial degree of freedom is used as a resource. We showed that the problem of
learning a unitary operation that acts as a perturbation on a laser field, given a suitable goal
function, is similar to finding the ground state energy of a Hamiltonian given a corresponding
parameterized unitary that can be used to search the parameter space. In our approach we used a
lattice/grid of Gaussian modes as our encoding basis, where the transverse Cartesian coordinates
act as two registers that can be controlled in-order to enact operations - which is useful for
extracting measurements that can be used to compute the goal/cost function (analogous to the
observable of the problem Hamiltonian). The dynamic nature of our approach makes the scheme
diverse and adaptable and we showcased this approach using 2-dimensional to 16-dimensional
encoding.
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