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Inverse design methods use optimization and learning algorithms to pair
desired functionalities with the corresponding high-performing systems. Such
methods have significant potential for discovering novel photonics solutions,
with inverse design techniques already mediating significant milestones in
nanophotonics, quantum optics, and lens systems. However, while
computational tools for identifying optimal system parameters (i.e.,
component settings) have reached significant maturity, the identification of
suitable system topologies (i.e., component choice and arrangement) has
remained challenging, especially for the design of complex photonic schemes.
Here, a framework for the inverse design of practical photonic systems is
presented, capable of efficiently and automatically searching for
high-performance topologies and their associated operational parameters.

It is demonstrated that the approach can aid in the discovery of practical
photonic systems, that are both physically feasible and non-trivial, by
leveraging system-level automatic differentiation and discrete topological
changes. The versatility of the platform is supported with example designs for

dependent performance metric (ie.,
loss/cost/fitness/figure-of-merit

function,l!l and search algorithms
are then used to optimize this metric
and identify high-performing systems.!?]
Inverse design methods have been
instrumental to recent performance
records for nanophotonic devices,!*
meta-optics,>®! lens systems,”! and
quantum optical setups!!®! — milestones
enabled by concurrent advancements
in fabrication capabilities and design
techniques. Similar approaches have
also been adopted more broadly across
scientific disciplines, e.g., for the dis-
covery of novel electronic circuits,!'12]
materials,"*!* artificial neural network
architectures,'>1%] quantum circuits,!'’]
biosystems,!!8]  and  pharmaceutical

waveform generation, noise suppression, and sensing, among others.

1. Introduction

In recent years, inverse design has emerged as a promising
and effective approach for advancing and discovering new pho-
tonic schemes. In this paradigm, form follows function: the
desired system functionality is first defined via an application-
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compounds.[*]

The design of photonic schemes
requires consideration of the system
topology and its associated operational
parameters. Topology corresponds to the choice of components
comprising the system (e.g., sources, modulators, detectors) and
how they are arranged, while operational parameters correspond
to the settings of these components (e.g., source optical power,
modulation patterns, detector gain). The design of such systems
can be challenging (Figure 1): setups must often bridge the elec-
trical and optical domains, achieve multi-parameter performance
targets, and rely on the complex interplay of system processes,
e.g., gain, loss, modulation, dispersion, interference, nonlinear-
ity, etc.l224 As early as the 1950s, numerical approaches have
been used to support photonics design,!?* ultimately evolving
into today’s rich ecosystem of optics simulation and optimization
techniques. Nevertheless, the state-of-the-art in photonic systems
often remains hampered by time-consuming design-test cycles
and by the limits of human intuition,[?*! especially for complex,
high-dimensional design spaces.!2°]

Methods to identify optimal system parameters are well-
developed in photonic inverse design. Early demonstrations
in optics made common use of black-box/derivative-free opti-
mization techniques, such as genetic algorithms!?’] and simplex
methods!?®! to identify optimal parameters for fixed system
topologies. More recently, gradient-based methods (relying on
computing derivatives of the performance metric with respect
to system parameters) have enabled a dramatic expansion of
the size and complexity achievable with inversely-designed
optical systems. For example, the use of adjoint methods!?%3l
has allowed impressive realizations of high-performance
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Figure 1. Design of photonic systems. Photonic systems are generally comprised of standardized components (e.g., lasers, filters, modulators — top
panel) that are arranged into unique setups. Together, the system topology (left) and the set of component parameters (right) define a system, the
operation of which is then mediated by an interplay of photonics processes (e.g., loss, gain, dispersion) that are unique to the setup. While high-quality
designs are the basis of the many photonics technologies in use today, finding the specific system topologies and parameters that are appropriate
towards a defined functionality remains difficult, especially for complex use cases. Inverse design methods aim to invert the flow illustrated in the
figure, beginning with the definition of a target functionality and leveraging search/optimization algorithms to identify promising system topologies and

parameters.

nanophotonic splitters/couplers®32l and multiplexers,3334
among others. More generally, automatic differentiation
tools[*>3¢1 (AD, i.e., algorithmic differentiation) compute deriva-
tives with minimal programming and analytical overhead, even
for complex models. Spurred by the growth of machine and
deep learning, numerous mature and easy-to-use AD tools!?”]
are now available, enabling the rapid development of differ-
entiable photonic models and associated design tools, such as
gradient-based optimization techniques (e.g., gradient descent
variants,38 quasi-Newton methods[**) and gradient-based sen-
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sitivity analysis (e.g., local perturbation analysis,[*®) Hessian
analysis.[*!l The efficient identification of optimal photonic
system parameters via AD has been demonstrated for, e.g., lens
systems,[*2] meta-optics,’! and nanophotonic devices.3]
However, inverse design techniques that optimize system
topology alongside component parameters are, by contrast,
underdeveloped. The possible topologies of a photonic system
correspond to a discrete combinatorial space (Figure 1a). Meth-
ods for exploring such a design space tend to be demanding,
generally requiring: (i) a mechanism to sample distinct, yet
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Figure 2. Inverse design framework for functional photonic systems: a) Representation of systems as directed, acyclic graphs (DAGs), with edges and
nodes corresponding to different photonic elements from the b) library of photonic element models. The library is comprised of four classes: sources,
detectors, components, and connectors. c) Flowchart of the automated search for new photonic signal processing systems. The design space of photonic
systems is explored via iterative mutations of the DAGs, with system parameters optimized at each iteration. A list of the best-performing systems (i.e.,
Hall of Fame) is updated throughout the search and finally output to the user for further analysis and experimental implementation.

valid, designs; and (ii) a way to evaluate and select system
topologies. Recent demonstrations of topology search include
the design of, for example, quantum optics setups that produce
complex entangled states,'%*] and optical lens systems with
optimal arrangements of component lenses.[”##*] However, such
demonstrations in photonics continue to be limited to specific
applications and geometries (with the majority of results also
focusing on non-parametrized components), meaning that the
accessible range of photonics designs remains constrained by
human intuition and bias.

Here we introduce an inverse design framework for the ex-
ploration of both the topology and parameter design spaces as-
sociated with photonic systems. The guiding principles of our
approach are the physical realizability of designed systems, ver-
satility in the photonic applications targeted, and a balance be-
tween exploring and converging on designs. Towards these ends,
we use a compact, general, and evolvable graph representation
of photonic setups, alongside system-level differentiation capa-
bilities for gradient-based optimization and sensitivity analysis.
Within our framework, we also promote different solutions in the
final systems, while also aiming to minimize the number of sys-
tem components. We illustrate the effectiveness of our approach
by designing example photonic systems in fiber and integrated
optics. Our methodology is highly flexible, and can be adapted to-
wards realizing free-space, fiber, integrated, and hybrid photonic
platforms.

2. Methods

In our method, system topologies are represented as directed
acyclic graphs (DAGs, Figure 2a). Graph vertices, V,, repre-
sent components which separate and/or combine propagation
paths (e.g., splitters, couplers), while graph edges, E;, represent
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components that operate within a single propagation path
(e.g., sources, detectors, and control elements). The direction
of light propagation is represented by the edge direction (see
Experimental Section). In the simulation, each vertex or edge
corresponds to a particular photonics component, ¢; (Figure 2b),
which is modelled with a component-specific transfer function
that is dependent on a vector of experimentally-tunable values,
0. . In the present work, our component library comprises stan-
dard fiber and integrated optics components for time-frequency
signal operations (see Supplementary Materials), yet the library
can easily be amended, e.g., to reflect available infrastructure. A
complete system description is thus provided by the graph topol-
ogy G(V, E) alongside the parameter vector 6, € RN¢, where N
is the total number of system parameters. Once G and 0, are set,
the system behaviour is simulated by composing the component
transfer functions in the order defined by the graph topology.
Light propagation is simulated in a feedforward manner from
the source terminal vertex(s) to the sink terminal vertex(s) (solid
grey circles in Figure 2a). While this representation does not
encompass, e.g., loop-based structures and does not account for
backwards-propagating light and reflections, it is closely tied to
the physical setup, experimentally intuitive, and computationally
straightforward.

Additionally, we translate the design objective or desired sys-
tem functionality into a loss function L(G, ), which quantifies
the relative performance of candidate systems. This could be,
for example, the mean-squared error (MSE) calculated between
a targeted and simulated optical output, or the amount of power
in a specified optical wavelength or photodiode radiofrequency
band (see Experimental Section). Leveraging automatic differen-
tiation of the optical system propagation, first- and higher-order
derivatives of the loss function(s) with respect to system param-
eters, 6, can be efficiently computed. We subsequently use a
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Figure 3. Methods for photonic system topology search. a) Graph mutations produce new system topologies by enacting discrete, elementary changes.
These operators are stochastically applied at each generation of the evolutionary algorithm, adding, swapping, and removing components to produce
the next generation of topologies. b) Automatic, derivative-based sensitivity analysis guides topology evolution by removing (with a higher probability)
components that demonstrate little influence over the system. c) To promote diverse systems, candidate setups are clustered by graph similarity using
the Graph Edit Distance metric. High-performing, unique systems are recorded in the Hall of Fame, which is returned to the user at the end of the search.
MLL: mode-locked laser, PD: photodiode, PM: phase modulator, DF: dispersive fiber.

gradient-based sensitivity analysis (see Experimental Section)
to efficiently estimate how changes in component parameters
effect the overall system performance,*!l both individually
and in combination, which can be used to guide experimental
implementations of designs.

Our approach has two interlinked parts: parameter optimiza-
tion and topology search (Figure 2c). The parameter optimiza-
tion, for a fixed system topology, is a multivariate, bounded op-
timization problem which can be approached using many stan-
dard routines. We employ a hybrid technique comprising a ge-
netic algorithm for a coarse-grained search of the parameter
space, followed by gradient-based optimization for fine-grained
convergence towards the closest local minimum, 8. We find this
method to be robust in targeting a variety of functional character-
istics and loss functions without requiring the tuning of hyper-
parameters or making application-specific changes to the algo-
rithm (see Experimental Section).

In turn, our topology search is based on an evolutionary al-
gorithm. We employ a set of fundamental graph mutation rules
to iteratively produce new system topologies. For every iteration,
each candidate DAG can undergo one of four different muta-
tion operators (Figure 3a). Most importantly, these operators have
been constructed to preserve the physical realizability of the pro-
duced systems, such that any system realized through iterative
mutations can be mapped into an experimental setup. The prob-
ability of applying each of these mutation operators is adaptive
(i-e., iteration-dependent), providing a mechanism to modify the
trade-off between exploration and exploitation as the search pro-
gresses. To further guide the topology search and manage system
complexity, we introduce a heuristic method based on gradient-
based sensitivity analysis to remove photonic components that
have little effect on the overall system performance (Figure 3b,

Laser Photonics Rev. 2024, 18, 2300500 2300500 (4 of 9)

see Supplemental Materials). Specifically, this mechanism aims
to remove extraneous components that are unnecessary to realize
the target functionality and which neither increase nor decrease
the loss function value (thus having no selective pressure to be
removed). Finally, our method prioritizes the return of diverse
designs through a ‘Hall of Fame’ (HoF),!**] which contains the
highest-performing systems found during the search. The HoF
is updated during each iteration of the topology search, based
on the performance of the systems after parameter optimiza-
tion (see Figure 2c). To enforce diversity among entries and en-
sure similar designs do not overtake the HoF, a minimum Graph
Edit Distance (GED)!*6#’] is used as a threshold between designs
(Figure 3c and Supplemental Materials).

3. Results

Bringing these aspects together, our method can autonomously
explore the photonic system design space for a wide variety
of target functionalities. Using the Python programming lan-
guage to implement our framework (see Data Availability), we
demonstrate the autonomous design of function-defined optical
systems.

First, we target setups that output specific high-rate radio-
frequency waveforms (Figure 4a, so-called photonic arbitrary
waveform generation — an application case gaining traction as
the bandwidth limitations of existing electronic technologies are
reached.[*®-52] Here, we target a 12 GHz electronic sawtooth wave-
form, representing our loss function in the electrical domain as
the MSE between the system’s photodiode output and the tar-
get waveform (see Supplemental Materials). To illustrate the evo-
lution of topologies during the course of the search, we visu-
alize the intermediate setups, i.e., the ancestors of the highest-
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Figure 4. Topological search for photonics systems. a) Convergence of system performance through evolutionary topology search, targeting setups
capable of producing a specific RF waveform. The optimization begins with a population of identical, minimal optical systems (top left), and as new
topologies are generated via the mutation operators, components which enable the desired optical effect are added iteratively. Here we show the loss
value of all system topologies in each generation (solid blue circles, total of 12 generations), the current entries to the HoF (red crosses), as well as
the ancestors of the final, highest-performing system (green triangles). b) Selected systems for pulse repetition rate manipulation, suggested by our
framework. These reproduce a variety of well-known experimental techniques, including (from left-to-right), split-and-delaying of a pulse train, controlled
pulse dispersion via the temporal Talbot effect, and line-by-line amplitude and phase filtering. CW: continuous wave laser, MLL: mode-locked laser, PD:
photodiode, DL: delay line, IM: intensity modulator, WS: waveshaper, OA: optical amplifier, DF: dispersive fiber.

via dispersive propagation of light;*3! and C) the line-by-line spec-
tral amplitude and phase shaping of the pulse train via a pro-
grammable filter.[®! The system parameters found for these de-
signs match well-known, analytically-optimal values: the optical
delay in system A is almost exactly equivalent to half the input
pulse period, and the fiber length parameter in system B satis-
fies the temporal Talbot condition for doubling the pulse repeti-
tion rate.

Further, by making the photonic simulations fully differen-
tiable, our framework can target loss functions made uniquely
accessible via automatic differentiation. By using AD, loss func-
tions can incorporate arbitrary derivative terms corresponding
to rates of change for system observables with respect to system
parameters. As an example, we target the design of an ‘optical

performing system (Figure 4a). We note that the designs sug-
gested by the framework make use of operating principles that
are well-established in experimental literature,[*) without any ex-
plicit introduction of such concepts to the algorithm. The total
runtime for the search procedure is 16 minutes (all reported run-
time results are for a standard desktop workstation, see Supple-
mental Materials).

Next, we target the design of photonic systems that manip-
ulate the repetition rate of a pulsed laser — a common signal
processing task required for applications such as pump-probe
measurements,!>] arbitrary waveform generation,>* and optical
signal denoising.I>>! We present three high-performing system
designs from the output HoFs of two search runs (Figure 4D, 63
minutes total search time), aiming for setups that halve the pulse
period and peak power (see Supplemental Materials). The sys-

tems found are reflective of common and niche designs found ) o , .
in the literature, relying on both more and less intuitive tech- (equivalent to maximizing the system’s phase sensitivity), where
P, is the average optical power measured at the system output

niques: A) a split-and-delay method using a two-arm Mach- avg *> © 4 ' )
Zehnder interferometer;**! B) the temporal Talbot effect enacted and 6, is the optical phase-shift parameter imparted by a phase-

, L . oP,,
sensor’, by minimizing the loss function £(G,0;) = —|—*|
? Og
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Figure 5. Targeting extended photonics functionalities. a) With automatic differentiation, system functionalities based on derivatives, such as sensitivity,
can be incorporated into the loss function. b) The impulse response of candidate systems is used to converge on the design of the targeted rectangular
spectral filters. The optimal systems suggested by our framework make use of multiple interference effects, proposing a FIR filter of concatenated Mach-
Zehnder interferometers (58). c) Random additive noise models are used to simulate corrupted signals. Here, a system capable of recovering a true
signal under noise is targeted. All systems shown are the highest scoring graphs in the respective HoF. CW: continuous wave laser, MLL: mode-locked
laser, PD: photodiode, PS: phase shifter, DL: delay line, VOA: variable optical attenuator, IMP: impulse response.

shifting (PS) element (constrained to remain in all candidate
designs in this search). The best-performing system returned by
our framework corresponds to a Mach-Zehnder interferometric
setup (Figure 5a, 23 minutes total search time) that obeys well-
known experimental criteria for maximizing phase sensitivity:
losses between the arms are balanced, the central phase param-
eter is set to 6, = 7/2 (a maximum sensitivity point), and the
input laser’s optical power is maximized to its upper bound. This
simple demonstration suggests that our method can aid in the
design of systems that have, for example, high sensitivities and
can act as sensors, or, on the other hand, have low sensitivities
and are stable against imperfections and perturbations.

Our inverse design framework can also target systems that en-
act specific optical transfer functions. We illustrate this with the
design of an optical filter, obtained by optimizing the impulse re-
sponse of candidate systems in the spectral domain (Figure 5b,
199 minutes total search time). Note that in Figure 5b,c, we con-
strain the components accessible to our software implementa-
tion to those that are well-established in the integrated photon-
ics platform, as we found that the path coherence demanded
by the suggested designs could prove experimentally challeng-
ing in fiber®! (see Experimental Section). In this example, the
suggested filter designs are comprised of concatenated Mach-
Zehnder interferometer structures (Figure 5b left). We note that
using more search iterations yields yet more exotic topologies
(Figure 5b right).
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Finally, while automatic sensitivity analysis techniques (see
Supplemental Materials) are beneficial in estimating how param-
eters influence the loss function, they do not encompass all non-
idealities encountered in real photonic systems, e.g., stochastic
thermal, mechanical, and electronic noise processes. Towards
considering such factors, for active photonic component models
(e.g., laser sources, photodiodes, and amplifiers) we incorporate
an additive Gaussian noise model. As an example of its use (and
its compatibility with AD, see Experimental Section), we target
the recovery of an input noisy signal (Figure 5c). The highest-
scoring HoF systems here (and in Figure 5b, 11 minutes total
search time) are seen to reflect the operational principles of lat-
tice Mach-Zehnder interferometer filters.[®]

4, Conclusion

In conclusion, we have demonstrated a novel framework for the
inverse design of photonic systems, which is based on an evolv-
able graph representation of system topologies alongside system-
level automatic differentiation. The method is general and flex-
ible — a broad range of photonic functionalities can be targeted
with minimal changes to the underlying system representations
or algorithms. Here, we demonstrate its use in identifying diverse
photonic systems for optical waveform generation, filtering, and
sensing tasks. Furthermore, we compare our model with spec-
tral shaping measurements, finding very good agreement with
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the related experimental results (see Supplemental Materials).
The identified systems match with both well-known and niche
experimental techniques in the literature, illustrating the ability
of our approach to discover design classes without explicit pro-
gramming. To further increase access to computer-inspired op-
erating principles (i.e., systems that use optical processes in a
novel or surprising way), future work should reduce the domain
expertise injected into the algorithm,*! e.g., through more gen-
eral model representations/parameterizations and new topology
sampling methods.

Our framework can be readily extended to the design of sys-
tems based on other optical degrees-of-freedom (e.g., polariza-
tion, orbital angular momentum) or component platforms. In
particular, the approach can be adapted towards photonic sys-
tems in free-space, fiber, integrated, and hybrid optics by tai-
loring the component library and objective metrics. As well, we
foresee that it can be extended to account for nonlinear optical
phenomena and cavity structures (for example, by using more
sophisticated numerical approaches like the split-step Fourier
method or Lugiato-Lefever equation!®*®l). We note that the soft-
ware can be easily adapted to take into account hardware-specific
considerations or available infrastructures by, e.g., constraining
the model library, bounding the component parameters, or im-
plementing additional rule-sets into the topology evolution. Such
extensions would be particularly suited to the design of pho-
tonic integrated circuits,®?! where fabricable components are of-
ten limited to well-defined building block elements (for example,
modulators, delays, couplers). Future work should also aim to
merge component-level and system-level inverse design methods
through an end-to-end differentiable design flow — which would
provide an invaluable tool in the search for novel computer-
inspired photonic solutions.

5. Experimental Section

Software Implementation: The inverse design framework was realized
in the Python programming language (see Data Availability). All results
presented here were based on designs suggested autonomously by this
implementation. The topology search leverages parallel processing, such
that the parameter optimization and sensitivity analysis of each system
were computed in parallel on separate cores. All numerical runs were per-
formed on a 16 CPU core Intel workstation with 16 GB RAM.

Modelling of Photonic Systems:  As part of the approach, photonic sig-
nal processing systems were represented as graphs which were directed
(specifying the direction of optical propagation), acyclic (constraining the
photonic circuits to be feed-forward, i.e., disallowing optical cavities, which
would require more sophisticated simulations), and may contain multiple
edges between the same nodes (i.e., a multi-graph, which represent in-
terferometric paths). Component models can be defined in both the tem-
poral and spectral domains directly, as derivative terms can be tracked
through complex-valued functions such as the Fast-Fourier and Inverse
Fast-Fourier Transforms, providing efficient system-level differentiation of
the optical propagation. Simulations consider single-mode, axial prop-
agation of the time-dependent electro-magnetic field, E(t), and assume
that polarization and nonlinear optical effects can be ignored. The com-
ponents were all modelled with appropriate per-element losses. The pho-
tonic models were grouped into four classes: sources, detectors, connec-
tors, and components (see Supplementary Text). This allows for optical
elements of the same class to be exchanged by the graph mutation oper-
ators, while maintaining the physical realizability of the system. Terminal
nodes (dark grey circles) simply define the start and end of propagation.
The order in which components were simulated was determined by graph
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topology. Stochastic noise can be included on active photonic elements
(e.g., lasers, amplifiers) via additive Gaussian noise models, sampled as
a pseudo-random vector and added to the electro-magnetic field. During
automatic differentiation, these noise vectors were treated as constants,
yet resampled periodically during the optimization procedure.

Loss Functions and Parameter Optimization: A loss function summa-
rizes the targeted objective of the design. In the first examples presented
(Figure 4), the Euclidean distance was minimized (i.e., the mean-squared
error, MSE) between a targeted, time-dependent optical intensity wave-
form and the waveform generated by the design. For a photonic system
graph G with parameters 6, the loss function takes the form,

1 2
L (G/ OC) = ? 4 (’target (t) - Igenerated (tv G, 90)) dt (M

where I, oe (Igenerated) Was the target (generated) optical intensity, | (t) =

|E(#)|?, and T was the temporal simulation window. Prior to computing
this distance function, any global phase shift between the target and gen-
erated waveforms was compensated for by matching the optical phases
at the fundamental harmonic frequency of the target waveform. This
loss function was also used to optimize electronic waveforms by replac-
ing the optical intensity terms with target and generated time-domain
radio-frequency signals measured at the terminating photodiode (as in
Figure 4a). The complexity of computing the gradient of this loss func-
0L(G,0¢)

006
imately linearly with the number of parameters.[3%! For coarse optimiza-
tion of the parameters, a standard genetic algorithm was used,[®3] which
was then followed by gradient-based optimization via the limited-memory
Broyden—Fletcher-Goldfarb—Shanno (L-BFGS) algorithm.[3°]

Gradient-Based Sensitivity Analysis: In real systems, parameters often
change over time and vary between implementations due to, e.g., finite
fabrication tolerances and component aging. Local sensitivity analysis was
used to estimate the impact of parameter perturbations on the system
performance, providing insight into the operation and the limitations of
designs. Using the gradient vector for sensitivity analysis has limitations
in that it does not characterize sensitivities at stationary points (e.g., loss
function minima) and only quantifies the effect of each parameter in iso-
lation. The second-order derivative Hessian matrix, Hg, a real, symmetric
matrix with elements H;; = 92 L£/00;00;, was further used to estimate how
combinations of parameters influence system performance.l*!l Eigen-
decomposition of H¢, can be used to extract interpretable, experimentally-
relevant information about the underlying operation of the system. An ex-
ample of such a Hessian-based analysis is reported in the Supplementary
Text (see Figures S1and S2, Supporting Information) and show that, be-
sides providing useful characterization, the method can also uncover sys-
tem design redundancies, which heuristically was used when iteratively
mutating the topologies.

Topology Search:  New system topologies were generated by iteratively
applying graph mutations. At each generation of the evolutionary algo-
rithm, graphs which seed the next population were selected via a tourna-
ment selection process.[®3] This method was beneficial over, e.g., fitness
proportional selection, as it was invariant to the scale of the loss function.
The top 5% of graphs were copied, unchanged, to the next population,
which ensures that these graphs have further opportunities to improve
and that their genetic information was not lost (a mechanism known as
elitism).

System topologies were altered via the following graph mutations: add
a node and an edge (M,gdnodeedge): add an edge between two existing
nodes (M,qqeqge), remove an edge (M emoveedge), ©F swap a photonic el-
ement model on a given node or edge for another of the same device
class (Mgyapmodel)- The first two mutations, Mqgnodeedge aNd Maddedge:
are equivalent to adding a new optical element in series and in paral-
lel (i.e., a cascaded and an interferometric-type setup), respectively. The
topology search was initialized with minimal systems, for example those
composed only of a single optical source and detector. As the optimization
progresses, new photonic elements were automatically added, changed,
and removed from the system(s) by stochastically selecting and applying

tion | . viareverse-mode automatic differentiation scales approx-
0
G
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these mutations. The nodes and/or edges in the graph on which the muta-
tions were enacted, as well as which model was added, were selected with
uniform probability — with the exception of M,moyegdges Which is discussed
below.

Both mutations M, dqnodeedge 3Nd Maddedge €Xpand the size of the graph
(increase the cardinality of the edge and/or node set), while Miemoyeedge
contracts it (decreases the cardinality of the edge and/or node set). Thus,
by balancing the relative probability of selecting these mutations, one can,
to some extent, control the trade-off between exploration and exploitation
— i.e., whether the algorithm tries new designs or aims to improve al-
ready discovered ones. An adaptive mutation probability was used, which
trades off between exploration and exploitation during the topology search
process. Initially, the probabilities of adding components, Prg(M,gdnode)
and Pro(Mqdnodeedge), Were high while the probability of removing com-
ponents, Pro(M emoverdge), Was zero. As the optimization progresses,
these probabilities trade off linearly with the number of generations: the
probability of expanding the graph size decreases while the probabil-
ity of contracting the graph size increases. Specifically, Pr; (M g4node) =
Pr; (MaddNodeEdge) =0.25(1-i/N), Pr; (MremoveEdge) =0.5(i/N) where i
is the iteration.

During the topology selection stage, each element within a DAG was
assigned a ‘total sensitivity score’ based on the Hessian matrix. Ele-
ments with a lower sensitivity score were removed with higher probability
(Figure 3b). The sensitivity score was defined as

N, <N,
B 2 21:61 oiojH;;

SC
2
NC

)

where i, j are indices corresponding to the N, real and bounded param-
eters of the component ¢. This total sensitivity score was used to guide
which element was removed, but does not alter the overall probability
Pri (Mremoveedge) - Scaling factors, o;, were included to account for different
parameter units/scales and reflect parameter imprecisions. This removal
was stochastically chosen and uses a tournament-style selection, such that
the probability of an element being removed increases with a lower sensi-
tivity score.

When updating the HoF, which tracks the best-performing systems so
far, entries were clustered by their Graph Edit Distance (GED),!*¢! which
was determined via a weighted sum of the number of graph edit operations
required for one graph to transform into another. A threshold GED value
was defined such that there was a minimum difference between all pairs
of systems in the HoF (a threshold of 1.5 was used in the results shown
here).

Targeted Photonic Applications: The following search settings were
used for the example tasks demonstrated in this work. The waveform gen-
eration and pulse repetition rate manipulation examples (Figure 4a,b) use
the MSE between the target and generated waveforms as their loss func-
tions; the former was calculated in the electronic domain (i.e., after optical-
to-electronic conversion, accounting for the photodetector bandwidth),
while the latter was calculated directly in the optical intensity domain. It
was assumed that the input pulse train was unchirped, Gaussian, and did
not produce nonlinear optical interactions during propagation. The pulsed
laser was constrained to remain fixed in the setup through the entirety of
the topology search. Optimal systems in Figure 4b were selected from the
HoFs of 2 runs of the algorithm with the same settings (8 generations,
population size of 8, HoF size of 8).

The example in Figure 5a uses the detection sensitivity as its loss func-
tion, i.e. the derivative of the average optical power measured at the termi-
nating graph node with respect to the phase shifting (PS) element in the
setup. The PS element was constrained to remain within the setup, but the
phase shift that it imparts was adjusted during parameter optimization.
Finally, both the filter design task (Figure 5b) and the noise suppression
task (Figure 5¢c) use the MSEs between the target and output profiles as
loss functions; the former was defined in the spectral domain and the lat-
ter in the temporal domain. In these examples (Figure 5b,c), the photonic
components accessible during the topology search were constrained to
a limited set, comprising delay lines, phase shifting elements, and vari-

Laser Photonics Rev. 2024, 18, 2300500 2300500 (8 of 9)

www.lpr-journal.org

able couplers (all well-established in the integrated photonics platform).
The use of this constraint illustrates how a designer could inject domain
knowledge of available infrastructure into the framework.

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.
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