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ABSTRACT
The optimization of laser pulse shapes and target configurations is central to high-performance inertial confinement fusion (ICF) implo
sions, yet remains challenging due to the high dimensionality of the design space and the substantial computational and experimental cost 
of evaluation. This work presents, to our knowledge, the first comparison of Gaussian process-based Bayesian optimization and particle 
swarm optimization (PSO) frameworks augmented with physics-motivated extensions in full radiation-hydrodynamic ICF optimization 
under experimentally relevant constraint handling. These methods are first applied to the re-optimization of low-convergence-ratio wetted- 
foam implosions, providing a benchmark against traditional sequential scan approaches. Both strategies identify improved designs, with 
Bayesian optimization achieving the highest final performance using fewer simulations, while PSO converges more rapidly in wall-clock 
time. The PSO framework is then extended to a 16-dimensional fast ignition design problem, where Gaussian process-based Bayesian opti
mization becomes computationally impractical. In this regime, PSO efficiently identifies a compressed fuel assembly with qR � 1:5 g=cm2 

under strict laser intensity and energy constraints. These results demonstrate that the presented optimization strategies outperform conven
tional scan-based approaches and provide a scalable platform for high-dimensional ICF optimization. Beyond numerical design studies, the 
same frameworks are directly applicable to experimental optimization campaigns on high-power laser facilities, where limited shot availabil
ity and high evaluation cost demand efficient search methodologies.

VC 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license 
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0331142

I. INTRODUCTION
Inertial confinement fusion (ICF) is a promising approach to 

achieving controlled nuclear fusion and has the potential to provide a 
nearly limitless source of clean energy. In laser-driven ICF, a spherical 
target containing fusion fuel is rapidly compressed to extreme pres
sures and temperatures using high-intensity laser pulses, with the aim 
of initiating thermonuclear burn.1–3 Central to the success of high- 
performance implosions is the design and optimization of target 
configurations and laser pulse shaping in order to maximize energy 
coupling and compression while minimizing instability growth 
throughout the implosion.

Among the various target concepts explored in ICF, wetted- 
foam targets have garnered significant interest due to the unique 
control they provide over the hydrodynamic properties of the implo
sion.4–7 The hydrodynamic control and increased vapor fuel mass 

enable igniting implosions in low-convergence-ratio (low-CR) 
regimes8–10 that are more stable against hydrodynamic instabilities,11 

such as Rayleigh–Taylor and Richtmyer–Meshkov instabilities, which 
can severely degrade implosion performance. In addition to improved 
stability, wetted-foam targets are cheaper, faster to fabricate, and bet
ter suited to mass production,12 making them attractive candidates 
for eventual inertial fusion energy (IFE) applications.

An alternative ICF approach, known as fast ignition (FI), has 
also emerged as a promising route to achieving high fusion gain.13–15 

In FI, the fuel compression and ignition phases are decoupled, with a 
separate, ultra-intense laser pulse used to ignite a pre-compressed fuel 
assembly.16 This separation allows the fuel to be compressed to high 
areal densities at relatively low temperatures, forming an isochoric 
assembly that is subsequently ignited, and enables the compression 
and ignition stages to be optimized largely independently. If 
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successfully implemented, such high fuel-mass assemblies offer the 
potential for significantly enhanced fusion gain.

Optimizing ICF target designs is challenging due to the high 
dimensionality of the design space, the nonlinear nature of implosion 
dynamics, and the substantial computational cost of high-fidelity radi
ation-hydrodynamic simulations. Performance metrics such as shock 
timing, fuel areal density, and gain are often noisy and can exhibit 
multiple physically distinct local optima associated with different 
implosion pathways. As a result, simple optimization strategies, such 
as random sampling and sequential linear scans, struggle to efficiently 
explore these landscapes or capture strong parameter coupling. For 
instance, previous optimization studies of wetted-foam implosions in 
the robust low-CR regime relied on sequential scans of individual 
parameters,17 inherently limiting sensitivity to coupled effects that 
can be critical in identifying globally optimal designs.

In recent years, advanced optimization methodologies have 
received increasing attention within the ICF community, including 
the application of population-based algorithms,18 Bayesian19,20 meth
ods, genetic algorithms,21 and other derivative-free approaches such 
as Nelder–Mead22 method and covariance matrix adaptation evolu
tion strategy (CMA-ES).23 These efforts demonstrate the potential of 
modern optimization strategies to navigate complex, high- 
dimensional implosion landscapes more effectively than traditional 
scan-based approaches. Selecting between these approaches is non- 
trivial, as each exhibits distinct strengths and weaknesses in terms of 
sample efficiency, scalability, and ability to explore complex, multi- 
modal optimization landscapes. However, assessments of how such 
methods compare and perform across ICF regimes, and under experi
mentally relevant constraint handling, remains limited.

Our contribution to this emerging area is the development of 
dedicated Bayesian optimization and particle swarm optimization 
(PSO) frameworks, implemented in Python and specifically adapted 
for high-cost plasma simulations. These approaches enable efficient 
global exploration of complex, noisy, and multi-modal design spaces 
while accommodating the parallel execution requirements of large- 
scale simulation campaigns. This capability is achieved through the 
integration of a set of established algorithmic enhancements tailored 
to the demands of radiation-hydrodynamic ICF optimization. While 
the individual enhancements are not themselves novel, their curation 
and integration into unified optimization frameworks constitute a key 
contribution of this work. The optimization packages are available for 
academic research use under license from the authors’ institutions, 
with commercial licensing arrangements available upon request.

In this work, the frameworks are first applied to the re- 
optimization of low-convergence-ratio (low-CR) wetted-foam implo
sions, providing a controlled benchmark against previously published 
sequential scan approaches. The particle swarm optimization frame
work is then extended to a substantially higher-dimensional problem 
of isochoric fast ignition target design, where the compression phase 
of the implosion is optimized. In this case, Gaussian process-based 
Bayesian optimization becomes computationally impractical. Fast 
ignition presents a different optimization landscape, characterized by 
distinct objective functions and constraints compared to conventional 
central-hot-spot implosions. Its inclusion therefore demonstrates that 
the optimization frameworks developed here are applicable across a 
broad range of design challenges. These applications utilize the 
radiation-hydrodynamics code HYADES24 to execute the simulations.

The remainder of this paper is structured as follows: Secs. II and 
III describe the Bayesian and particle swarm optimization methodolo
gies, respectively, including the key extensions added to the packages 
introduced for ICF applications. Section IV presents the re- 
optimization of wetted-foam target designs previously studied in Ref. 
17, serving as a benchmark to validate performance. Section V then 
details the optimization of an isochoric fuel assembly for fast ignition. 
The main findings and implications are summarized in Sec. VI.

II. BAYESIAN OPTIMIZATION
A. Overview of Bayesian optimization

Bayesian optimization25,26 is an efficient strategy for optimizing 
expensive black-box functions under uncertainty, making it well 
suited to ICF optimization, where each function evaluation corre
sponds to a costly simulation or experiment. Rather than sampling 
the design space blindly or relying on local search methods, Bayesian 
optimization constructs a surrogate model of the objective function 
using the results of previous evaluations of the parameter space. This 
surrogate provides both a prediction of performance and an estimate 
of uncertainty across the parameter space, allowing new simulations 
to be selected in a way that balances exploration of poorly understood 
regions against exploitation of promising designs.

In this work, Gaussian processes (GPs)27 are used to form a sur
rogate model, which provides a flexible, non-parametric representa
tion of the objective function together with analytic uncertainty 
estimates. A GP is fully specified by a mean function, mðxÞ, and a ker
nel function, kðx1; x2Þ, which encodes correlations between points in 
the parameter space. These correlations reflect assumptions about the 
smoothness and characteristic length scales of the underlying objec
tive function. Functions which display characteristics aligned with the 
kernel function are considered more plausible by the GP.

Throughout this work, a radial basis function (RBF) kernel is 
employed, which assumes that the objective function varies smoothly 
with respect to changes in the input parameters. The RBF kernel is 
given by 

kRBFðx1; x2Þ ¼ exp −
1
2

X

i

ðx1;i − x2;iÞ
2

‘2
i

" #

; (1) 

where ‘i is the characteristic length scale along parameter i that con
trols how rapidly correlations decay with distance in the parameter 
space. Smaller values of ‘ allow for more rapid variation of the objec
tive function, while larger values enforce smoother behavior. In the 
context of laser-driven ICF implosions, this corresponds to the physi
cal expectation that continuous variations in laser pulse or target 
parameters lead to correspondingly smooth changes in implosion per
formance, while still permitting strongly nonlinear global behavior.

As the parameter space is sampled, the GP is conditioned on the 
resulting data, updating the surrogate model from a prior distribution 
to a posterior distribution that incorporates the evaluated samples. 
Conditioning modifies both the predicted mean and the associated 
uncertainty across the parameter space, pulling the mean toward the 
observed data points and reducing uncertainty in regions correlated 
with sampled points. This iterative updating process allows the surro
gate model to progressively refine its representation of the objective 
function as additional data becomes available.
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GP-based Bayesian optimization is able to naturally account for 
noise in the evaluated data. Observational noise is modeled using a 
Gaussian distribution, such that the observed values are assumed to 
be normally distributed around the measured value. Inside the model, 
all object evaluations are normalized between −1 and 1, and in the 
optimization campaigns presented here, the magnitude of the noise 
was of the order 10−3–10−4. This reflects the low (but present) noise 
in hydrodynamic simulations.

The next point to evaluate is guided by an acquisition function. 
The acquisition function utilizes the predicted performance of the 
objective function and the associated uncertainty to provide a con
trolled balance between exploiting regions expected to yield high per
formance and exploring regions that remain poorly characterized. In 
this work, an upper confidence bound (UCB) acquisition function is 
employed due to its simplicity, robustness, and transparent physical 
interpretation. The UCB acquisition function is defined as 

AUCBðxÞ ¼ mðxÞ þ j rðxÞ; (2) 

where mðxÞ and rðxÞ are the posterior mean and standard deviation 
predicted by the GP at location x, respectively. The parameter j con
trols the relative weighting of exploration and exploitation, with larger 
values favoring sampling in regions of high uncertainty and smaller 
values prioritizing regions of high predicted performance.

In this work, we restrict attention to the RBF kernel and UCB 
acquisition function for simplicity and robustness. We note, however, 
that these choices are not necessarily optimal for all ICF optimization 
landscapes, and alternative kernels or acquisition strategies may yield 
improved convergence behavior depending on the structure of the 
objective function.26–28

This describes the iterative loop of Bayesian optimization. An 
initial Gaussian process prior is defined to encode assumptions about 
the objective function, which is subsequently conditioned on sampled 
data to form a posterior distribution. An acquisition function is then 
used to identify the next most informative point in the parameter 
space, which is evaluated and incorporated into the dataset, and the 
process is repeated until a stopping criterion is met. This procedure is 
illustrated in Fig. 1, using an RBF kernel length scale of ‘ ¼ 0:1 and a 
UCB acquisition function j ¼ 2.

B. Physics-motivated extensions to the Bayesian 
optimization package

While standard Bayesian optimization is effective for problems 
with short evaluation times, several challenges arise when applying it 
to ICF simulations. In particular, ICF optimization involves high 
computational costs per evaluation, the need to exploit parallel simu
lation workflows, noisy objective functions, and moderately high- 
dimensional parameter spaces. To address these challenges, a number 
of physics-motivated extensions to the Bayesian optimization proce
dure have been implemented in the developed package, enabling 
reduced time-to-solution, improved efficiency, robustness, and scal
ability in practical ICF optimization tasks.

1. Batch sampling

In large-scale ICF optimization campaigns, simulations are typi
cally executed on high-performance computing (HPC) clusters, where 
multiple simulations can be run concurrently. Standard Bayesian 

optimization, which selects a single new evaluation per iteration, is 
therefore inefficient in this context. To better exploit available compu
tational resources, batch sampling is implemented, allowing multiple 
points in the parameter space to be selected simultaneously during 
each optimization iteration.

Batch selection is achieved by varying the exploration- 
exploitation balance within the acquisition function.29 In the case of 
the UCB acquisition function, this corresponds to sampling multiple 
candidate points using different values of the exploration parameter 
j. Lower j values favor exploitative sampling near the current opti
mum, while higher values promote exploration of uncertain regions. 
By combining these samples into a single batch, the optimization pro
cess efficiently spans a diverse range of candidate designs within each 
iteration. This approach not only fosters a richer sampling strategy 
but also mitigates the sensitivity of the optimization process to the 
choice of j.

2. Sub-batch sampling (hallucination)

While batch sampling reduces the time-to-solution, it can lead 
to redundant sampling if multiple points within a batch cluster 
around the same region of the parameter space, as each point is 
selected using an identical surrogate model. To mitigate this effect, a 
sub-batch sampling strategy, sometimes referred to as hallucination, 
is employed to improve diversity within each batch.

The batch is divided into smaller subsets, which are selected 
sequentially. After the samples in a given subset are identified, the GP 
is temporarily conditioned on these locations using the surrogate 
model’s predicted mean values.30 This reduces the predicted uncer
tainty in regions surrounding the selected points without biasing the 
model toward any particular objective value. Subsequent subsets are 
then selected using this updated surrogate, discouraging redundant 
sampling and promoting exploration of distinct regions of the param
eter space. Once the full batch has been assembled, the true objective 
function values are evaluated, and the surrogate model is updated 
accordingly.

3. Dynamic bounds reduction

As the dimensionality of the optimization problem increases, the 
efficiency of Bayesian optimization can degrade due to the exponen
tial growth of the search space. To address this, dynamic bounds 
reduction is implemented, enabling the optimization to progressively 
focus on promising regions of the parameter space as confidence in 
the surrogate model increases.31 By adaptively contracting the 
bounds, the effective search volume is reduced, concentrating compu
tational effort in regions of interest and maintaining sufficient sam
pling density for the GP surrogate to remain informative.

Initially, the optimization is performed over the full parameter 
bounds. As the optimization proceeds and improvements stagnate, 
the bounds are adaptively contracted around the best-performing 
configurations identified. This reduction is performed conservatively 
to avoid excluding viable optima, while substantially reducing the 
effective search volume. By iteratively refining the parameter 
bounds in this manner, the optimization process maintains global 
exploration early on and transitions naturally toward local refinement 
in later stages. This enables effective optimization in moderately 
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higher-dimensional parameter spaces than would otherwise be possi
ble using standard Bayesian optimization.

4. In situ hyperparameter optimization

The performance of GP surrogate models depends on kernel 
hyperparameters, such as characteristic length scales, which encode 
assumptions about the structure of the objective function. In many 
practical ICF optimization problems, appropriate values for these 
hyperparameters are not known a priori and may vary throughout the 
optimization process.

To reduce reliance on prior assumptions, kernel hyperpara
meters are optimized in situ by maximizing the log marginal likeli
hood of the observed data32 using a bounded quasi-Newton method. 
A mild regularization term is also applied to discourage extreme dis
parities between length-scales. This allows the surrogate model to 
adapt its representation of the objective function as additional data 
becomes available, automatically selecting length scales consistent 
with the observed behavior while penalizing overly complex models. 
This adaptive approach improves robustness to noise, reduces the 
need for manual tuning, and enhances the reliability of uncertainty 
estimates used to guide the optimization.

III. PARTICLE SWARM OPTIMIZATION
A. Overview of particle swarm optimization

Particle swarm optimization (PSO)33 is a population-based opti
mization algorithm in which a swarm of candidate solutions (referred 

to as particles) moves through the parameter space in search of an 
optimum. The particles evolve through the parameter space by com
bining individual experience with collective information gathered by 
the swarm. This population-based search enables efficient exploration 
of complex parameter spaces with minimal algorithmic overhead, as 
no explicit surrogate model is constructed and the computational cost 
is dominated by the objective function evaluations themselves.

Each particle represents a point in the parameter space and is 
associated with both a position and a velocity. During the optimiza
tion process, particles are influenced by their own best-known posi
tion (Ln

p), as well as the best-known position identified by the swarm 
as a whole (Gn). The velocity, vp, and position, xp, of each particle are 
then be updated as 

vnþ1
p ¼ hi � vn

p þ rn
l hl � Ln

p − xn
p

� �
þ rn

g hg � Gn − xn
p

� �
; (3) 

xnþ1
p ¼ xn

p þ vnþ1
p ; (4) 

where subscript p denotes particle-specific values, and superscript 
denotes the iteration.

Equation (3) is comprised of three terms, each introducing a 
hyperparameter, hi, hl, and hg . In order, these terms can be described 
as an inertial term, which determines how much the particle remains 
on its original trajectory, a local attraction term, which determines 
how strongly the particle is attracted to its own best-known position, 
and a global attraction term, which determines how strongly the 
particle is pulled toward the swarm’s best found location. In this 

FIG. 1. Demonstration of the Bayesian optimization iterative loop. (a) A GP prior using an RBF kernel and a prior mean function of mðxÞ ¼ 1 − 2x. GP samples are indi
cated by the colored dashed lines and indicate the type of function the GP deems plausible. (b) Posterior GP after conditioning on six data points. The GP mean interpolates 
the sampled data, and the uncertainty in regions correlated with these samples is reduced. (c) Application of the UCB acquisition function to the posterior in (b). The point 
that maximizes the acquisition function is identified as the next sample location. (d) GP posterior after conditioning on the newly sampled data point.
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description, the inertia weight controls the extent to which particles 
explore new regions of the parameter space, while the local and global 
hyperparameters control the strength of the attraction particles feel 
toward promising areas already explored by themselves or by the 
swarm. It is through this hyperparameter selection that the explore/ 
exploit trade-off can be adjusted.

The local and global attraction terms also include random num
bers, rn

l and rn
g , uniformly distributed in ½0; 1�. The use of these ran

dom numbers adds a level of stochasticity to the particle motion, 
which helps to maintain diversity in the swarm. As a result, particles 
approach their local and global best positions with differing magni
tudes and directions, which helps to preserve swarm diversity 
and mitigates premature convergence to suboptimal solutions. 
Importantly, while individual particle updates are stochastic, the 
expected value of the attraction terms remains biased toward the best- 
known positions, ensuring the particles are encouraged toward prom
ising regions of the parameter space.

B. Physics-motivated extensions to particle swarm 
optimization

The absence of an explicit surrogate model makes PSO computa
tionally lightweight and naturally parallelizable, as the objective func
tion can be evaluated independently for each particle. However, in 
complex optimization landscapes, the swarm can converge prema
turely or stagnate around sub-optimal solutions, particularly in the 
presence of noise or multiple competing optima. Additionally, strik
ing a suitable balance between exploitation and exploration can be dif
ficult. To address these challenges and better adapt PSO to the 
demands of ICF optimization, several physics-motivated extensions 
to the standard PSO framework are implemented in the developed 
package.

1. Particle species

In standard particle swarm optimization, all particles share a 
common set of hyperparameters, resulting in a uniform search behav
ior across the swarm. However, this uniform behavior is highly 
sensitive to the exact choice of hyperparameters. To address this, a 
multi-species formulation of PSO is introduced, in which the swarm is 
composed of multiple particle species, each defined by a distinct set of 
hyperparameters governing inertia, local attraction, and global attrac
tion.34,35 Particles are assigned to species according to specified proba
bilities, allowing multiple search behaviors to coexist simultaneously 
within a single optimization run. This enables the swarm to maintain 
global exploration through more exploratory species, while concur
rently performing local refinement through more exploitative species.

By allowing different species to operate concurrently, the opti
mizer can more effectively refine promising configurations while 
reducing the risk of premature convergence to sub-optimal configura
tions. The use of multiple species also reduces sensitivity to any single 
hyperparameter choice, improving robustness across a range of opti
mization problems.

2. Exploration term

While the introduction of multiple particle species enables a 
range of search behaviors to coexist within the swarm, standard PSO 

dynamics still rely exclusively on attraction toward previously identi
fied promising locations. As a result, even exploratory species can 
become biased toward regions already sampled by the swarm, particu
larly once a strong global best has emerged. This behavior can limit 
the ability of the swarm to systematically probe poorly explored 
regions of the parameter space.

To address this, an explicit exploration term36 is introduced into 
the velocity update equation [Eq. (3)], providing a mechanism by 
which particles can be actively encouraged to sample regions poorly 
explored. This term introduces an additional attraction toward loca
tions in the parameter space that are distant from previously evaluated 
points, thereby promoting exploration independently of the current 
best-known solutions. The velocity update equation now reads 

vnþ1
p ¼ hi � vn

p þ rn
l hl � Ln

p − xn
p

� �
þ rn

g hg � Gn − xn
p

� �

þ hE En
p − xn

p
� �

; (5) 

where hE is the weight of the exploration term and En
p is the region of 

low sample density identified for particle p at iteration n.
In practice, regions of low sample density are identified by ran

domly sampling across the parameter space and determining the sam
ple furthest from any previous samples. By explicitly encoding 
exploration in this manner, the optimizer is able to maintain coverage 
of the broader parameter space even in the presence of strong local or 
global attractors.

In the context of ICF optimization, such a mechanism may be 
valuable for identifying alternative implosion pathways that may not 
be accessible through incremental refinement of existing designs. 
When combined with the multi-species framework, the explicit explo
ration term enables a subset of particles to prioritize global search 
while others focus on local optimization, improving robustness in 
complex, multi-modal landscapes. Although this explicit exploration 
term is now implemented within the PSO framework, it was intro
duced after completion of the optimization studies presented in this 
paper. Consequently, it was not activated in the optimization cam
paigns reported in this work. The results presented, therefore, corre
spond to the multi-species PSO formulation without explicit 
exploration forcing.

3. Velocity boosting

Despite the introduction of multi-species behavior and an 
explicit exploration term, particle swarm optimization can still experi
ence stagnation when particles converge into narrow regions of the 
parameter space and velocities decay toward zero. In such cases, the 
swarm may remain trapped near sub-optimal configurations, particu
larly in noisy or weakly informative optimization landscapes where 
small gradients provide little guidance.

To mitigate this behavior, a velocity-boosting mechanism is 
introduced, designed to actively dislodge particles that have stagnated 
for an extended period.37 When a particle’s velocity falls below a 
specified threshold for a certain number of iterations, its velocity is 
boosted, effectively redistributing the particle within the local region 
of the parameter space. This controlled perturbation allows particles 
to escape shallow basins of attraction or noise-induced traps while 
preserving the overall swarm dynamics.

In the context of ICF optimization, velocity boosting is particu
larly useful for navigating rugged objective landscapes where multiple 

Phys. Plasmas 33, 062702 (2026); doi: 10.1063/5.0331142                                                                                                                                                              33, 062702-5 
VC Author(s) 2026

Physics of Plasmas                                                                                             ARTICLE pubs.aip.org/aip/pop 

 
1
5
 
J
u
n
e
 
2
0
2
6
 
1
1
:
2
9
:
5
4

pubs.aip.org/aip/pop


implosion configurations exhibit comparable performance. By inter
mittently re-energizing particles that have stalled, the optimizer is bet
ter able to identify alternative pathways and avoid premature 
convergence. When combined with multi-species behavior and 
explicit exploration, velocity boosting provides a robust mechanism 
for maintaining long-term swarm activity without compromising 
convergence toward high-performing solutions.

IV. LOW-CONVERGENCE-RATIO OPTIMIZATION
A. Previous optimization of the low-CR regime

Previous efforts to optimize wetted-foam implosions have 
focused on maximizing performance in robust regimes that minimize 
the influence of hydrodynamic and parametric instabilities.17 This has 
led to the development of the low-convergence-ratio (low-CR) 
regime, which imposes restrictions on key implosion parameters. 
Experimental observations6,9,10 indicate that, in satisfying these con
straints, the implosion remains stable, and that one-dimensional (1D) 
radiation-hydrodynamic simulations accurately reproduce experi
mental results. Consequently, the radiation-hydrodynamic simula
tions employed here are anticipated to remain predictive for 
experimental performance within this regime. All simulations in the 
previous approach and this work are performed using the HYADES24 

radiation-hydrodynamics code. The key restrictions that define the 
low-CR regime in Ref. 17 are as follows: 

• Convergence ratio � 16: The convergence ratio is defined as 

CRðtÞ ¼
Rinitial

RHSðtÞ
; (6) 

where Rinitial is the initial radius of the foam/ablator boundary, and 
RHSðtÞ is the inner radius of the imploding shell (the hotspot radius). 
The value used is the maximum CR, providing a measure of the peak 
compression of the hotspot.
• In-flight aspect ratio (IFAR) � 30: The IFAR is defined as the 

ratio of the shell’s outer radius to its thickness during implosion. 
This is evaluated when the outer shell radius is 2=3 of the initial 
vapor/foam boundary radius.

• Implosion velocity � 400 km=s: This is the mass-averaged veloc
ity of the imploding shell.

• Ik2 � 1014Wlm2=cm2: This condition restricts the product of 
laser intensity (I) and the square of the wavelength (k).

The hydrodynamic constraints depend on the definition of the 
shell, which follows that used in Ref. 17. The shell is defined using 
the density profile of the implosion. The outer shell radius is taken 
as the radius at which the density falls to 1=e2 of the peak density. 
The inner shell radius (also the hotspot radius) is defined as the 
radius at which the difference between the local density and the 
central density first falls to 1=e2 of its maximum value. The shell 
thickness is then defined as the difference between the outer and 
inner shell radii.

In Ref. 17, five different capsule sizes, each corresponding to a 
different energy scale, were explored. Each capsule size was optimized 
for both a three-pulse and four-pulse laser sequence, resulting in a 
total of ten optimized target configurations. The construction of cap
sule designs and laser pulse profiles is shown in Fig. 2, with the free 
parameters to be optimized (laser pulse timings, shell radii, vapor 
density) indicated in turquoise. Consequently, the three-pulse optimi
zations spanned a six-dimensional (6D) parameter space, and the 
four-pulse optimizations were 7D.

The optimization approach employed began from a “reason
able” configuration, followed by a sequential linear scan of the 
parameter space. The sequential nature of this approach prevents 
exploration of the interaction between parameters, potentially lead
ing to suboptimal results. Moreover, the laser power of each pulse 
was fixed and not treated as an optimization parameter. This 
severely limits the flexibility of the design space, biasing the optimi
zation toward a narrow class of pulse shapes and excluding poten
tially high-performing configurations, such as those associated with 
shock-augmented ignition.38

B. Changes to the optimization approach
The re-optimization of these configurations introduces several 

key differences from the previous work. First, we retain the optimized 
capsule designs from the previous study, but focus on optimizing the 
laser pulse profiles for these fixed capsule configurations. In contrast 
to the earlier study, laser powers are now treated as free parameters, 
allowing the optimization process to determine their optimal values. 
This new optimization parameter space is shown in Fig. 3(a) for a 
three-pulse laser profile, with the parameters to be optimized again 
indicated in turquoise. While capsule parameters are no longer being 
optimized, the dimensionality of the parameter space remains similar, 
with six dimensions in the three-pulse case and eight dimensions for 
in the four-pulse case.

FIG. 2. Four-pulse laser profile and cap
sule design construction as described in 
Ref. 17. Parameters shown in turquoise 
are free parameters to be optimized.
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In addition to the changes in the optimization parameter space, 
several changes have been made in the analysis of the implosions. The 
implosion velocity has been redefined to be the more physically 
meaningful mass-averaged velocity of the imploding shell, rather than 
the volume-averaged velocity used previously. Furthermore, the defi
nition of gain was updated from the neutron fusion energy released 
(approximately 80% of the total fusion energy for DT reactions) nor
malized by the laser energy, to the total fusion energy released divided 
by the laser energy. This is the more common definition of gain found 
in the literature and remains consistent when accounting for fusion 
reactions beyond DT (such as DD), although these are significantly 
less frequent, or when using alternate fusion fuel.

It should also be noted that, since the optimization scanned a 
large parameter space, for a reasonable number of implosions, the CR 
was infinite, corresponding to cases where the inner shell boundary 
reached the center of the implosion. Instead of returning invalid val
ues for these implosions, which can confuse the optimizer, the CR 
was instead defined to use the outer shell boundary, which is always 
well-defined, with a threshold value of 13 which was selected empiri
cally. This alternative definition preserves the physical intent of the 
low-CR constraint while remaining well defined across the entire 
parameter space.

Finally, rather than enforcing hard cutoff values for the low- 
CR regime parameters, a penalty-based system has been intro
duced. This allows for smoother exploration of the parameter 
space, penalizing solutions more heavily as they deviate from the 
low-CR constraints. This penalty based method is particularly use
ful due to the ignition instability associated with ICF. Within the 
low-CR regime, the implosion may be on the cusp of ignition yet 
still report little gain. This approach enables testing the boundaries 
of the low-CR regime, potentially surpassing the threshold of igni
tion slightly and resulting in capsules with significant gain. Figure 
3(b) illustrates the penalty imposed for exceeding the low-CR 
thresholds, using the IFAR as an example. Notably, the penalty 
applied to implosion velocity uses a more stringent exponential 
length scale (by a factor of 2), reflecting its stronger influence on 
hydrodynamic instabilities. The functional form of this multiplier 
is provided in the supplementary material. Taking these penalties 
into account, the function to be optimized is given by 

Result ¼ gain � CRM � IFARM � vM � Ik2ð ÞM; (7) 

where subscript M refers to the penalty multiplier.

C. Results
Using the optimization frameworks described in Secs. II and III, 

all five capsule sizes were re-optimized using both three- and four- 
pulse laser profiles under the revised parameterization and constraint 
handling outlined above. Owing to the modifications outlined above, 
the re-optimization results are not strictly directly comparable to 
those of the original sequential scan study. The benchmark should 
therefore be interpreted as a qualitative reference point rather than a 
controlled one-to-one comparison. Nevertheless, it provides a useful 
indication that the optimization frameworks identify plausible opti
mal implosion configurations within the revised design space.

The simulation process follows the same structure as the previ
ous optimization. The 1D Lagrangian radiation-hydrodynamics code 
HYADES24 is used. As such, multidimensional effects such as hydro
dynamic instabilities are not captured, and, due to the hydrodynamic 
nature of the simulations, parametric instabilities are also not cap
tured. The simulations include multi-group radiation diffusion for 
radiation transport and use the standard HYADES thermonuclear 
burn model, which couples fusion reactions to local plasma condi
tions. Electron and ion heat conduction are treated using flux limiters 
of 0.05 and 0.4, respectively.

The capsule is discretized using 150 equally spaced cells in the 
inner vapor region, with subsequent cells defined such that the rela
tive mass difference between adjacent cells is less than 2% and the 
final cell thickness is less than 1 lm. The low-density vapor and 
wetted-foam regions are modeled as a 50–50 DT mixture using a quo
tidian equation of state. As in the previous study, the wetted foam is 
approximated as homogeneous DT and therefore does not explicitly 
include carbon content. The outer shell consists of a 50–50 CD mix
ture described using the SESAME equation of state tables.

The resulting optimal configurations are shown in Fig. 4, where 
they are displayed alongside the sequential linear scan results for ref
erence. In all cases, both the Bayesian and particle swarm optimiza
tion identify optima that exceed the results obtained using the 
sequential scan approach, with comparable final performance 
between the two advanced methods.

The largest performance improvements are observed for the � 2 
and � 4 MJ implosions, where the achieved gain is improved by a fac
tor of two. These capsules lie close to the ignition threshold, where 
fusion burn is highly sensitive to small changes in implosion configu
ration. Ignition is a thermal instability process, which, once started, 
drastically improves the performance of an implosion. There is 

FIG. 3. (a) Three-pulse laser profile with 
the parameters to be optimized indicated 
in turquoise. (b) Penalty imposed on the 
gain of the implosion due to exceeding 
the low-CR IFAR constraint of 30.
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therefore a stark transition from non-igniting, low-gain implosions to 
high-gain, igniting configurations. This narrow transition region is 
referred to as the cliff-edge of ignition, and the �2 and �4 MJ implo
sions sit within the range of this cliff. It is therefore expected that 
minor configuration adjustments can lead to drastic variations in 
implosion performance, and capsules operating within this regime are 
therefore highly sensitive to optimization improvements.

By contrast, the lowest energy capsule (�0:7 MJ) remains too 
far from ignition for optimization to yield substantial gains. Ignition 
is not possible in the parameter space, and deviations in this space 
result in minimal change in performance. Similarly, the highest- 
energy capsules (�6:5 and �8:5 MJ) are already robustly igniting 
with large burn-up fractions, rendering their performance relatively 
insensitive to further refinement of the design space.

A representative example of the optimization trajectory for the 
�2 MJ capsule using a three-pulse laser profile is shown in Fig. 5, 
which displays both the sampled objective values and their locations 
in the parameter space. Distinct behaviors are evident for the two 
optimization approaches. In particular, the Bayesian optimizer typi
cally exhibits a slower, more incremental improvement pathway. This 
behavior arises from the use of a surrogate model, which typically 
promotes exploitative sampling through small, local adjustments 
around the currently identified optimum. The application of dynamic 
bounds reduction further reinforces this behavior, as the effective 
search region contracts smoothly around the best-performing 
configuration.

The PSO approach contrasts sharply with this behavior, with the 
swarm sampling broadly across the parameter space during the early 
iterations before converging rapidly once a high-performing region is 
identified. When a distinct region yields improved performance, the 
swarm quickly reconfigures and coalesces around the newly discov
ered optimum, as illustrated in Fig. 5 after �3000 simulations.

Two key metrics for assessing the performance of these optimi
zation approaches are the time-to-solution and the computational 
cost. These two metrics are related, but have important distinctions. 
Both approaches utilize parallel processes, where a number of simula
tions are run concurrently to form a batch of simulations per itera
tion. The time-to-solution, therefore, depends on the number of 

iterations required to locate the optimum, whereas the computational 
cost is determined by the total number of simulations performed.

The two approaches differ considerably in this regard. Bayesian 
optimization typically prefers smaller batch sizes, with the most effi
cient approach being single-sample batches. This maximizes the 
amount of information available before sampling, leading to a more 
accurate surrogate model from which samples are determined. PSO 
sits at the other end of the spectrum, preferring larger numbers of 
particles in the swarm. This allows the swarm to explore the parame
ter space thoroughly before settling into an optimum. As the swarm 
size decreases, the particles become more likely to settle into local 
optima due to insufficient exploration. As a result, the two metrics, 
time-to-solution and computational cost, are biased toward a specific 
approach. PSO often converges to an optimum in fewer iterations; 
however, it requires more simulations to reach this optimum.

In this work, the optimizer is deemed to have identified the opti
mum once the objective value first reaches 90% of the final optimum 
achieved during the run. As can be seen in Fig. 5, beyond this thresh
old, the sampled points occupy only a very small region of the param
eter space, indicating that the optimization has effectively converged. 
Differences between configurations beyond this threshold correspond 
to minor parameter variations and would be indistinguishable within 
typical shot-to-shot experimental variability. We have verified that 
adopting alternative thresholds (e.g., 80% or 95%) produces negligible 
changes in the inferred time-to-solution, confirming that the conclu
sions are not sensitive to the precise numerical choice.

Using the definitions, the number of iterations (time-to-solu
tion) and the total number of simulations (computational cost) for 
each optimization approach are summarized in Table I. Each simula
tion required approximately 3 h of wall-clock time on a single proces
sor, as the code is not parallelized. With an average of 2000 
simulations performed before convergence per optimization, this cor
responds to a total computational cost of �6000 processor-hours per 
capsule configuration, or �60 000 processor-hours for all ten low-CR 
re-optimizations. As batches were run concurrently, 35 to 50 itera
tions correspond to roughly one working week of wall-clock time per 
optimization. Given the substantial duration of each optimization 
campaign, the full optimization process was performed once per 

FIG. 4. Comparison of final results from 
the sequential linear scan, particle swarm 
optimization, and Bayesian optimization 
approaches for all five capsule sizes using 
both three-pulse and four-pulse laser 
profiles. Both advanced optimization 
approaches identify improved optimum 
compared to the sequential linear scan, 
with comparable performance between the 
two advanced optimization techniques.
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FIG. 5. Evolution of the optimization approaches through the parameter space (right) and the associated evaluation values (left). Bayesian (top) exhibits more gradual 
improvement, while PSO (bottom) converges rapidly on identified optima. The horizontal dashed line indicates the benchmark optimized value.

TABLE I. Comparison of Bayesian optimization and PSO convergence performance. The Bayesian approach converges more efficiently, on average in less than half the 
number of function evaluations, while the PSO approach converges in fewer iterations. 

BO PSO

Pulse Capsule size Iterations Simulations Iterations Simulations

Three-pulse

0.5 45 1078 17 897
0.65 52 1205 56 3067
0.85 50 1177 13 736
1.0 35 952 20 821
1.1 26 713 20 1795

Four-pulse

0.5 53 1328 61 5687
0.65 � � � � � � 66 6162
0.85 47 1123 29 2482
1.0 89 2028 41 3441
1.1 47 1116 35 2904

Average 49.3 1190 35.8 2800

Phys. Plasmas 33, 062702 (2026); doi: 10.1063/5.0331142                                                                                                                                                              33, 062702-9 
VC Author(s) 2026

Physics of Plasmas                                                                                             ARTICLE pubs.aip.org/aip/pop 

 
1
5
 
J
u
n
e
 
2
0
2
6
 
1
1
:
2
9
:
5
4

pubs.aip.org/aip/pop


capsule configuration. As a result, repeated stochastic restarts and 
extensive hyperparameter sensitivity scans were not performed for 
each capsule configuration. However, both optimization strategies 
independently converged to comparable optima across all energy 
scales, and the optimization trajectories exhibited stable late-stage 
convergence behavior, with sampling concentrated in narrow regions 
of parameter space once high-performing configurations were identi
fied. Together, these observations suggest that the reported optima 
are robust within the explored design space.

For comparison, in the benchmark sequential linear scan, 
approximately 20 000 simulations were required to optimize all ten 
implosion designs, corresponding to an average of �2000 simulations 
per design. A batch size of 100 simulations was used per iteration, 
resulting in a total of �20 iterations. It should be noted that the 
sequential scan was initialized from a reasonable starting configura
tion and excluded large regions of poorly performing parameter space 
as a consequence of this choice. In comparison, the optimization pro
cesses presented here started with no prior bias or knowledge, making 
direct comparison difficult.

Comparisons between the two optimization strategies indicate 
that Bayesian optimization generally requires significantly fewer sim
ulations, while particle swarm optimization typically converges in 
fewer iterations, making it the faster method in terms of wall-clock 
time. Consequently, the preferred approach depends on the optimiza
tion context: Bayesian optimization is better suited to simulation- 
limited studies where sample efficiency is critical, whereas PSO is 
advantageous in scenarios where rapid convergence is prioritized.

It should also be noted that standard GP-based Bayesian optimi
zation incurs additional computational overhead associated with sur
rogate model training and kernel hyperparameter optimization. 
While this overhead is relatively low for the six- and eight- 
dimensional parameter spaces considered here, it increases rapidly 
with dimensionality and becomes a limiting factor beyond � 12 
dimensions. In such higher-dimensional regimes, Gaussian process- 
based Bayesian optimization becomes increasingly inefficient, and 
particle swarm optimization is therefore the more practical choice. 
The GP training time during these optimizations scales Oðn3Þ with 
the number of samples, n, and ranged from less than a second in early 
iterations to approximately 3 min in 6D cases and up to �30 min in 
8D cases after thousands of samples, representing a small fraction of 
the overall wall-clock time dominated by simulation execution.

The training of a surrogate model does, however, have advan
tages. By providing an estimate of the objective function across the 
full parameter space, the surrogate can be used to quantify the stability 
of the identified optimum, identify alternative optima, flag unphysical 
solutions, and assess parameter dominance. As an illustrative exam
ple, a stability analysis was performed for the �0:7 MJ, three-pulse 
optimum. This analysis consists of sampling the objective function 
along each parameter axis through the optimal point and comparing 
these evaluations with the predictions of the Bayesian surrogate 
model, thereby assessing its local accuracy. The results of this analysis 
are shown in Fig. 6.

The surrogate reproduces the objective function well in the 
vicinity of the optimum, reflecting the high density of samples and 
the associated high confidence, accumulated in this region during 
optimization. Given the large volume of the parameter space, the sur
rogate is not expected to provide accurate predictions across the entire 

domain; rather, its primary utility lies in resolving the local structure 
around the optimum, where sample density is greatest, and optimiza
tion decisions are made. Crucially, the analysis demonstrates that the 
optimum exhibits significant width along all parameter directions, 
indicating that the implosion performance is tolerant to realistic 
experimental variation. The dominant parameter, defined as the 
parameter with the smallest characteristic length scale, is x2, corre
sponding to the power of the final laser pulse. This behavior is physi
cally intuitive, as this parameter controls the strength of the final and 
strongest shock driven through the target, making the implosion per
formance particularly sensitive to its value.

Minor discrepancies between the surrogate and sampled objec
tive values are present, most notably along parameters x4 and x5. 
Along x4, the GP prediction falls below zero. As the objective function 
is strictly non-negative by construction, this is a result of the uncon
strained nature of the GP. Interpreting negative predictions as zero 
largely removes this discrepancy. Along x5, the deviation between the 
GP prediction and sampled values is more pronounced; however, the 
location and width of the maximum are captured accurately. Since 
the purpose of this analysis is to assess local stability and parameter 
sensitivity rather than exact agreement across the entire parameter 
space, the surrogate model is considered sufficiently accurate in the 
vicinity of the optimum.

A comprehensive summary of the results for each optimization 
strategy is provided in the supplementary material, together with the 
corresponding optimization hyperparameters. This includes the final 
laser pulse profiles, low-CR constraint metrics, and gain. These tables 
enable direct, quantitative comparison between the different optimi
zation approaches and clearly illustrate the improvements achieved 
using Bayesian and particle swarm optimization.

A key observation that can be made from these results is that the 
highest-energy implosions (�6:5 and �8:5 MJ) deviate from expect
ations based on simple hydrodynamic scaling (hydroscaling)39 of the 
smaller capsules. Hydroscaling provides a set of scaling relations that 
allow a capsule and laser drive configuration to be translated between 
energy scales and is commonly used to estimate performance on 
larger laser facilities. However, the optimized pulse shapes for the 
largest capsules require substantially lower peak laser power (and, to a 
lesser extent, total laser energy) than would be predicted by directly 
scaling the smaller configurations.

To investigate this behavior, test simulations were performed in 
which the four-pulse, �1:8 MJ configuration identified by the 
Bayesian optimizer (the highest-performing implosion at this energy 
scale) was hydroscaled to match the outer radius of the �8 MJ cap
sule. While the resulting implosion remains viable, achieving an 
objective function value of 57 compared to 84 for the directly opti
mized configuration, it is clearly suboptimal. The procedure was then 
reversed by hydroscaling the optimized �8 MJ configuration down to 
the radius of the �1:8 MJ capsule. In this case, the degradation is 
more pronounced, with the objective function decreasing from 2.13 
to 0.14. These results indicate that, although hydroscaling can gener
ate reasonable configurations, an optimized solution at one scale can
not be hydroscaled to form an optimized solution at another scale.

Several factors likely contribute to this. First, the optimization 
objective function incorporates stability constraints and performance 
metrics that do not scale trivially with the configuration scale. Second, 
ignition-relevant burn physics introduces nonlinear sensitivity to 
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pulse structure and timing. As a result, these observations suggest that 
while hydroscaling remains a useful guide for estimating performance 
trends, independent optimization at each energy scale is necessary to 
identify truly optimal configurations.

V. FAST IGNITION OPTIMIZATION
A. Fast ignition outline and previous optimization 
attempts

To demonstrate the versatility and broader applicability of 
advanced optimization techniques to ICF design, the particle swarm 

optimization (PSO) framework was applied to the optimization of fast 
ignition (FI) implosions. In contrast to the low-CR regime, FI is char
acterized by different objective functions and constraints, providing a 
distinct optimization landscape. The dimensionality of the design 
space, discussed below, however, renders GP-based Bayesian optimi
zation computationally implausible for this problem, inhibiting its use 
for this task.

FI is an alternative ICF approach in which the fuel compression 
and ignition phases are decoupled, offering the potential for higher 
gain and reduced driver energy requirements. In this scheme, a 

FIG. 6. Stability analysis of the Bayesian-optimized � 0:7 MJ, three-pulse wetted-foam implosion. The objective function is sampled (red points) along each optimization 
parameter axis through the identified optimum, while the corresponding Bayesian surrogate model predictions are shown by the solid blue curves. The width of the optimum 
along each axis indicates a stable optimum, with the most sensitive parameter (smallest width) given by parameter x2, corresponding to the power of the final pulse.
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primary driver compresses the fuel to high areal densities (qR) after 
which a secondary, ultra-intense laser pulse generates a beam of ener
getic particles to rapidly heat the compressed fuel to sufficiently high 
temperatures to initiate fusion burn.

Achieving high areal density during the compression phase of a 
fast ignition implosion is critical for both ignition and subsequent 
burn. Large qR values ensure that alpha particles produced in fusion 
reactions redeposit their energy within the fuel, enabling the self- 
heating required to sustain burn. This behavior underpins the burn- 
up fraction, defined as the fraction of fuel undergoing fusion reac
tions, which can be approximated as40 

U ¼
qR

qRþ 7
; (8) 

where qR is in units of g=cm2. During the ignition phase, high qR 
also enhances the collisionality of the fuel, allowing energetic particle 
beams to deposit energy more efficiently to ignite the fuel. High qR is 
therefore essential for both initiating fusion and maximizing energy 
yield in fast ignition.

While high qR is a necessary condition for effective FI perfor
mance, it is not sufficient on its own. Additional constraints must be 
placed on the density of the compressed fuel. If the density is too 
high, energetic particle beams are unable to penetrate the fuel, depos
iting energy predominantly at the periphery of the compressed region. 
Conversely, if the density is too low, the energy deposition volume 
becomes too large, preventing the formation of temperatures suffi
cient for ignition. Consequently, the compressed fuel density is typi
cally constrained to the range 300–450 g=cm3.18,41–44

The optimal density within this window depends on the avail
able short-pulse energy. For fixed qR, increasing the compressed fuel 
density reduces the characteristic size of the assembly and therefore 
decreases the total compressed fuel mass, which scales as M / q−2. 
Since the energy required for ignition is expected to scale approxi
mately with the mass of fuel that must be heated to ignition condi
tions, the ignition energy requirement similarly decreases with 
increasing density (E / q−1:85).45 The optimal compressed density is, 
therefore, facility-dependent and reflects a trade-off between achiev
able compression, ignition energy requirements, and beam penetra
tion considerations.

A number of promising fast ignition implosion designs have 
been explored previously, including the self-similar configurations 
proposed by Clark and Tabak.46 While these results are compelling, 
the optimized laser pulse shapes reported exceed the parametric limit 
of Ik2 � 1014Wlm2=cm2. As discussed in the low-CR context, 
exceeding this limit increases susceptibility to parametric instabilities 
and reduces the reliability of one-dimensional radiation-hydrody
namic simulations. Similar issues apply to the optimization study pre
sented in Ref. 18 where a particle swarm approach was used to refine 
self-similar designs within a highly restricted parameter space.

B. Our optimization approach
To address these limitations, the PSO framework presented here 

is applied to the fast ignition design landscape. The optimization pre
sented here considers only the compression phase of the fast ignition 
scheme. As fast ignition inherently separates the compression and 
ignition stages, these phases can be investigated independently. The 

simulations are therefore restricted to the one-dimensional compres
sion of the fuel assembly and do not include modeling of the short- 
pulse ignition beam, fast electron transport, or coupling to the fuel.

The ignition phase of fast ignition involves strongly kinetic and 
multidimensional processes, including non-local electron transport 
and beam–plasma interactions, which are not captured within a one- 
dimensional radiation-hydrodynamic framework. Rather than intro
ducing simplified or inconsistent models of these processes, the pre
sent study focuses on the compression phase, where the employed 
modeling approach remains appropriate. While thermonuclear burn 
is included, the configurations do not reach ignition conditions, and 
the resulting fusion yield is negligible.

The capsule configuration is fixed to that proposed by Clark and 
Tabak,46 as shown in Fig. 7, while the laser pulse profile is parameter
ized using eight time-power pairs between which the pulse is linearly 
interpolated. This parameterization permits the optimizer to explore a 
vast volume in configuration space, and does not bias the optimiza
tion process to any preferred pulse shape. An upper bound on laser 
intensity is set by the constraint Ik2 � 1014Wlm2=cm2, while the 
lower bound is chosen to be three orders of magnitude smaller. In 
addition to the laser intensity constraint, a constraint is also applied 
to the total laser energy. If the laser energy of a proposed pulse is 
above 485 kJ, then the whole pulse power profile is reduced so that 
the pulse energy is 485 kJ. This energy limit fits anticipated FI laser 
system sizes of around 1 MJ energy47 being split between both long 
pulse compression and short pulse ignition laser pulses.

The objective function is comprised of two components: the 
compressed fuel areal density, qR, and a density suitability metric 
designed to penalize density values outside of the 300–450 g=cm3 

range. To identify the compressed fuel region, a shock-finding metric 
defined in Ref. 18 is employed to locate the outgoing shock, which 
coincides with the outer boundary of the compressed fuel. A shock is 
characterized by a discontinuous change in material properties such 
as pressure and density, and its location can be robustly identified by 
combining the local pressure and density gradients. Evaluating these 
gradients on a logarithmic scale further enhances the sensitivity to the 
shock boundary. The shock metric used to identify the index of the 

FIG. 7. Schematic of the fast ignition capsule design based on Ref. 46. The abla
tor, DT ice, and DT vapor regions are shown with their corresponding densities 
and initial radii.
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outgoing shock, and hence the outer radius of the compressed fuel 
region, is defined as 

M ¼ max
�
�
�
�

lnðPiþ1Þ − lnðPiÞ

riþ1 − ri

�
�
�
� �

�
�
�
�

lnðqiþ1Þ − lnðqiÞ

riþ1 − ri

�
�
�
� �mi

 !

; (9) 

where P is the pressure, q is the density, m is the mass, and subscript i 
indicates the cell index. The inclusion of the cell mass biases the met
ric toward larger radii, ensuring the outgoing shock is identified 
rather than internal shocks. Using this shock index, the compressed 
fuel qR can be calculated at each time step.

A density suitability multiplier is also evaluated to assess whether 
the compressed fuel lies within the desired density window. For each 
cell within the compressed region, a target density q�;i is assigned. If 
the cell density lies within the ideal range of 300–450 g=cm3, the tar
get density is set equal to the cell density and no penalty is incurred. 
For densities below 300 or above 450 g=cm3, the target density is set 
to the nearest bound. The suitability penalty, S, is then calculated 
using a target-density- and cell-width-normalized mean square error 

MSEðMÞ ¼
XM

i¼0

qi − q�;i

q�;i

� �2 ðriþ1 − riÞ

rM
; S ¼ 1 −

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
MSEðMÞ

p
;

(10) 

where rM denotes the outer radius of the compressed region. The 
suitability metric is bounded between 0 and 1 (assuming 
q � 900 g=cm3), with S ¼ 1 corresponding to all compressed fuel 
lying within the target density range. The identification of the com
pressed fuel radius, rM (vertical dotted line) and the target density 
window (horizontal dotted lines) is illustrated in Fig. 8(a).

The final objective function combines the compressed fuel areal 
density with the density suitability metric. To prioritize physically via
ble compressed density profiles over artificially high qR values, the 
suitability metric is squared, biasing the optimization toward configu
rations with favorable density distributions 

Result ¼ qR � S2: (11) 

Without this weighting, highly unsuitable density profiles can appear 
deceptively attractive due to excessively large qR values alone.

C. Results
A swarm consisting of 999 particles was used to explore the 16D 

parameter space defined by the eight time-power pairs describing the 

laser pulse. This is the largest swarm size permitted on the HPC clus
ter, and was chosen to ensure broad coverage of the high-dimensional 
design space. The full swarm configuration and hyperparameter 
choices are provided in the supplementary material.

The optimized laser pulse profile and the resulting compressed 
fuel density distribution are shown in Fig. 8. In the density profile, the 
outer shock radius, rM ¼ 63:7 lm, identified using the outgoing 
shock metric [Eq. (9)], is indicated by the vertical dotted line. The tar
get density window for fast ignition (300–450 g=cm3) is indicated by 
the horizontal dotted lines.

The innermost �20 lm of the compressed fuel lies below the 
target density threshold of 300 g=cm3. This behavior is difficult to 
avoid under the imposed constraint on the maximum allowable laser 
intensity. As the capsule is compressed, the central pressure resisting 
the implosion increases, and once this pressure exceeds the applied 
drive pressure, the implosion stagnates and subsequently rebounds. 
The imposed limit on laser intensity, therefore, constrains the maxi
mum achievable implosion pressure, making it challenging to further 
increase the central fuel density.

Beyond the central �20 lm, the remaining compressed fuel lies 
predominantly within the desired density range, with densities clus
tered around 300 g=cm3. This region constitutes the majority of 
the compressed fuel mass, accounting for 98:6% of the total com
pressed fuel mass. The resulting compressed areal density is 
qR ¼ 1:53 g=cm2, approaching the 2 g=cm2 threshold commonly 
cited48,49 as a requirement for high-gain fast ignition designs. If suc
cessfully ignited, Eq. (8) implies that this compressed areal density, 
together with a total compressed mass of 3:2� 10−4 g, would corre
spond to a burn-up fraction of �18% and a fusion energy release of 
�20 MJ. Assuming the compressed assembly can be ignited using a 
total laser energy budget of 1 MJ (includes both long and short pulse 
lasers), this would imply a gain of �20. It should be emphasized that 
the optimization presented here concerns the compression phase only. 
The generation, transport, divergence, and coupling efficiency of the 
short-pulse ignition beam are not modeled. This gain estimate, there
fore, represents that an implied performance assuming successful igni
tion is possible with 500 kJ of short-pulse energy. Promising routes to 
further improve this result would be to include the capsule design into 
the optimization parameter space, increase the available energy bud
get, or shift to a higher frequency laser pulse, such as ArF50 or KrF.51

The optimized laser power profile used to drive the implosion is 
generally an increasing function, reaching a maximum laser intensity 
of 1:6� 1014 W=cm2, corresponding to Ik2 ¼ 8� 1013 W lm2=cm2, 
and utilizes the full available energy budget of 485 kJ. While the pulse 

FIG. 8. Optimized FI density (solid black) 
and temperature (light gray) (a) and 
laser pulse (b) profiles obtained from the 
PSO process. The density distribution 
exhibits a � 20 lm hotspot followed by a 
density profile within the suitable density 
range of 300–450 g=cm3, achieving 
qR ¼ 1:53 g=cm2.
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shape is necessarily coarse due to the parameterization using only 
eight time-power pairs, several physically meaningful features can be 
identified. For much of the drive, the laser power increases gradually, 
corresponding to ramped compression in which the applied pressure 
is steadily increased. At �13 ns, the pulse deviates from this trend 
with a negative power gradient, allowing the plasma to partially relax 
before being driven again. Since the drive pressure is closely related to 
the power gradient, this relaxation enables a larger pressure to be 
applied than would otherwise be possible. This behavior is qualita
tively similar to shock-augmented ignition schemes, in which inten
tional reductions in laser power are used to facilitate the formation of 
stronger shocks at later times.

Two additional simulations were performed to analyze the phys
ical importance of the precise structure of the optimized laser pulse. 
The laser pulses used in these simulations are shown in Fig. 9. In the 
first case, the reduction in laser power associated with releasing the 
plasma was removed, resulting in a monotonically increasing drive. In 
the second case, the pulse was smoothed using spline interpolation 
through the original time-power pairs, which preserves the structure 
of the original pulse.

In both cases, implosion performance was degraded relative to 
the optimized pulse. This sensitivity demonstrates that the relaxation 
feature identified by the optimizer plays a crucial role in the implosion 
dynamics. In removing or smoothing this feature, the compression of 
the fuel is hindered. The fact that this feature is not biased or imposed 
a priori, but instead emerges from the optimization, highlights the 
ability of the optimization process to identify non-intuitive yet physi
cally meaningful drive strategies.

To assess the convergence behavior of the optimization, the loca
tion of the optimum in parameter space is again defined as the itera
tion at which the objective function first reaches 90% of its final value. 
Using this definition, the swarm identified the optimum within 14 
iterations, corresponding to approximately 13 000 simulations. Each 
fast ignition simulation required approximately 5 h of wall-clock time, 
resulting in a total computational cost of �65 000 processor-hours 
for the full optimization. Given the dimensionality of the parameter 
space and the complexity of the fast ignition design landscape, this 
demonstrates that the PSO framework is able to efficiently locate 
physically meaningful optima within a computationally feasible num
ber of evaluations.

VI. CONCLUSION
This work has presented the development and application of 

Bayesian optimization and particle swarm optimization frameworks 

specifically adapted for high-cost, physics-driven optimization prob
lems in inertial confinement fusion. A suite of physics-motivated 
extensions was introduced to improve robustness, efficiency, and scal
ability, enabling effective optimization in noisy, multi-modal design 
spaces subject to stringent physical constraints.

Re-optimization of low-convergence-ratio (low-CR) wetted- 
foam implosions demonstrated that both approaches significantly 
outperform traditional sequential scan methods, achieving improved 
gain while reducing the total number of simulations required. Both 
advanced optimization approaches achieved comparable final optima, 
with Bayesian optimization requiring fewer evaluations, and particle 
swarm optimization converging more rapidly in terms of iteration 
count and wall-clock time. These results highlight a clear trade-off 
between sample efficiency and convergence speed, indicating that the 
optimal choice of optimizer depends on the available computational 
resources and the specific optimization context.

The particle swarm optimization framework was further applied 
to a substantially higher-dimensional fast ignition design landscape. 
In this regime, PSO proved capable of efficiently identifying a physi
cally viable design that achieves a high compressed areal density of 
1:5 g=cm2. This high areal density was achieved using a laser pulse 
profile under strict intensity and energy constraints.

While Gaussian process-based Bayesian optimization becomes 
increasingly computationally expensive in highly dimensional param
eter spaces, particle swarm optimization remains well suited to such 
high-dimensional problems. The complementary strengths of these 
two approaches suggest that no single optimization strategy is univer
sally optimal for ICF design, but rather that different regimes benefit 
from different algorithmic choices.

Looking forward, these optimization frameworks provide a 
foundation for more sophisticated design studies, including capsule 
design, hybrid optimization strategies, and experimental optimiza
tion on high-power laser facilities. As ICF designs continue to grow 
in complexity and computational cost, physics-aware optimization 
methods such as those presented here will play an increasingly 
important role in navigating complex design landscapes and accel
erating progress toward high-performance fusion implosions.

SUPPLEMENTARY MATERIAL
See the supplementary material for additional details supporting 

the optimization studies presented in this work. This includes the 
functional form of the constraint multipliers, optimization hyperpara
meter choices, and summary tables of the final optimized low-CR 
configurations for all capsule sizes and pulse shapes. It also includes 

FIG. 9. Modified optimized laser pulse, with 
(a) the relaxation feature removed, and (b) 
a smoothed laser pulse. Both modifications 
lead to reduced performance.
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details of the fast ignition optimization, including swarm hyperpara
meters and the evolution of the optimization process.
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