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Abstract
The operational envelope of high-power-density systems, such as particle accelerators and advanced nuclear energy systems, 
is critically constrained by the need to manage extreme thermal loads. To address this, we present a novel hybrid optimiza-
tion framework combining a genetic algorithm (GA) with a soft actor-critic (SAC) deep reinforcement learning agent. This 
framework was applied to a practical high-heat-flux problem: redesigning the beam dump at the Facility for Rare Isotope 
Beams (FRIB) for a power upgrade from 20 kW to 50 kW. The resulting design, validated by three-dimensional conjugate 
heat transfer simulations, suppresses hazardous hot spots and yields a markedly more uniform temperature distribution. This 
provides a robust operating margin, increasing the average power-handling capability by 72% relative to the current design, 
demonstrating the framework’s potential to solve complex thermal management challenges in both accelerator technology 
and advanced nuclear systems.

Keywords  Heat removal system · Beam dump · Optimization · Genetic algorithm · Reinforcement learning · Heat 
exchanger · Accelerator · FRIB

1  Introduction

Designing components for extreme thermal conditions is a 
critical challenge in advanced engineering fields, particu-
larly for high-power density systems like particle accelera-
tors and nuclear reactors [1, 2]. In these environments, the 
ability to efficiently manage heat is a primary constraint on 
performance and further technological advancement. High-
power particle accelerators, such as the Facility for Rare 
Isotope Beams (FRIB), provide an ideal case study for this 
challenge. At FRIB, the unreacted primary beam is directed 
into a beam dump, a critical component designed to safely 
absorb and dissipate the deposited energy to prevent mate-
rial failure [3]. This component is the primary bottleneck 

in FRIB’s planned power ramp-up from 20 kW to 50 kW, 
as the current design cannot adequately suppress hazardous 
hot spot formation at higher beam power. Overcoming this 
requires a shift from traditional, experience-based improve-
ments to systematic optimization methods that can navigate 
complex design spaces to find robust, global optima [4].

High-power particle accelerators, such as the Facility 
for Rare Isotope Beams (FRIB), represent one of the most 
demanding use cases for thermal management. As shown 
in Fig. 1, the unreacted primary beam at FRIB is directed 
into a beam dump, a critical component designed to safely 
absorb and dissipate this immense energy to prevent mate-
rial failure [4].

The beam dump plays a critical role in stopping the 
beam and is considered the most challenging system in 
FRIB’s planned power ramp-up from 20 kW to 50 kW [5]. 
This challenge arises primarily from the heavy ion beams, 
such as 238 U, accelerated at FRIB. Unlike proton beams, 
these heavy ions possess a high atomic number (Z) and, 
at matched velocity in the same target material, exhibit 
an electronic stopping power approximately three to four 
orders of magnitude higher than that of protons, reflecting 
the dominant Z2 dependence of the electronic stopping 
power [6]. As a result, the beam energy is deposited within 
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an extremely small volume near the surface with a negli-
gible penetration depth. This characteristic makes direct 
water cooling challenging, as it would require a very thin 
window (approximately 1 mm) with limited structural mar-
gin; therefore, a solid-absorber concept is adopted. Dis-
sipating 50 kW of heat concentrated on this solid absorber 
imposes a severe thermal load. Notably, due to this dis-
tinct surface heating mechanism, this 50 kW heavy ion 
load can induce peak thermal stresses comparable to those 
produced by a volumetrically deposited proton-beam load 
of much higher total power. Consequently, spreading the 
beam’s energy over a large area to keep local temperatures 
below material damage limits is a critical requirement.

To manage these high thermal loads, FRIB currently 
achieves this by directing the beam at a shallow 6 ◦ inci-
dence angle onto a water-cooled dump, which lengthens 
the beam’s path and reduces the local power density. 
The absorber plate incorporates a CuCrZr copper alloy 
explosion-bonded to Al 2219, contains 2 mm × 7 mm 
water channels, and is coupled to additively manufactured 
AlSi10Mg wings, as shown in Fig. 2 [7].

However, this existing design is insufficient for the 
required 50 kW operation. The primary objective is to 

prevent excessive localized heating (hot spots) by redis-
tributing the energy deposition more evenly across the 
dump surface. This is a complex multi-variable optimiza-
tion problem, as the design must perform robustly across a 
range of operational beam sizes and satisfy manufacturing 
constraints. Traditional trial-and-error engineering methods 
struggle in this high-dimensional design space and cannot 
efficiently find a global optimum. Therefore, advanced opti-
mization techniques are required to solve this challenge.

A powerful and widely used method for solving such 
engineering optimization problems is the genetic algorithm 
(GA) [8]. GAs conduct a global search by mimicking evo-
lutionary processes, enabling them to navigate large design 
spaces and handle nonlinear, multi-objective problems. They 
have been widely applied in engineering for their ability 
to escape local minima and discover efficient solutions [9]. 
In thermo-fluid applications, recent genetic algorithm (GA) 
studies have demonstrated effectiveness across various heat 
transfer and fluid-engineering applications. Garcia et al. [10] 
optimized microchannel heat exchangers, achieving volume 
and fan power reductions by up to 45% and 51%, respec-
tively. Zhang et al. [11] applied GA optimization to ellipti-
cal tube fin heat exchangers, successfully reducing pressure 
drop by 20% without compromising heat transfer efficiency. 
Jin et al. [12] optimized zigzag parameters in printed circuit 
heat exchangers for supercritical CO2 Brayton cycles, sig-
nificantly lowering pressure drop. Meng et al. [13] utilized 
GA to enhance plate heat exchanger designs for commercial 
electric vehicles, improving the comprehensive performance 
factor by approximately 21.5%. Hamed et al. [14] employed 
GA optimization on inserted coiled tube three-fluid heat 
exchangers to minimize entropy generation effectively. Addi-
tionally, Mekki et al. [15] used GA-driven topology optimi-
zation to achieve performance improvements of up to 89% 
in aerospace fin structures. Moon et al. [4] combined metal 
additive manufacturing with GA optimization, resulting in 
ultra-power-dense heat exchangers exhibiting specific power 
roughly 20-fold higher than that of commercial counterparts.

However, the effectiveness of a pure genetic algorithm 
(GA) approach is constrained by several limitations. A pri-
mary concern is the risk of premature convergence, where 
the algorithm gets trapped in a local, suboptimal solution 
instead of finding the global optimum [14, 16]. These chal-
lenges are often exacerbated in high-dimensional design 
spaces. GAs are inherently sensitive to interactions among 
many design variables, and these interactions become 
increasingly difficult to manage as the number of variables 
grows. In such large-scale problems, the algorithm can be 
overwhelmed. In other words, the GA might find a good 
rough configuration of the beam dump, but fine-tuning 
the shape for ideal thermal performance would be difficult 
using a GA alone. This is where reinforcement learning (RL) 
offers a powerful complement to GA-based design.

Fig. 1   (Color online) FRIB target hall

Fig. 2   (Color online) Current FRIB beam dump design



Optimization of the FRIB beam dump: a hybrid genetic algorithm and reinforcement learning… Page 3 of 10    184 

RL algorithms excel at iteratively improving a solution by 
learning from interactions with a simulation or environment, 
gradually maximizing a defined performance reward. They 
have shown great promise in complex systems through trial-
and-error learning. In recent thermo-fluid studies, RL has 
been successfully applied in various heat transfer optimiza-
tion scenarios. Keramati et al. [17] used deep reinforcement 
learning (DRL) coupled with computational fluid dynam-
ics (CFD) to optimize heat exchanger shapes, significantly 
enhancing heat transfer performance while reducing pres-
sure drop. Similarly, Wang et al.  [18] demonstrated the 
feasibility of DRL for forced convection control, achiev-
ing superior cooling performance compared to traditional 
control methods. Ortiz-Mansilla et al. [19] employed RL to 
optimize near-field radiative heat transfer between multilayer 
hyperbolic metamaterials, showing that RL-driven methods 
could outperform traditional intuition-based optimization. 
Hachem et al. [20] introduced a novel RL technique using 
proximal policy optimization (PPO) for controlling conju-
gate heat transfer problems, effectively improving thermal 
homogeneity across complex geometries. Additionally, 
Wang et al. [21] integrated DRL with PID control strate-
gies, significantly enhancing temperature tracking accuracy 
in indirect-contact heat exchangers within energy systems, 
demonstrating robustness under varying operational condi-
tions. Li et al. [22] proposed a distributed DRL framework to 
handle multi-objective heat management in proton exchange 
membrane fuel cells, effectively coordinating multiple con-
trol objectives and significantly improving operational effi-
ciency. Lee et al. [23, 24] presented a DRL-based topology 
optimization for printed circuit heat exchangers (PCHEs), 
achieving notable enhancements in thermal performance, 
and demonstrated the practicality of these optimized designs 
through 3D printing technology.

For optimization loops coupled to computationally 
expensive thermal simulations, the soft actor-critic (SAC) 
algorithm is particularly well suited. SAC is an advanced 
off-policy deep RL algorithm that optimizes a stochastic 
policy with an entropy-maximization objective [25]. Prac-
tically, this means it can efficiently reuse past simulation 
experiences via a replay buffer and maintain high sample 
efficiency, which is a critical feature when each function 
evaluation is computationally expensive [26, 27].

Building upon a preliminary study [28], which dem-
onstrated the initial feasibility of the hybrid concept, this 
work proposes an advanced optimization framework. 
This approach combines the global search strengths of a 
GA with the fine-tuning capabilities of RL to redesign 
the FRIB beam dump for 50 kW operation. The frame-
work employs a two-stage process: First, a genetic algo-
rithm explores the broad geometric design space to iden-
tify a promising baseline configuration. Subsequently, 
a soft actor-critic (SAC) agent interacts with a thermal 

simulation of this baseline design, making localized 
adjustments to 34 fine-tuning surface points to refine the 
geometry. The specific objective is to minimize the maxi-
mum surface temperature across several representative 
beam conditions, thereby ensuring a robust design that 
can safely dissipate the increased beam power without hot 
spot failures. The following sections describe the devel-
opment and results of this hybrid optimization in detail, 
demonstrating the power of combining GA and RL for 
solving complex thermo-fluid engineering problems in the 
accelerator domain.

2 � Method

To address the complex, multi-variable challenge of rede-
signing the beam dump, a two-stage hybrid optimization 
framework was developed. This approach combines a 
genetic algorithm (GA) for robust global exploration with 
a deep reinforcement learning (RL) agent for high-fidel-
ity local refinement. The core strategy is to leverage the 
distinct strengths of each algorithm: the GA’s ability to 
efficiently navigate a vast design space to identify prom-
ising baseline configurations and the RL agent’s capacity 
for precise, data-driven fine-tuning to converge on a final, 
high-performance design. This hybrid process is more 
effective and computationally efficient than using either 
method in isolation, as it balances broad exploration with 
precise exploitation.

The overall workflow is sequential, as depicted in 
Fig. 3. The process commences with the GA performing 
a broad search over a set of 13 coarse geometric param-
eters to identify a globally promising design region. The 
best-performing individual from the GA’s final popula-
tion, determined by evaluating the negative of the maxi-
mum temperature as the fitness score, is then used as the 
starting point for the second stage. In this stage, a soft 
actor-critic (SAC) reinforcement learning agent inter-
acts with a thermal simulation of the design. The agent, 
whose policy is informed by a convolutional neural net-
work (CNN) processing the temperature field as input, 
makes iterative, localized adjustments to 34 fine-tuning 
surface points to further minimize the peak temperature. 
This iterative refinement continues for 500 episodes, with 
the agent learning to maximize a reward signal correlated 
with temperature reduction. The FDM-based simulation 
employed in the optimization loop was subsequently 
benchmarked against three-dimensional CHT simulations 
and experimental data to verify the predicted temperatures 
and derived power limits.
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3 � Problem definition

The primary optimization goal is to minimize the maximum 
temperature within the beam dump structure across a set 
of representative operational beam conditions. The analysis 
was performed for a 238 U beam accelerated to 177 MeV/u. 
Considering the interaction with a graphite target thickness 
of 2.1 mm, 63.3% of the primary beam power is deposited 
into the beam dump. The beam’s geometric distribution, 
defined by its size ( �x, �y ), varies significantly depending 
on the beam’s magnetic rigidity deviation, as illustrated 
in Fig. 4. The reference operating curve was defined by 

selecting a trajectory between two candidate optics settings 
to avoid extreme beam-size excursions.

The DRL stage requires a separate FDM simulation for 
each beam condition at every training step, making the opti-
mization time highly dependent on the number of cases. 
Therefore, to ensure the design is robust for the 50 kW 
upgrade across a wide operating range [28], we selected 
three representative beam-size pairs. The selected cases, 
highlighted by red circles in Fig. 4, were chosen to cover 
the critical operational boundaries: (�x, �y) = (6.97 mm, 
25.98  mm) (representing the largest operational spot), 
(�x, �y) = (2.9 mm, 14.2 mm) (a key intermediate spot), and 
(�x, �y) = (2.11 mm, 7.68 mm) (representing the smallest 
spot logically feasible for 50 kW operation).

The cooling water system is designed to manage the high 
thermal load using 32 ◦ C water supplied at a total flow rate 
of 60 GPM. To optimize cooling efficiency, the flow passage 
is divided into distinct zones based on the heat deposition 
profile. In the central beam impact area (Sects. 2 and 3 in 
Fig. 5), the water is directed through 42 mini-channels, each 
2 mm wide and 7 mm high as detailed in Fig. 2. This geom-
etry accelerates the flow to an average velocity of 6.4 m/s to 
maximize heat transfer performance. In contrast, the wing 
regions (Sects. 1 and 4 in Fig. 5) experience lower ther-
mal loads and therefore utilize a 10-mm-thick bulk chan-
nel without the mini-channel structure. This configuration 
replicates the geometry of the currently operational beam 
dump (Fig. 2) and is fully compatible with existing additive 
manufacturing capabilities, ensuring the design’s technical 
feasibility and manufacturability.

To make the optimization computationally manageable for 
both the GA and RL stages, the three-dimensional geometry of 
the beam dump was simplified into a two-dimensional cross-
sectional model. The 2D model, shown in Fig. 5, is divided 
into four sections: Sects. 1 and 4 consist of 3D-printed wings, 
while Sects. 2 and 3 comprise a bimetal plate. The design 
retains the previous water channel configuration, with a 
length of 600 mm and a height of 140 mm, constrained by the 
space available in the FRIB beam dump area. The prescribed 
material thicknesses are set to avoid exceeding the boiling 
point of the cooling water: 15 mm for CuCrZr, 5 mm for Al 
2219, and 12 mm for AlSi10Mg. Furthermore, the maximum 
allowable temperature for both Cu and Al alloys is limited 
to 350 ◦ C to prevent material degradation. The GA controls 

Fig. 3   (Color online) Overall optimization workflow

Fig. 4   (Color online) Beam spot and beam-size selection Fig. 5   (Color online) Schematic of the geometry used for simulation
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13 design variables: nine surface control points, the lengths 
of Sects. 1 and 4, the plate angle, and the beam-center loca-
tion. The RL stage refines 34 surface control points, including 
the GA-defined points and additional interpolated points. The 
geometry is fully defined by these fixed dimensions and adjust-
able variables, as illustrated in Fig. 5.

The thermal performance of each candidate design is evalu-
ated using a custom 2D thermal solver developed in Python. 
The solver is based on the FDM to solve the steady-state heat 
conduction equation in a two-dimensional domain represent-
ing the beam dump’s cross section.

For the material’s internal domain, the governing equation 
is the source-free steady-state heat conduction equation:

Here, T(x, y) is the temperature field, and k(x, y) is the 
position-dependent thermal conductivity. The thermal con-
ductivities for the materials were treated as temperature-
independent constants evaluated at the temperature limit of 
350 ◦C [5] to provide a conservative simplified calculation: 
354 W m−1 K−1 for CuCrZr [29], 158 W m−1 K−1 for Al 
2219 [30], and 170 W m−1 K−1 for AlSi10Mg [31].

The domain is discretized into a grid with 0.5 mm spacing. 
For an internal node (i, j), this equation is discretized using a 
five-point stencil FDM scheme. The thermal conductivity k 
at the interface between nodes is calculated using a harmonic 
mean to accurately handle material interfaces.

For nodes located on the boundaries, the standard FDM 
equation is replaced with specific boundary condition equa-
tions that model heat exchange with the surroundings. The 
top surface experiences a complex condition involving both 
heat gain from the beam and heat loss from out-of-plane heat 
spreading, governed by the energy balance equation:

The term qbeam represents the incoming heat flux from the 
particle beam, whose magnitude depends on a Gaussian pro-
file and the angle of incidence. To compensate for the 2D 
model’s inability to represent out-of-plane heat dissipation, 
an effective heat transfer coefficient, hupper , is applied.

This coefficient is calculated using the calibrated empiri-
cal relation hupper = C ⋅ klocal∕�

p
x , where C and p are section-

dependent fitting constants. The calibrated constants are 
C = 0.34, 0.52, 0.52, 0.60 for Sects.  1–4, with a common 
exponent p = 0.9.

The bottom surface is cooled by forced convection, a sim-
pler Robin boundary condition where heat is removed:

(1)∇ ⋅ (k(x, y)∇T(x, y)) = 0.

(2)−k
�T

�n
= hupper(Tsurf − Twater) − qbeam.

(3)−k
�T

�n
= hcool(Tsurf − Twater).

Here, hcool denotes the heat transfer coefficient and Twater is 
the coolant temperature, set to 32 ◦ C. To represent the seg-
mented fabrication layout, the vertical interfaces between 
sections S1–S2  and S3–S4 are modeled as adiabatic, where 
no heat conduction occurs ( �T

�n
= 0).

This complete system of discretized equations for both 
internal and boundary nodes is assembled into a sparse lin-
ear system, AT = b , which is solved to find the temperature 
vector T.

4 � Genetic algorithm for global search

The initial global search phase was conducted using a 
genetic algorithm (GA), specifically configured to explore 
the design space of the beam dump geometry. Each potential 
design is represented by a chromosome, which is a real-
valued vector of 13 parameters. These parameters encode 
the coarse geometric features: four additional variables 
describing the lengths of Sects. 1 and 4, the bimetal plate 
angle, and the horizontal beam offset, supplemented by nine 
free y-coordinates that define the initial surface curvature 
shown in Fig. 5. An initial population of 100 individuals was 
generated by randomly sampling each parameter within its 
predefined constraints.

The fitness of each individual was quantified based on its 
worst-case thermal performance to ensure the robustness 
of the final design. The custom FDM solver evaluated each 
geometry against all three representative beam sizes, and 
the fitness score was defined as the negative of the single 
highest peak temperature recorded across these simulations. 
This formulation transforms the temperature minimization 
problem into a fitness maximization task suitable for the GA. 
To manage the computational demand of this step, the pop-
ulation-wide fitness evaluations were executed in parallel.

The population evolved over a maximum of 500 genera-
tions, driven by a set of carefully chosen genetic operators. 
At each generation, a tournament selection scheme with a 
tournament size of three was employed to select parent chro-
mosomes for reproduction. New offspring were subsequently 
generated using uniform crossover with a probability of 0.9, 
where traits from two parents are exchanged on a gene-by-
gene basis [32]. These offspring then underwent Gaussian 
mutation with a probability of 0.12, introducing small, nor-
mally distributed variations to the parameters to facilitate 
fine-tuning and prevent premature convergence [33]. An elit-
ism strategy was also implemented, ensuring that the four 
best-performing individuals from the current generation 
were automatically carried over to the next, preserving the 
best-found solutions throughout the evolutionary process. 
The algorithm terminates upon reaching the maximum gen-
eration count or if the solution converges, which is defined 
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here as an improvement in the best maximum temperature 
of less than 1 ◦ C over 30 consecutive generations.

5 � Reinforcement learning for fine‑tuning

Following the global search, the optimal design from the 
GA was passed to a soft actor-critic (SAC) agent for high-
fidelity refinement [26]. The state provided to the agent is 
the complete 2D steady-state temperature field from the 
FDM simulation. These thermal data are represented as an 
image-like tensor and processed by a convolutional neural 
network (CNN) that serves as a shared feature extractor [34]. 
The CNN consists of three convolutional layers with ReLU 
activation, which transform the spatial temperature distribu-
tion into a compressed feature vector for the actor and critic 
networks.

The action (A) is a continuous vector of 34 elements, 
where each element defines a small vertical adjustment, Δy , 
to a specific point on the beam dump surface. These 34 fine-
tuning points are generated by expanding the initial geom-
etry provided by the GA. For each of the four surface sec-
tions, additional points are interpolated between the original 
design points, creating a higher-resolution profile for the RL 
agent to manipulate. To ensure the physical validity of the 
geometry and prevent self-intersecting surfaces, a monotonic 
constraint is enforced on the y-coordinates after each action 
is applied. This approach allows the agent to make precise, 
localized modifications while maintaining a viable geomet-
ric shape inherited from the GA’s global search.

The reward function was designed to provide a dense 
and informative feedback signal based on the temperature 
improvement relative to the GA’s best result ( Tmax, GA ). 
Given the peak temperature after an agent’s action ( Tmax, RL ), 
the change ΔT = Tmax, GA − Tmax, RL is calculated. The 
reward is piecewise linear: r = �+ ⋅ ΔT + b for ΔT > 0 , and 
r = � ⋅ ΔT otherwise. The calibrated constants are �+ = 1.0 , 
�− = 0.1 , and b = 5.0 . The larger positive slope ( 𝛼+ > 𝛼− ) 
rewards improvements more strongly than it penalizes small 
degradations, which encourages the agent to explore. The 
bonus b gives the agent an additional reward whenever it 
improves on the GA baseline.

The SAC agent was implemented with a twin-critic archi-
tecture to mitigate Q value overestimation and was trained 
for 500 episodes with 10 environment steps each [35]. All 
networks, including the actor, critics, and the shared CNN 
encoder, were updated using the Adam optimizer with a 
learning rate of 1 × 10−4 [36]. Training transitions were 
sampled in mini-batches of 128 from a replay buffer with 
a capacity of 100,000 experiences, an off-policy approach 
that enables efficient reuse of computationally expen-
sive simulation data. The entropy regularization coef-
ficient ( � ), a key SAC hyperparameter that balances the 

exploration–exploitation trade-off, was set to a fixed value 
of 0.02 throughout the training process.

6 � 3D simulation and validation

To validate the thermal performance of the final optimized 
geometry under realistic three-dimensional conditions, a 3D 
conjugate heat transfer (CHT) simulation was performed. 
The thermal boundary conditions were consistent with those 
described in the Problem Definition section, while the fluid 
dynamics were modeled using a k–� turbulence model, with 
a water flow rate of 60 GPM at the inlet and a pressure-outlet 
boundary condition.

Prior to the main analysis, a mesh independence study 
was conducted to ensure the numerical accuracy and 
computational efficiency of the model. As illustrated in 
Fig. 6, the maximum temperature was calculated for sev-
eral mesh densities using the three beam conditions used 
in the optimization objective. Based on this study, a mesh 
with 924,323 elements was selected, as it provided a bal-
ance between precision and computational cost, yielding a 
temperature deviation of less than 1.4% compared to a finer 
mesh with over 6.4 million elements.

Furthermore, the simulation methodology was validated 
against experimental results by Song et al. [37]. A thermal 
simulation of the current beam dump shown in Fig. 2 was 
conducted and compared with experimental test data. The 
experiment utilized a 17 keV electron beam to reproduce 
a deposited power condition equivalent to 15 kW (75% of 
20 kW primary beam power operation). The validation test 
was performed with a 40 GPM water flow rate and a 30 ◦ C 
inlet temperature. The results showed strong agreement, with 
discrepancies between the simulated and measured surface 
temperatures within ±5% , thereby confirming the predictive 
reliability of the thermal model used in this work.

Fig. 6   (Color online) Mesh independence study results



Optimization of the FRIB beam dump: a hybrid genetic algorithm and reinforcement learning… Page 7 of 10    184 

7 � Results

The hybrid optimization approach produced an improved 
geometry for the FRIB beam dump, leading to a signifi-
cant reduction in peak temperature. The first stage of 
this process, the genetic algorithm (GA) optimization, 
is illustrated in Fig. 7. The optimization history shows 
a consistent convergence trend, with the maximum tem-
perature of the best-performing design dropping from an 
initial value of 554.7 ◦ C. As the generations progressed, 
the GA iteratively refined the beam dump’s geometry to 
minimize the worst-case temperature across all specified 
beam sizes. The scattered points in Fig. 7 represent the 
maximum temperatures for each of these cases, indicating 
that the algorithm successfully found a robust design that 
performs well under various conditions. After converging 
in 107 generations, the GA stage concluded, achieving a 
final optimized maximum temperature of 345.9 ◦C.

To further refine the global optimum design identi-
fied by the genetic algorithm, a soft actor-critic (SAC) 
deep reinforcement learning agent was employed for local 
geometry optimization. The primary objectives were to 
minimize the peak temperature and create a more uniform 
temperature distribution on the beam dump surface. Fig-
ure 8 illustrates the training history of the SAC agent over 
500 episodes. The x-axis represents the training episode, 
while the y-axes show the reward and maximum temper-
atures under various beam conditions. As training pro-
gresses, the reward exhibits a clear upward trend, indicat-
ing that the agent successfully learned an effective policy 
to improve thermal performance.

Concurrently, the overall maximum temperature was 
successfully reduced by 21.8 ◦ C from the GA-optimized 
baseline of 345.9 ◦ C to a final value of 324.1 ◦ C. This 
final optimized state yielded maximum temperatures of 
324.1 ◦ C, 319 ◦ C, and 321  ◦ C for beam sigma (�x, �y) 

pairs of (2.11 mm, 7.68 mm), (2.9 mm, 14.2 mm), and 
(6.97 mm, 25.98 mm), respectively.

Figure 9 provides a visual comparison between the cur-
rent beam dump design and the optimized geometry for 
50 kW operation achieved through the hybrid genetic algo-
rithm and reinforcement learning, with the final design con-
strained within the predefined boundary (r = 368.3 mm). 
The final optimized parameters are a Sect.  1  length of 
58.4 mm, a Sect. 4 length of 30 mm, a plate angle of 4.66◦ , 
and a beam center located at 324.1 mm. The optimized 
design features a shallower plate angle compared to the ini-
tial design’s inferred angle of 6 ◦ . This reduction in the plate 
angle, while effectively utilizing the available design space, 
extends the projected beam-interaction path on the absorber 
surface, thereby distributing the deposited heat over a wider 
area and reducing the peak temperature.

The thermal performance of the optimized geometry is 
visually demonstrated in Fig. 10, which presents a compara-
tive 3D CHT analysis of the surface temperature distribu-
tions between the current and optimized designs under three 
distinct operational beam conditions. In the current design, 

Fig. 7   (Color online) Genetic algorithm optimization temperature 
trend by generation

Fig. 8   (Color online) Reinforcement learning temperature and reward 
trend by episode

Fig. 9   (Color online) Geometry comparison between current design 
and optimized designs within the design boundary
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the beam energy creates highly localized thermal loads, 
resulting in significant hot spots with a maximum tempera-
ture reaching as high as 688.5 ◦ C for the (�x, �y) = (6.97 mm, 
25.98 mm) beam case. By contrast, the optimized design 
effectively mitigates these peak temperatures, reducing them 
to 324.9 ◦ C, 320 ◦ C, and 319.1 ◦ C for the respective beam 
sizes. Notably, these temperatures obtained from the com-
prehensive 3D simulation show good agreement, within 1%, 
with the final values predicted by the 2D FDM model in 
the RL optimization phase (324.1 ◦ C, 319 ◦ C, and 321 ◦ C, 
respectively), confirming the high fidelity of the simplified 
model used for optimization. Consequently, the heat load is 
spread more evenly along the beam’s path, eliminating the 
hazardous hot spots and validating the success of the hybrid 
optimization framework.

To understand the thermal behavior better, the heat flux 
distribution on the beam dump surface is analyzed in Fig. 11. 
In the current design, for the small beam size (2.11 mm, 

7.68 mm), the deposited heat is highly concentrated at the 
center due to the geometric configuration. For the large beam 
size (6.97 mm, 25.98 mm), the heat flux on the wing sec-
tion is significant. This results in high temperatures because 
this region lacks the mini-channel structure for enhanced 
cooling. The optimized design redistributes the heat load 
to better match the local cooling capacity, outperforming 
the current design. In the central region, where the mini-
channels provide efficient cooling, the design allows a high 
heat flux of 1300 W/cm2 at the small beam size. Conversely, 
in the wing regions, where the cooling is less efficient, the 
heat flux is distributed at a lower level of 550 W/cm2 at the 
large beam size. This strategic distribution explains why the 
maximum temperature remains stable despite the variations 
in beam conditions.

Building on this enhanced thermal stability, Fig. 12 illus-
trates the practical impact on the beam dump’s operational 
envelope. The top panel plots the primary beam power limit 
as a function of magnetic rigidity deviation, and the bot-
tom panel shows the corresponding operating beam sizes 
from Fig. 4. The power limit was calculated based on the 
constraint that the maximum material temperature does not 
exceed 350 ◦ C. The results show that the optimized design 
possesses a substantially higher power-handling capabil-
ity across the entire range of magnetic rigidity deviations 
compared to the current design. Notably, the optimized 
beam dump consistently meets or exceeds FRIB’s 50 kW 
operational requirement for most operating conditions, 
whereas the current design’s capability remains well below 
this threshold. This significant improvement confirms that 
the new design provides a robust operational margin, cor-
responding to an average power-handling capability increase 
of 72%, calculated as the ratio of the total allowable beam 

Fig. 10   (Color online) Comparison of surface temperature distribu-
tions between the current and optimized beam dumps

Fig. 11   (Color online) Comparison of log-scaled deposited power 
density distributions on the current and optimized beam dumps

Fig. 12   (Color online) Primary beam power limits of the current and 
optimized beam dumps at the 350 ◦ C material-temperature limit
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power over the full magnetic-rigidity-deviation range 
considered.

8 � Conclusion

This study demonstrated a novel hybrid optimization frame-
work combining a genetic algorithm (GA) with soft actor-
critic (SAC) reinforcement learning to redesign the FRIB 
beam dump for an upgraded 50 kW operation. The two-stage 
approach effectively leveraged the strengths of each method: 
The GA performed a robust global search to identify a prom-
ising design envelope, while the SAC agent conducted high-
fidelity local refinement to fine-tune the surface geometry.

The resulting optimized design achieved the primary 
objectives of this work. 3D conjugate heat transfer simula-
tions confirmed a significant reduction in peak operational 
temperatures, with hazardous hot spots being effectively 
eliminated across a range of representative beam conditions. 
The optimized geometry promotes a more uniform surface 
temperature distribution by enhancing heat spreading along 
the beam’s path.

Crucially, this thermal performance enhancement trans-
lates into a substantial improvement in the beam dump’s 
operational capabilities. The new design meets the required 
50 kW power-handling threshold across a wide spectrum of 
238 U beam magnetic rigidity deviations, providing a robust 
operational margin that the original design lacked. This 
represents an average power-handling capability increase 
of 72%.

In summary, this work demonstrates that the validated 
design is compatible with the existing fabrication route. Fur-
thermore, it establishes a powerful and efficient optimization 
methodology that can be readily adapted to solve similar 
complex, multi-variable thermal management challenges in 
other high-power accelerator components and advanced heat 
removal systems.
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