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Introduction and

Theory Quarter Core Problem Conclusion

RBMs offer substantial increases in accuracy compared

to perturbation theory with comparable speedup

e The target space was well approximated with two
dimensions but L2 loss converged to zero with each
additional POD mode
Affine speedup remained constant with each

90 cm additional POD mode, while nonaffine decreased

Affine RBMs computationally outperformed nonaffine
RBMs with an increasing mesh size
Perturbation of £ and £2 had negligible impact on

Kerr
Observed effect of perturbation of £} and Z} on Keyrr

Motivation

Solutions to large linear systems typically involve

computationally expensive numerical solvers

e Costly for many solutions at different
configurations (uncertainty quantification (UQ),
near-critical analysis, core optimization)
Common physics-based perturbative methods
applied require intuition and expertise to apply

properly

Parametric One-speed Neutron Diffusion Emulator Training and Target Calculations

M)y = AWFQ|Y(w)) Offline Stage: Training Space Construction
Where u is a vector of parameters e 45 X 45 Mesh-centered finite difference

(D,2q,%5,0rv) (2025 mesh elements)

Solved through numerical methods ® Mesh grid of 4 perturbed parameters (81
This work utilizes a mesh-centered finite training points)
difference solver ® (Casel: 22 = (0.130 and Z}l, 172}, Zczl =

M and F are N X N and flux, |[y), is N 0.10 (Perturbation Theory (PT))

2
N is the number of mesh nodes e Case2-5: 22 € {0.125,0.130,0.135} L

1 oyl ¢2
The Reduced Basis Method (RBM) and Xg, vEf, g € {0.095,0.100,0.105] . -

Reduction of order from N to R where R K N (RBM with 1 -4 POD modes) le—s| ———}

Calculate T training forward and adjoint fluxes Online Stage: Target CaIcuIaFlons - 10em ~20em
with a high-fidelity solver ® 500 randomly sampled points from a 4- Figure 1. A reactor quadrant consisting of 4 regions

& . dimensional box in barameter space with reflective boundaries at the bottom and left
Reduce training subspace with Proper P P faces and vacuum boundaries at the top and right

Mission Relevance

Computational neutron transport is important to
detection and monitoring systems design

Next Steps

Used in modeling of SNM-containing systems in Orthogonal Decomposition (POD) to R fluxes I:/I 45:‘4SS:amSp|eﬁl ou;sidle tl.we training space faces Multi-group diffusion and empirical interpolation
nonproliferation and treaty verification Define Mt (u?) and Ft(ut) for each target er_ | 'zjoffca Ing nadys;: . ff‘ ORI, . ositiogsforeach reatn in method for nonaffine perturbations

Optimization of next-generation energy, fuel point such that M ; = (y;|M(u") ;) and ° Rll_zll\jle ! hefpn(;[e) an da e onatTine Figure 1 e Greedy training subspace construction

systems, and criticality experiments Ffj - <¢i|F(ﬂt)‘l/)j> . v:\lt. | 324m1029e65 . N ID |Name D (¢cm) | Z4 (em™) | vEf (cm™Y) C5G7 benchmark with density perturbation
Applicable to UQ and optimization in the Sollve R x R eigenvalue problem for 1 =~ 4, ¢ 81r8(e)s A = ’ ’ ' Fuel 1+ Rod | 0.4 Perturb Perturb Parallelization and results generation on an HPC

mplementation in the discrete ordinates solver in

validation of simulation and nuclear data

Mt(,ut)c - iFt(ut)C 1 |Fuell 0.5 Perturb 0.10

: ) Ny Hammer
Reconstruct flux with a Galerkin Projection Fuel 2 0.4 Perturb  10.10 . L
- Reflector 0.3 0.01 ~0 Exploration of applications
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Figure 2. L2 norm of kgrr — k, £f Figure 3. Speedup of affine and nonaffine RBM Figure 4. Speedup of affine and nonaffine RBM 1.0 Devel d ion f tati | bhvsics th h
versus number of POD modes in the RBM. emulators versus emulator POD mode emulators with 4 POD modes versus mesh size evelope pas:5|on Or computational physics throug
| 0.9 research experiences
® Increase in accuracy with each additional POD e Distinct speedup decrease for each e Affine RBMs speedup scales more favorably , | | | | | ® learned the basics of software development
mode additional nonaffine emulator with mesh size than nonaffine RBMs. it W il P00 ofRegion2 e Explored computational methods for neutron
e Almost the entire target distribution can be e Affine emulator speedup remains constant @ Negligible impact of perturbing ) and X2 . Target = Training transport
reconstructed with 2 dimensions. e Almost all emulators exceed 100x speedup e Positive relationship between Z} and k¢ e Improved writing and public speaking skills
over the finite difference solver. e Negative relationship between X} and Kers Figure 5. Effect of each parameter on k¢ e Advisors provided critical expertise and support
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