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1 Introduction
This research presents amassively parallel Bayesian inference frame-
work for GPU-based supercomputers. Inverse analysis, which esti-
mates unobservable parameters from observable data, is a key pro-
cess in many scientific and engineering fields. Bayesian inference
provides a robust approach by combining data with prior knowl-
edge and quantifying uncertainty. However, practical applications
often rely on Monte Carlo sampling, which requires forward simu-
lations for a large number of parameter samples (often exceeding
100,000), leading to the need for massively parallel computing solu-
tions. A state-of-the-art massively parallel Bayesian inference im-
plementation, targeted to the estimation of coseismic fault slip[5],
was developed for CPU-based supercomputers. It suffers from long
time-to-solution (e.g., 3.5 hours on 1024 nodes of Fugaku[9]) and
is unsuitable for GPU acceleration because its workload consists
of many small, imbalanced computations. In this study, we devel-
oped a new methodology designed for GPU architectures. This ap-
proach reduces the time-to-solution to just 39.4 minutes on 128
nodes of the GPU-based supercomputer Miyabi[10], correspond-
ing to a 42.1-fold speedup per node and reducing the energy-to-
solution to 18.8% compared to the original CPU implementation.

2 Methodology and Performance
This study addresses Bayesian estimation of coseismic fault slip,
simultaneously inferring fault geometry 𝜃 and slip distribution 𝑠
from crustal deformation data 𝑑 . The computational core is hier-
archical Monte Carlo sampling. The goal is to generate samples
from the posterior PDF 𝑃(𝜃 ∣ 𝑑), while the likelihood 𝑃(𝑑 ∣ 𝜃)
is computed by integrating over 𝑠. Sequential Monte Carlo (SMC),
a sampling algorithm well suited for parallelization, is employed
in a nested manner[3]: the outer SMC loop samples 𝜃 parallelized
across multiple nodes, and the inner SMC loop samples 𝑠 with 𝜃
fixed which runs on GPUs within each node to evaluate 𝑃(𝑑 ∣ 𝜃)
via Monte Carlo integration.

In this study, the most computationally demanding part of the
algorithm, Hamiltonian Monte Carlo (HMC)[4] in the inner SMC
for 𝑠, is offloaded to GPUs. The original CPU implementation fol-
lowing Ching & Chen (2007)[1] results in imbalanced workloads
across threads because the number of HMC steps varies for each
sample 𝑠𝑖. For the GPU implementation, we adopt another SMC
implementation that enforces a uniform number of HMC steps for
all samples[2], which increases the total number of operations but
produces a regular computational patternwell suited to GPUs.This

modification transforms themain computation, matrix-vector mul-
tiplication 𝐺′𝑠𝑖 for each sample 𝑖 = 1, … , 𝑁𝑠 , into a dense matrix-
matrix multiplication 𝐺′ [𝑠1, … , 𝑠𝑁𝑠]. NVIDIA’s cuBLAS[6], linear
algebra library highly optimized with Tensor Cores, is employed
to perform this computation.

Furthermore, tomaximize the utilization of GPU resources, which
is underutilized by a single process due to relatively small matrix
sizes, Multi-Process Service (MPS)[7] is introduced. MPS allows
multiple CUDA kernels to execute concurrently on a single GPU.
As a result, inner SMC computations for different 𝜃 samples run in
parallel without significant code modification, increasing the GPU
utilization. MPS also provides dynamic intra-node load balancing.
In the outer SMC for 𝜃 , synchronization across all processes is re-
quired at each iteration. Load imbalance within a GPU is mitigated
by MPS allocating larger resources to fewer active processes dur-
ing the synchronization.

The kernel was integrated into the application and the perfor-
mance was evaluated on a single node of the Miyabi supercom-
puter equippedwith anNVIDIAGH200GraceHopper Superchip[8].
Varying the number of MPS processes per GPU, the performance
peaked at 16 MPS processes, achieving 13.40 TFLOPS, which is
20.0% of the peak performance of the FP64 Tensor Cores. A 7.7-
fold speedup was achieved compared to the case with one MPS
process.

In a weak scaling test, where the number of samples per node
was kept constant and the number of nodes was increased from
1 to 128, 92.3% efficiency was achieved from 1 to 128 nodes. The
same analysis as the 128 nodes case of Miyabi took 3.5 hours on
1024 nodes of Fugakuwith the original CPU implementation. Com-
paring these results, the GPU implementation on Miyabi achieved
a 42.1-fold speedup per node and reduced the energy-to-solution
to 18.8%.This speedup is 2.1 times larger than the ratio of peak per-
formance per node between the two supercomputers (3.4TFLOPS
on Fugaku and 67.0TFLOPS on Miyabi), highlighting the effective-
ness of the methodology designed for GPUs.

3 Concluding Remarks
We developed and demonstrated an efficient, massively parallel
Bayesian inference framework for GPU supercomputers. By re-
designing themain kernel for GPUs and leveragingMPS, it achieved
significant speedup and good scalability. The principles demon-
strated here are not limited to this application. They could serve as
guide for porting a wide range of similar applications that involve
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numerous small, forward simulations, such as ensemble data assim-
ilation and particle-based optimization, to GPU-based computing
environments.
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