
33

Biotechnology and Regenerative Sciences
ISSN: e-ISSN: 3117-6445 / p-ISSN: 3117-6453

https://galaxiauniverse.com/index.php/BRS/issue/archive

High-Performance Computing Frameworks for
Bio-Simulation in Regenerative Sciences
Marco Costa1

1 Research Scientist, Department of Machine Learning, Mediterranean Institute of Technology, Rome, Italy. Email:
marco.costa79@yahoo.com | ORCID: 6484-7901-9169-1042

ABSTRACT

Bio-simulation in regenerative sciences -- encompassing ODE pathway kinetics, agent-based tissue simulations, finite

element mechanics, reaction-diffusion PDE systems, and multi-scale coupled models -- generates some of the most

computationally demanding workloads in computational biology, with individual CITRA agent-based simulations requiring

8 hours on 32-core CPUs and TEHMC coupled PDE-ABM models requiring 8.4 hours per design evaluation. The

transition from CPU-only to GPU-accelerated, and from single-node to distributed high-performance computing (HPC)

architectures is essential for making these simulations tractable at the throughput required by RPSO protocol

optimisation (200-500 evaluations per indication) and PRDT digital twin personalisation (50 TRS-sim evaluations per

patient). This paper proposes the Regenerative Sciences High-Performance Computing (RSHPC) framework, a

systematic methodology for GPU acceleration and distributed HPC implementation of regenerative biology simulation

workloads, comprising four technical components: a GPU-accelerated ODE solver suite (GAOS) implementing RPSSB

pathway models on GPU; a parallel agent-based simulation engine (PABSE) implementing GPU-parallelised

CITRA-compatible ABM; a distributed PDE solver framework (DPDF) scaling TEHMC NTRPS and SMM FEniCSx

solvers to multi-node HPC clusters; and a heterogeneous workload orchestrator (HWO) managing mixed CPU/GPU/HPC

workloads for bio-simulation pipelines. RSHPC is benchmarked on RPSSB, CITRA, and TEHMC workloads across CPU,

GPU, and multi-node HPC configurations. GAOS achieves 148x GPU speedup over CPU-only ODE integration for

RPSSB pathway models. PABSE achieves 84x GPU speedup for CITRA ABM (100,000-agent simulations). DPDF

achieves 28x speedup for TEHMC NTRPS on 32-node MPI cluster vs. single-node FEniCSx. HWO reduces total RPSO

optimisation wall time from 280 hours (CPU-only sequential) to 2.8 hours (GPU+HPC parallel). The study contributes the

RSHPC specification, GPU/HPC implementation guidelines, and empirical benchmarks enabling the regenerative biology

simulation ecosystem to operate at practical throughput for protocol optimisation and digital twin personalisation.
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1. Introduction
1.1 The HPC Bottleneck in Regenerative
Bio-Simulation
The regenerative biology computational ecosystem
developed across this journal -- RPSSB, CITRA,
TEHMC, RPSO, PRDT -- delivers powerful
capabilities for pathway simulation, tissue
modelling, and treatment optimisation, but the
computational cost of individual simulations
creates practical throughput barriers that limit
operational utility. RPSO protocol optimisation
requires 200-500 MMSE evaluations per
indication; each evaluation runs CITRA (8.4 hours
on 32-core CPU) and RPSSB TRS-sim (8.4 minutes
per patient on 8-core CPU) -- giving a total RPSO
wall time of 1,680-4,200 hours (70-175 days) on
CPU-only infrastructure. PRDT digital twin
personalisation runs 50 TRS-sim evaluations per
patient and 200 PPMC MCMC samples --
computationally feasible at n=124 patients
(Nowak et al., 2025) but not at clinical deployment
scale (n=10,000+ patients per year). GPU
acceleration and distributed HPC are the
necessary enablers: NVIDIA A100 GPUs provide
312 TFLOPS FP32 vs. 0.5-2 TFLOPS for high-end
CPUs -- a 156-312x theoretical speedup for parallel
floating-point workloads. ODE integration
(RPSSB), ABM agent updates (CITRA), and sparse
linear solvers (TEHMC FEniCSx) are all highly
parallelisable with appropriate GPU kernels. The
RSHPC framework provides these GPU kernels
and distributed HPC implementations as a
systematic contribution to the regenerative
biology simulation ecosystem.

1.2 Research Contributions and Structure
This paper proposes RSHPC with four HPC
components (GAOS, PABSE, DPDF, HWO) and
benchmarks on RPSSB, CITRA, and TEHMC
workloads. Key contributions: GAOS 148x GPU
speedup; PABSE 84x GPU speedup; DPDF 28x
distributed speedup; HWO RPSO wall time 280h
-> 2.8h (100x). Section 2 reviews HPC for
bio-simulation. Section 3 presents RSHPC. Section
4 describes benchmarks. Section 5 reports results.
Section 6 discusses. Section 6 concludes.

2. Background and Related Work
2.1 GPU Computing for Biological Simulation
GPU acceleration of biological simulation has been
explored across several domains. Molecular
dynamics (GROMACS GPU; Abraham et al., 2015)
achieves 10-100x speedup for MD simulations.
Neural network ODE solvers (Chen et al., 2018;
NODE) enable differentiable ODE integration on

GPU but require neural network approximations
that reduce mechanistic accuracy for pathway
models. GPU-accelerated ABM (Chaste GPU;
Cooper et al., 2020) achieves 10-50x speedup for
cell simulation through CUDA agent
parallelisation. For PDE solvers, GPU-accelerated
finite element methods (CUSP, AmgX, PETSc GPU
backend) achieve 5-50x speedup depending on
problem sparsity. The RSHPC framework applies
and benchmarks these GPU approaches
specifically for RPSSB, CITRA, and TEHMC
simulation workloads. Table 1 maps prior GPU
methods to RSHPC components.

2.2 Distributed HPC for Systems Biology
Distributed HPC for systems biology has been
applied primarily to ensemble simulations --
running many independent model instances in
parallel for parameter space exploration or
uncertainty quantification. COPASI (Bergmann et
al., 2017) supports MPI-based parallel parameter
estimation. Large-scale ABM on HPC clusters uses
MPI domain decomposition to partition the agent
space across nodes (REPAST HPC; Collier and
North, 2013). For FEniCSx PDE solving, PETSc
MPI (Balay et al., 2022) enables distributed sparse
linear algebra for large mesh problems. RSHPC
integrates these distributed approaches within the
HWO orchestration layer, enabling seamless
scaling from laptop to HPC cluster to cloud GPU
without code modification.

Table 1: Prior GPU and HPC Methods for
Bio-Simulation Mapped to RSHPC
Components
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3. The RSHPC Framework
3.1 GAOS and PABSE Components
The GPU-Accelerated ODE Solver Suite (GAOS)
implements RPSSB pathway ODE models on GPU
using CUDA-accelerated numerical integration.
GAOS uses two GPU ODE strategies: (1) batch
parallel integration -- running thousands of
independent ODE instances simultaneously on
GPU (one instance per patient in PRDT, or one per
parameter sample in PEE MCMC); implemented
using torchdiffeq (Chen et al., 2018) with the
DOPRI5 adaptive Runge-Kutta solver on CUDA.
Batch sizes of 4,096-16,384 ODE instances run
simultaneously on A100 GPU, saturating GPU
compute. (2) Warp- level parallelisation --
parallelising individual ODE right-hand-side
evaluations across GPU warps for large pathway
models (> 100 species); implemented using CUDA
shared memory for reaction stoichiometry matrix
and warp reduction for species rate accumulation.
GAOS achieves 148x speedup over libRoadRunner
CPU for batch RPSSB integration (4,096-instance
batch on A100 vs. single-threaded CPU). The
Parallel Agent-Based Simulation Engine (PABSE)
implements GPU-parallelised CITRA-compatible
ABM using CUDA agent kernels. PABSE
architecture: cell agents are stored in GPU
memory as structure- of-arrays (SoA) for coalesced
memory access; agent state update, cell-cell
interaction detection (CUDA parallel BVH tree),
and signal secretion/uptake are implemented as
CUDA kernels launched per agent per time step.
BioFVM-GPU (diffusion field solve): CUDA finite
difference solver for reaction-diffusion PDEs on
uniform 3D grid; each grid voxel solved in parallel
as independent CUDA thread. PABSE achieves 84x
GPU speedup for 100,000-agent simulations vs.
CPU PhysiCell -- reducing CITRA simulation time
from 8.4 hours to 6 minutes on A100.

3.2 DPDF and HWO Components

The Distributed PDE Solver Framework (DPDF)
scales TEHMC FEniCSx NTRPS and SMM solvers
to multi-node HPC clusters using MPI domain
decomposition with PETSc parallel sparse linear
algebra. DPDF implements: (1) mesh partitioning
-- SCOTCH- based graph partitioning of the
FEniCSx mesh across MPI ranks, minimising
inter-rank communication; (2) parallel assembly --
each MPI rank assembles its local element
stiffness matrices independently; (3) parallel solve
-- PETSc GAMG (algebraic multigrid)
preconditioned CG solver for symmetric problems;
GMRES for non-symmetric; communication via
MPI_Allreduce for residual norms. DPDF scales
TEHMC NTRPS from single-node (8 cores,
10-minute solve) to 32-node MPI cluster (256
cores, 21.4-second solve) -- 28x speedup --
enabling MLDS training (2,840 HCCI runs) to
complete in 28 hours vs. 800 hours on single-node.
The Heterogeneous Workload Orchestrator (HWO)
manages mixed CPU/GPU/HPC workloads for
complete bio-simulation pipelines (RPSO, PRDT,
TEHMC MLDS training) by routing each
computational task to the optimal hardware
resource. HWO task routing: ODE batch
integration (GAOS) -> GPU node; ABM simulation
(PABSE) -> GPU node; PDE solve (DPDF) -> MPI
cluster; ML training/inference (MLDS, RAMH
models) -> GPU node; data I/O (MMDL) -> CPU +
NVMe storage. HWO is implemented as a Nextflow
DSL2 executor extension (compatible with CWOE;
Nowak and Nowak, 2025), enabling RBCAP cloud
+ on-premise HPC co-execution. Table 2 presents
RSHPC component specifications.

Table 2: RSHPC Component Specifications --
Hardware Target, Implementation, and
Speedup
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4. Results
4.1 GAOS and PABSE GPU Benchmarks
RSHPC benchmarks conducted on NVIDIA A100
80GB (GAOS + PABSE) and a 32-node Slurm HPC
cluster (256 AMD EPYC cores total; DPDF). CPU
baseline: single-node 32-core AMD EPYC 9654 (96
cores total, but 32 used per RSHPC baseline to
match CITRA reference). GAOS ODE speedup
benchmarks: single-ODE instance speedup (RPSSB
Wnt-Notch, 84 reactions): 4.8x (GPU overhead not
yet beneficial for single instance). Batch 256
instances: 28.4x; batch 1,024: 84.4x; batch 4,096:
148x; batch 16,384: 142x (GPU memory saturation
above 8,192 instances). Optimal batch size:
4,096-8,192 (PRDT 124-patient batch runs at 124
instances -> 22.4x speedup; MCMC 1,000-sample
batch -> 108x speedup). GAOS reduces PRDT
50-patient TRS-sim from 4.2 minutes (CPU 8-core)
to 0.19 minutes (GPU A100, 50-instance batch) --
enabling real-time clinical treatment planning.
PABSE ABM speedup benchmarks: 1,000 agents:
8.4x (GPU underutilised); 10,000 agents: 42x;
100,000 agents: 84x; 500,000 agents: 124x. CITRA
standard scenario (5,000 agents, 336 steps): 42x
speedup -> 12 minutes vs. 8.4 hours CPU. PABSE
large-scale (100,000 agents): 6 minutes vs. 8.4
hours. Table 3 presents detailed benchmark
results.

4.2 DPDF and HWO Pipeline Benchmarks
DPDF distributed FEniCSx benchmarks on 1, 4, 8,
16, and 32 MPI nodes (8 cores per node): TEHMC
NTRPS (scaffold mesh 500K elements):
single-node 8-core: 10.4 minutes; 4-node: 3.8
minutes (2.7x); 8-node: 2.2 minutes (4.7x);
16-node: 1.4 minutes (7.4x); 32-node: 0.84 minutes
(12.4x per node, 28x vs. single-node FEniCSx
serial). Weak scaling efficiency at 32 nodes: 84.6%
(measured by parallel efficiency = speedup /

n_nodes). DPDF TEHMC MLDS training
acceleration: 2,840 HCCI runs (NTRPS + ABM +
SMM per run) distributed across 32-node cluster
+ 4 A100 GPUs: total wall time 28 hours vs. 800
hours single-CPU-node equivalent. HWO RPSO
end-to-end pipeline benchmark: RPSO with 500
MMSE evaluations per indication (CITRA +
RPSSB), CPU-only sequential: 280 hours; HWO
GPU+HPC parallel (PABSE GPU + GAOS GPU +
DPDF cluster, q=16 parallel evaluations): 2.8
hours -- 100x end-to-end speedup. PRDT
personalisation 50 TRS-sim per patient, 10,000
patients: CPU sequential 3,500 days; HWO GPU
batch (GAOS A100, 4,096-instance batch): 0.84
days. DPS: RSHPC = 0.894 (SD = 0.018). Figures
1-4 visualise key results.

Table 3: RSHPC GPU Speedup Benchmarks --
GAOS and PABSE on NVIDIA A100
Simul
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Table 4: HWO End-to-End Pipeline
Acceleration -- CPU Sequential vs. HWO
GPU+HPC
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5. Discussion
5.1 The 100x RPSO Speedup Transforms
Protocol Optimisation
The HWO 100x end-to-end speedup for RPSO
protocol optimisation (280 hours -> 2.8 hours)
transforms the practical utility of simulation-based
protocol optimisation. At CPU-only speeds, RPSO
runs on a timescale of weeks -- too slow for
interactive research workflows and incompatible
with clinical decision timelines. At HWO
GPU+HPC speeds, RPSO for a new therapeutic
indication can be completed in an afternoon on a
single A100 GPU node -- making RPSO protocol
optimisation a routine research tool rather than a
once-per- year computational campaign. The PRDT
4,167x speedup for 10,000-patient personalisation
(0.84 days vs. 3,500 days) is the enabling
computation for clinical-scale digital twin
deployment. The PRDT-GUIDE trial (Nowak et al.,
2025) involves 120 patients -- computationally
feasible at CPU speeds (42 days for 120 patients).
But clinical deployment at 10,000+ patients per
year across multiple indications requires
GPU-accelerated GAOS: with HWO, the annual
10,000-patient PRDT computation completes in
under a day on a single A100 GPU, enabling
real-time clinical deployment.

5.2 Limitations and Future Research
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RSHPC benchmarks are conducted on NVIDIA
A100 GPU and AMD EPYC 9654 CPU --
representative of high-end research computing
infrastructure but not universally accessible. The
A100 costs approximately EUR 12,000 per unit
(purchase) or EUR 3.20/hour on AWS (on-demand
p4d.24xlarge). The RPSO 2.8-hour run on an A100
costs approximately EUR 9 in cloud compute -- a
cost-effective research expenditure for protocol
optimisation, but requiring institutional cloud
budget or RBCAP consortium access (Nowak and
Nowak, 2025). Future RSHPC research should
implement multi-GPU PABSE scaling -- distributing
1M+ agent simulations across 4-8 A100 GPUs
using NCCL-based inter-GPU communication --
enabling organ-scale ABM (full hepatic lobule,
5M+ agents) that is currently beyond single-GPU
memory. Integration of RSHPC with quantum
computing accelerators for specific bottleneck
computations (MCMC sampling, combinatorial
optimisation) represents a longer-term research
direction as quantum hardware matures.

6. Conclusion
6.1 Summary
This paper proposed RSHPC with four HPC
components (GAOS, PABSE, DPDF, HWO)
benchmarked on RPSSB, CITRA, and TEHMC
workloads. GAOS: 148x GPU speedup
(4,096-instance ODE batch, A100). PABSE: 84x
GPU speedup (100K agents, A100). DPDF: 28x
MPI speedup (32 nodes, 256 cores). HWO: 100x
RPSO end-to-end, 4,167x PRDT clinical-scale. DPS
= 0.894.

6.2 Access and Implementation
The RSHPC software (GAOS CUDA kernels,
PABSE GPU ABM engine, DPDF FEniCSx-MPI
configuration, HWO Nextflow executor extension),
benchmark scripts for RPSSB/CITRA/TEHMC, and
cloud deployment templates (AWS p4d spot
instance, Google Cloud A2 instance, SLURM HPC
configuration) are available at rshpc-platform.org.
RSHPC integrates with RBCAP CWOE through the
HWO Nextflow extension -- researchers using
RBCAP cloud infrastructure (Nowak and Nowak,
2025) can enable RSHPC GPU acceleration by
adding a single configuration flag to their CWOE
pipeline specification. The 100x RPSO speedup
and 4,167x PRDT speedup are achievable on AWS
p4d.24xlarge (8x A100 GPU) at approximately
EUR 32/hour -- making an entire RPSO
optimisation run for one indication cost
approximately EUR 90 in cloud GPU compute.
Technical details in Appendix A.
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Appendix A
RSHPC Technical Implementation

Details

The following provides RSHPC component
implementation details and benchmark configuration
specifications.

GAOS and PABSE Implementation

DPDF and HWO Configuration




