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A Particle View of the World
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The World of CAE

— (1951) (1956) (1979) (2020) ——8»
. CONTINUUM-BASED MULTI-SCALE METHODS || IIl. DISCRETE-PARTICLE-BASED METHODS
C FD (Computational Fluid Dynamics) | F EM (Finite Element Method) Pl N N (Physics-Informed Neural Networks) D E M (Discrete Element Method)
Solves governing partial differential Discretizes complex geometries into multi-scale finite elements, Leverages deep learning to learn governing Explicitly simulates individual discrete particle

physical laws, complementing traditional motion and interactions. Fundamental Lagrangian method.
continuum solvers for complex physics.
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Symbolic mechanics
physics
' 3 3 L _© @ te &
Air velocity streamlines, colored Enables predictive multi-scale material Accelerates simulation and discovers Ideal for granular flow, self-assembly, fracture,
pressure field plot. property modeling and mechanical response. hidden physical parameters. J and discontinuous material mechanics.
(1951) (1956) (2020) e o t,(19t7£?)t - i
Integrated Continuum Multi-Scale Approach: Treats material as a continuous field (micro to macro). e s e HLOIRERTY Pt eroe:
: e < e ; \ Tracks individual particle properties (position,
Tracks field variables with increasingly sophisticated efficiency and fidelity. velocity, force) and discontinuous interactions.

In recent years, several continuum methods such as MPM, SPH have been applied to granular materials using representative volume elements
to account for discontinuous behavior.

Limited applications of bulk flows have shown success where there is little internal stress differences.




Why: Industry

Over/under engineering devices results increased costs|  |Deal with issues when they Over reliance on historical
and reduced throughput. happen data

/ of Averages:
A statisticlan drowns whi
crossing a river that is only
three feet deep, on average.
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Granular Materials

Ubiquity of Granular Material Complex Behavior:
| ind | ) N

material at some point. the vast range of sizes and shapes.

Types of granular and

Lack of Universal Formulas:
The absence of general empirical
formulae necessitates reliance on

experiments or numerical modeling.

Unpredictability: Significance:

al bel | i |
batch, leading to variability in processing. substance on the planet after water.

NASA Will

A Try to Free
%3 JRover Stuck

* Jon Mars
Nov 12, 2009 5:37 PM CS

Fluid to Solid Solid to Fluid



]
Granular Material Challenge

LLM: Here you go LLM: Sorry about that, here LLM: Sorry, | have only been traine
you go on
1.8 Trillion parameters




Discrete Challenge: Particle Number

Sites/offices typically have CPU-based simulations remain only — ihiti
capable workstations. J feasible on large HPC clusters. Eneregx)éggzgrs’; ‘a)r‘;tl’;?‘(t:ic;l;nseaeirﬁgg:-)ltlve,
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Discrete Challenge: Particle shape

DEM Particulate Matter Challenge: Even when using a small number of particles, traditional CPU-based solvers struggle
to balance complex particle shapes with finite computational resources. Multi-Scale understanding is critical for optimization

ELLIPSOIDAL
(e.g., Iron Pellets)

SUPERQUADRICS CLUMPED SPHERES
(e.g., Sinter Feed) (e.g., Cohesive Fines)

POLYHEDRA
(e.g., Lump Ore & Coke)

CPU Load

LOW COMPUTATIONAL COST MEDIUM COMPUTATIONAL COST HIGH COMPUTATIONAL COST EXTREME COMPUTATIONAL COST

» ADVANTAGES: Efficient shape + ADVANTAGES: Flexible, accurate + ADVANTAGES: Simplifies particle * ADVANTAGES: physically the most
representation, simple contact e surface descriptions. breakage modeling, intuitive accurate representation of
detection. ﬂ particle-scale physics. anqularity

« LIMITATIONS: limited to smocth
geometries, limited
realism for angular
malterials,

* LIMITATIONS: complex
mathematical surface equ
difficult contact logic,
potential non-convexity

* LIMITATIONS: massive
increase in particle count
count for fidelity,
leading to high cost.

« LIMITATIONS: extremely
computationally demandinzg
for large-scale flow
simulations.

AVARAVZANAY

=

Computational Scale EXTREME
\LOAD DEM Modeling Complexity vs. Resource Demand COMPUTATIONAL



Why should you care about GPUs ?

Velocity(m/s) Magnitude

o o =
2

CohesionForce(N)
0 0.0020.0040.006 0.008 0.01 0.0120.0140.0160.018 0.02 0.0220.024




THISTORY

FROM CPU TO GPU:
THE JOURNEY OF
ACCELERATION

Vintage Mainframe: Era of the All-Purpose CPU

EARLY COMPUTING (Pre-1990s)

. (Mid-1990s)
Dedleated Accelerators

Specialized co-processors were developed to
waadE  offload specific graphical tasks, reducing CPU
load and improving graphics performance.

THE BIRTH OF THE GPU (1999)

World's First Consumer GPU

NVIDIA released the GeForce 256, the world's first
consumer Graphics Processor Unit (GPU), designed
for massive parallel graphical task execution.

Introducing key parallel processing capabilities.




Match the Chip




Chip Design

DEEP CACHE
HIERARCHY

-BANDWWIDTH GDDR/HBM INTERFACE

g
(Optimized to Hide Memory Latency). PRIMARY GOAL: g
REDUCING 2
LATENCY g
' Branch Predic_tE)n_‘ COMPLEX A_ %
Reorder Buffer CONTROL | v—A :
: . | Loeic S
Out-of-Order Loglc =
DEEP CACHE HIERARCHY SMALL POWERFUL MEMORY SHARED MINIMAL, SHARED
(Optimized to Hide Memory Latency).  COMPUTE UNIT (ALU) STARFOD LOGC INTERFACE  CONTROL LOGIC AREA.
PRIMARY GOAL:
INCREASING === 22
| — § = 0~ -0
THROUGHPUT b ::]E[:: o :‘;I— o
ROV D —J= 6 é
SMALL COUNT EXTENSIVE ADVANCED MASSIVE NUMBER  MAXIMIZED MINIMAL
of VERY CACHE CONTROL LOGIC of SIMPLE, MEMORY OVERHEAD,
COMPLEX for fast data urt]° r’;‘gigfgﬁ - SPECIALIZED BANDWIDTH, high compute
CORES access. ks CORES (e.g, 2000+).  smaller caches density.

SUMMARY: CPU is a serial-code generalist, allocating most area to memory and control.
GPU is a parallel-math specialist, maximizing area for arithmetic. (Architecture is destiny.)




How They Work

(%
ii:*® o PIXEL-LEVEL CALCULATIONS: Rendering images
: involves millions of simple arithmetic (£, ) operations
for EVERY pixel. Modern resolutions are demanding.

HIY

HiH
H {.

fill MASSIVE PARALLEL DEMAND: With millions of
- => pixels needing SIMULTANEOUS updates, the
«} [li=> processor must be massively parallel.

L.

= —  GPU HARDWARE OPTIMIZATION: To meet parallel
‘ Nl | math demand, the GPU architecture is composed
primarily of thousands of simple ALUs.

0 (e

- r—  CPU'S SEQUENTIAL DESIGN: In contrast, the CPU is
,’;CPU '~ ageneralist designed for complex, sequential tasks

' LT} (like running an OS). Its goal is single-task speed.



Think of it like this

THE CPU (LATENCY OPTIMIZED) THE GPU (THROUGHPUT OPTIMIZED)

PURPOSE: Minimize time for a PURPOSE: Maximize work
SINGLE task. done per UNIT OF TIME.

ANALOGY: The fast car moves a ANALOGY: The large bus moves
small group very quickly. many people, even if slower.
Max 4 people @ 120km/h, < 6 min trip. Max 60 people @ 20km/h, 1 hour trip.

TECHNICAL LINK: Handles complex, TECHNICAL LINK: Handles massive
serial logic (e.g., OS operations, parallel operations (e.g.,
branching). i million-pixel display update).

CPUs REDUCE LATENCY for — '{[‘ GPUs INCREASE THROUGHPUT
complex tasks. 7 %\®/ for parallel tasks.

LATENCY THROUGHPU T (40 people/hour) vs. Bus (60 people/hour)

Car (40 people/hour) vs. Bus (60 people/hour)



What tasks are suited to the GPU

CPU EXECUTION
(Flexible Single Cores)

High Core Complexity,
Flexible Loglc

ngh Core Complexnty, Flexible Logic

THE BRANCHING CHALLENGE

(conceptual)

If Branch

Thrad 1 Warp
(WAVEFRONT)
| 4]
Active Threads A +

Masked Threads B
Thread1 Thread 2

(IF) (ELSE)

Actuve Actnve
Threads B + Masked
Threads A

Active Cores A & B, Serlallzmg/Masklng
Full Speed (Severe Overhead)

THE BRANCHING CHALLENGE

GPU EXECUTION

(Massive Lock-Step Cores)

High Core Count,
Lock-Step SIMD




Lets think of it has a hopper with particles ;-)
SCENARIO 1: PROCESSING DIVERSE, MIXED TASKS (Complex Logic & Branching)

Highly Efficient: Oémmlzed for complex, serial branching
CPU COMPUTATION logic. Quickly handles diverse decisions (e.g., Al).

e JE] 00
» iote| [ | lione] T.ﬁ
80000000

Underutlllzed Limited by branching overhead. Diverse
GPU COMPUTATION tasks cause threads to wait, losing massive parallelism.

= CPU

|l compuTATION

C | = Collision Task

SCENARIO 2: PROCESSING MASSIVELY PARALLEL UNIFORM ARITHMETIC
(Identical Tasks & Data-Parallelism)

EEEEEEEEEEEEEEEEEEFE FE
HEEEEEEEEEEEEEEEFEE @J
EEEEHEEEEEEEEEEEEEE —

(7)) (FEEFEFEEEFEFEEFEFEEEFEEF Serial Bottleneck: A few powerful cores cannot process

FHEEEEHEEEEEEEEEEEFE CPU COMPUTATION massive uniform task counts quickly.
HEEEEEEEEEEEEEEEEE

EEEEEEEEEEEEEEEEE)E EEEEEEEHEEEEEEEEE
EEEEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEE
EHEEEEEEEEEEEEEEEEE HEEEEHEHEEEEEEEEEE
e nd
F
EEEEEEEHEEEEEEEEEEEE GPU COMPUTATION EEEEEEEEEEEEEEF
(F)(F)(F)(e)(F)(F)(F)(F) (F) (F) (F) (£) (F) (F)(F) (F) (F) (F) Massive Throughput: Ideal for thousands of identical tasks (e.g., pixel rendering).

Utilizes all available parallel power. Up to 2048 threads per core cluster (SM).




Fast core

JITIDULIICU

Algorithm

B =» [52

(e.g., Al modeling)

THE COMPUTE POWER SHIFT

1. THE ESCALATING WORKLOAD

Modern workloads are compute-bound. Task
complexity continues to grow, demanding
exponential computational power.

2. THE CLOCK SPEED LIMIT &

SHIFT IN SCALING

Multipe cores

Clock Speed
(Flattening)

Core Count
(Rising)

CLOCK SPEED STALL: Traditional
single-core scaling halted due to
physical limitations of materials
and physics.

MULTICORE SCALING:
Computational power (Moore's Law)
now scales via INCREASING
CORE COUNT per chip.




Consider our force and compute problem again

THE SERIAL CODE STALL  THE PARALLEL SOLUTION:
IDENTIFYING PARALLELIZABLE LOOPS

T

& - F |y +p[ |
S = i e
_ : Strictly Serial % b w - > »
(e.qg., recursive logic) | (Flattening) =¥ i . El ) ‘ = »
e E E- ] sy Pipeline D “loop” where iterations are
Tasks queuing up sequentially identical and independent.
. NEGLECTED SPEED: Strictly serial 5 MASSIVE THROUGHPUT: To harness
| ?'90’ ithmﬁl,alvhich.fgxectlte e stepata - * modern hardware, tasks must be
ime, see NO significant performance v/ i :
Benagthomm eg, At dv% e g' parallelized across available core counts.
SERIAL BOTTLENECK: The CPU = >>->-> LOOP IDENTIFICATION: A key suitability

(-:) ,indicator: loops with independent
<) iterations (no data dependencies) allow
tasks to execute in parallel simultaneously.

™ cannot process these tasks faster
through sheer clock speed anymore.

SUMMARY: Identify and refactor bottlenecks into parallel pipelines

to achieve massive throughput on modern chips.



Heterogenous Computing

Megacity

<
Z
Z
Z
Z
Z

SYSTEM RAM (CPU) GPU VRAM / CUDA CORES
Complex and slower. Fast and powerfull.

BANDWIDTH COMPARISON

(conceptual)

PCle X16 GPU INTERNAL MEMORY




A simple example

Suppose the task at hand is to compute the sum of N numbers.

Canonical form: float sum = 0 for (; begin != end; ++begin) sum += *begin;

ENot something that is suited to the parallel threaded nature of the GPU right ?

-

C++ AVX2 CUDA
std::vector<float> numbers(1024 * 1024 * 256); float operator()(float const * begin, float -
std::fill(numers.begin(), numbers.end(), 1.0); auto const * end) noexcept { auto it = begin; // thrust::reduce(numers.begin(), numbers.end(),
sum = std::accumulate(numers.begin(), SIMD-parallel summation stage auto sums = float(0), thrust:plus<float>());
numbers.end(), 0.0); _mm256_setl ps(0); auto compensations =

_mm256_setl ps(0); auto t =

_mm256_setl ps(0); auto y =
~mm256_setl ps(0); for (; it + 8 < end; it 1. 5.40GB/s 1. C++std
OpenMP +=8) {y = 2. 10.9 GB/s 2. SIMD-AVX2
_mm256_sub_ps(_mm256_loadu_ps(it),
] compensations); t = _mm256_add_ps(sums, 3. 80.0 GB/S 3. OpenMP
float operator()(float const * begin, float y); compensations = 4. 743 GB/S 4. CUDA

const * end) noexcept { float sum = 0;
size_t const n = end - begin; #pragma omp
parallel for default(shared) reduction(+ : sum) for

_mm256_sub_ps(_mm256_sub_ps(t, sums),
y); sums = t; } // Cross-lane horizontal

’ . : i - reduction sums = _mm256_hadd_ps(sums,
(size_t i = 0; i !=n; i++) sum += begin[i; _mm256_permute2f128 ps(sums, sums, 1));
return sum; } sums = _mm256_hadd_ps(sums, sums);

sums = _mm256_hadd_ps(sums, sums); auto
sum = _mm256_cvtss_f32(sums); // Serial

summation of the remainder for (; it != end;
++it) sum += *it; return sum; }

& Without data

you're just another

person with an

opinion. 23

W. EDWARDS DEMING



Discrete Numerical Methods

Independent
Events

P
~ EVENT-BASED METHODS (e.g., Monte Carlo)

Individual
Particle Walk

Independent
Events

PROXIMITY-BASED METHODS (e.g., Molecular Dynamics, SPH)

\( ’%*@

N

Random
Scattering
Angle

» THROUGHPUT FOCUS &y
High volume of independent trials.

* MASSIVE PARALLEL POTENTIAL
oy = MR
* PARALLEL DIVERGENCE: LOW

Minimal shared state; mostly consistent

Tally Count work per particle, despite random paths.
(Refined) o Tally Count and Path-length focus.
=
AT PARTICLE LEVEL:

Massively highly parallelizable
(simultaneous molecular interactions).

LOW PARALLEL DIVERGENCE: Instruction
complexity is very consistent across particles.

mEE | ¢
TASK SUITABILITY: IDENTICAL g~ xiiReo J0¢

MASSIVE THROUGHPUT: ¢y "~

T PARTICLE LEVEL: Large-scale potential,
highly complex computational load.

: Complex
lision checks (geometry dependent) and varied
stgtg(slﬁn.mlim,sﬂic)amwam




Why is DEM bad for GPUs?

PN =9 .9

Q PHASE 1: POSITION UPDATE | () PHASE 2: NEIGHBOR FINDING
|
|
\

Hyoto| |Hoto| | Hoto ll.*o
| t ¥
ﬂ.+q !_{ooo‘_ _,_”o"’° [aljooo
| ¥ 13 -
Hato| |Hato| |Hoto| |Hy40
‘ + . v ¥
\Hato) (Hato| |Hato] |Hato

» Data-Parallel: Million-thread * Optimized Data-structures
_..position updates, minimal divergence. minimize particle-pair search time.

Contact (DEM) |

Parallelism Parallelism
Divergence Divergence

{\, ‘- ,!, jﬁ J / .

Q PHASE 3: FORCE CAI.CULATlON

GPU SM (© PHASE 4: VELOCITY UPDATE |

Calculates colision for simple sphe;l Poly or multi-size

{H,,#OJ [H,oo] [H,.-ro] [l{.oo]

@9 @9 @9 @)

["m] (e *°] [H»*J ["o*o]

(um] [HmJ {w wa]




Bad on a GPU is still better than great on a CPU

m| UNIFORM GRID

L
m|m/m| PARTITIONING
m|m\® for Particles
oo Te| 1.Divide the simulation
° ole| domain into a uniform
oo a grid of voxels.
|® E)
201 - 2. Each particle is
2 g assigned to a single
ol = : cell (the "bucket").

3. Neighbor search
P4, P10, only checks particles
P1 within adjacent
Loy cells.

CRITICAL CHANGE:

1. Requires access to all
particles within a
directional cell.

2. Requires linear storage,
but lookup can be slow
with large cell counts.

* Scales with Large Particle Counts

MULTI-GRID &
ADAPTIVE SPATIAL
PARTITIONING

13 1. Hierarchical approach
for handling varying
L2 density.

LT 2. Start with a coarse
grid (Level 0, L0) and
subdivide for high
density (L3).

3. Assign particles
based on spatial
location and
resolution level.

4. Facilitates efficient

L2 | L3 long-range

interactions
(multigrid solver).

LO

BOUNDING VOLUME
5 ¢ HIERARCHY (BVH)
for Particles

1. Sort particles along
P S a space-filling curve
(e.g., Morton-Z curve).

,‘/ 2. Build a Bounding
Volume Hierarchy
(BVH) over the

sorted particles.

3. Leaf nodes contain
small numbers of
particles.

4. Intermediate nodes
are larger,
encompassing all
children’s volumes.

14
|

14
1 N

* Enables Fast Neighbor Searches




Multi Node Computing

SHARED PHYSICAL DOMAIN

GPU 1 /NODE A
(Master) 2 o

MPI| DOMAIN DECOMPOSITION

THE BOUNDARY PROBLEM

" e® . conceptual)
Step 1: Update Local Particles
‘ -
Step 2: Check for Collision

e (NearBorder)  guocTCELIS MPI COMMUNICATION GHOST CELLS
® a - (Dupligate Data) (Latency & Bandwidth Bottleneck) (Duplicate Data)

SCALING PERFORMANCE

(conceptual) ’ |




Example 1. Making Loops Parallel on GPU

1. Let's compute the 3D grid positions for posCOM [numParticles].

for (uint indexP = 0; indexP < numParticles; indexP++)

{

Real3 vecPos =

uint3 gridPos3D = make__uint3((uint)VecPos.x,(uint)VecPos.y,(uint)VecPos.z)

}

[* A] Parallel execution using std */

std::transform(std::execution::par, posCOM, posCOM +
numParticles, gridPos3D, [&](const Real3& pos)

{

Real3 vecPos = floor(pos - WOrigin) / cellSize;
return make_uint3(vecPos.x, vecPos.y, vecPos.z);} );

/* B] Perform computation using OpenMP parallel for */

#pragma omp parallel for
for (uintindexP = 0; indexP < numParticles; indexP++)

{
Real3 vecPos = floor(posCOM[indexP | - WOrigin)/cellSize);

uint3 gridPos3D = make_uint3((uint)VecPos.x,(uint)VecPos.y,(uint)VecPos.z)
}

/* C] Launch kernel using OpenMP target directive on GPU */

#pragma omp target teams distribute parallel for
for (uintindexP = 0; indexP < numParticles; indexP++)

{
Real3 vecPos = floor(posCOM[indexP | - WOrigin)/cellSize);

uint3 gridPos3D = make_uint3((uint)VecPos.x,(uint)VecPos.y,(uint)VecPos.z)

}




How can you code for GPUs ?

We write “Kernels”

__global__ void computeGridPosKernel(Real3* posCOM, uint3* gridPos3D, int numParticles, Real3 WOrigin,
Real cellSize)
{

int indexP = blockIdx.x * blockDim.x + threadIdx.x;

if (indexP < numParticles) {

Real3 pos = posCOM[indexP];

Real3 vecPos;

vecPos.x = floorf((pos.x - WOrigin.x) / cellSize);
vecPos.y = floorf((pos.y - WOrigin.y) / cellSize);
vecPos.z = floorf((pos.z - WOrigin.z) / cellSize);

uint3 gridPos;

gridPos.x = (unsigned int)vecPos.Xx;
gridPos.y = (unsigned int)vecPos.y;
gridPos.z = (unsigned int)vecPos.z;

gridPos3D[indexP] = gridPos;




cudaSetDevice(0);
size_t bytes = numParticles * sizeof(Real3);
size_t gridBytes = numParticles * sizeof(uint3);

Real3 *d_posCOM, *h_posCOM;
uint3 *d_gridPos3D, *h_gridPos3D;

h_posCOM = (Real3*)malloc(bytes);
h_gridPos3D = (uint3*)malloc(gridBytes);

cudaMalloc(({void**)&d_posCOM, bytes);
cudaMalloc((void**)&d_gridPos3D, gridBytes);

// --- Copy Data to GPU ---
cudaMemcpy(d_posCOM, h_posCOM, bytes, cudaMemcpyHostToDevice);

int threadsPerBlock = ;
int blocksPerGrid = (numParticles + threadsPerBlock - 1) / threadsPerBlock;

computeGridPosKernel<<<blocksPerGrid, threadsPerBlock>>>(d_posCOM, d_gridPos3D, numParticles, WOrigin,
cellSize);

cudaDeviceSynchronize( );

// --- Copy Results back to CPU ---
cudaMemcpy(h_gridPos3D, d_gridPos3D, gridBytes, cudaMemcpyDeviceToHost)

// --- Free Memory (Device Host) ---
cudaFree(d_posCOM)
cudaFree(d_gridPos3D)

free(h_posCOM)
free(h_gridPos3D)




These days life is much easier

" —

Level 3: Pythbn Kernel JI'I"
(Warp/Numba)




White Board Time
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Multidimensional Stellar Implicit Code (MUSIC)
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The PhySiCS: Understand the internal structure of stars

« What is answered :
o Origin and amplification of magnetic fields
o Angular momentum transport
o Chemical mixing and Lithium depletion
o Interplay of waves and convection

 What needs to be simulated (DOFs)
o Convection & turbulence
o Acoustic waves, internal waves
o Tran
o Mag o V)

Radiative zone

- = V- (pv®@v) - Vp+pg,

P)
% — V- (pev) — pV v + V- (XVT) + Quues



The PhySiCS: Compressible Hydro Dynamics

“Cell” Finite-volume scheme for hydrodynamics

_—

Oi(pe) + V - (pev) = —pV - v+ V- (xVT)+...

Py €, P, T, 60 G Transport term Sou rc:terms
Ve, By ° . :
» Conservative upwinded transport term
/ using van Leer or WENO reconstruction
A :
r /S 7. B.g » Source terms evaluated directly
“Nodes” using finite volume
Resulting semi-discrete scheme:
0
Staggered grid = accurate buoyancy and V - ¥, [ d:X = R[X,t], Rs the nonlinear “RHS"
constrained transport for MHD




The initial plan

Understand the code from the maintainers point of view.
Get a suitable test case from the maintainers.

Verify the assumed bottleneck in the code via profiling.

Determine key issues for GPU offloading using further profiling.
These issues could be

o Lots of data transforms

o Frequent communications between MPI ranks

o Many operations over small blocks of memory

Assess our approach and draft a template process for GPU

feasibility assessment : 4 ,\ EveWﬂﬂenasamaﬂ
'&;' &' 9 llmllmﬂﬂgﬂl -
. _Illlllcl|ell nthemouth




The Code

Multidimensional Stellar Implicit Code, simulates hydrodynamics of stellar interiors.
e Written in Object Oriented Fortran for the time propagation solution with the spatial

solution of the sparse matrix system done via the C++ backend called Trilinos.

* Precondition (Equations) in Fortran CG in an iterative manner with the Device using

GMRES.

* The preconditioned sparse matrix is then transferred to the Device
o The system is solved using TPetra for the physical quantities of interest.
o These matrices/vectors are then transferred back to the CPU to have the physics

evaluated and the residual calculated in a predictor corrector step.



The Code

Jacobian-free Newton—Krylov (JFNK) Method
Knoll & Keyes 2004, Park+-2009; for MUSIC: Viallet+2016; Goffrey+2017

Time step loop

n+1

Advance in time t" — t""" by solving implicit nonlinear problem F[X] = 0 for next state X

Newton-Raphson iterations for F[X] = 0 from initial guess for X

» Solve linear system g—; - 0X = —F for correction 0X, and correct X < X+ 06X
> g—; is a huge matrix, but we can avoid forming it explicitly

Krylov (GMRES) iterations for 9% - 6X = —F
» Krylov methods use repeated application of linear operator (here

9% -V L (FIX+ V] - FIX))

@ Krylov methods are very sensitive to conditioning

OF
%)

> Key JFNK idea: approximate: 55

Physics-based preconditioner: semi-implicit scheme [Park-+2009]
OF

Sx contains “slow” (advective) and “fast” (acoustic) processes
» Advection: explicit formulation

» Acoustic waves: linearization + implicit formulation
Pressure equation (elliptic): GMRES, with AMG preconditioner

DENSE VECTOR
VALUES

0f10

SPARSE VECTOR

INDICES
(zer0-BASE)

e N o o

2 o w

3x1 + X, =Y,
VALUES

X =Y,
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*

3|12

1|0
] colindices
4 1 e 2 1
R row indices
(2] 2 2
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3 8 1
e -1 o

o 2 4

e 10 o
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COMPRESSED SPARSE Row - CSR
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)
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2P
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140 5.0
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OFFSETS | ‘
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The Architecture

Cost 30% Cost 70%

TimeLoop Implicitintegrator NewtonRaphson PhysicsEquations. Residual PBPImplem MatrixFreeJacobian PressureSolver

TimeLoop Implicitintegrator NewtonRaphson PhysicsEquations Residual PBPImplem MatrixFreeJacobian PressureSolver




Backend comparison:

1 MPI, Single Node

PERF: Time loop.................. 3.203E+02 [100.0 %)]
PERF: 10O.............. ... 4.845E-03 [ 0.0 %]
PERF: Particles.... .... 0.000E+00 [ 0.0 %]
PERF: Ghostcells.... ... 3.390E+00 [ 1.1 %]
PERF: JFNK............ ... 3.171E+02 [99.0 %]
PERF: GMRES... ... 2.685E+02 [83.8 %]
PERF: Residual... ... 8.285E+01 [25.9 %]
PERF: Gravity .. : 1.444E-03 [ 0.0 %)

PERF: PBP............. ... 1.360E+02 [42.5 %]
PERF: PBP GMRES...: 1.166E+02 [ 36.4 %]
PERF: Diagnostics............. 1.863E-01 [ 0.1 %]

DIAGNOSTICS: HYDRO: time= 2.50000000E-03, Eint=
2.50160270E+09, Ekin= 1.26248360E+03, Emag= 2.55946271E-
11

DIAGNOSTICS: MHD: time= 2.50000000E-03, divB_L2=
5.86671691E-19, divB_Linf= 7.36579851E-18, Emag=
2.55946271E-11

1 MPI, 4 OMP, Single Node

PERF: Time loop................. 2.991E+02 [100.0 %]
PERF: ... 5.752E-03 [ 0.0 %]
PERF: : 0.000E+00 [ 0.0 %]
PERF: : 3.422E+00 [ 1.1 %]
PERF: ... 2.959E+02 [98.9 %]
PERF: : 2.482E+02 [83.0 %]
PERF: Residual.............. 8.297E+01 [27.7 %]
PERF: Gravity ............. 1.241E-03 [ 0.0 %]
PERF: PBP......cccccevee.s L176E+02 [ 39.3 %]
PERF: PBP GMRES...: 9.731E+01 [ 32.5 %]
PERF: Diagnostics.............. 1.817E-01 [ 0.1 %]

DIAGNOSTICS: HYDRO: time= 2.50000000E-03, Eint=
2.50160270E+09, Ekin= 1.26248360E+03, Emag= 2.55946271E-
11

DIAGNOSTICS: MHD: time= 2.50000000E-03, divB_L2=
5.86975020E-19, divB_Linf= 7.47083059E-18, Emag=
2.55946271E-11

13th Gen Intel® Core™ i7-13700F
NVIDIA RTX A6000

1 MPI, 1 GPU, Single Prec, Single Node

PERF: Time loop :2.104E+02 [100.0 %)]
PERF: .14.639E-03 [ 0.0 %]
PERF: :0.000E+00 [ 0.0 %]

PERF: :3.368E+00 [ 1.6 %]
PERF: ... 2.072E+02 [98.5 %]
PERF: 1 1.417E+02 [67.4 %)
PERF: : 8.349E+01 [ 39.7 %]
PERF: ... 1.394E-03 [ 0.0 %]
PERF: 1 4.442E+01 [21.1 %)

PERF: PBP GMRES.....: 1.415E+01 [ 6.7 %]

PERF: Diagnostics............... 1.770E-01 [ 0.1 %]
DIAGNOSTICS: HYDRO: time= 2.50000000E-03, Eint=
2.50160270E+09, Ekin= 1.26248360E+03, Emag= 2.55946271E-
11

DIAGNOSTICS: MHD: time= 2.50000000E-03, divB_L2=
5.86615548E-19, divB_Linf= 7.53520510E-18, Emag=
2.55946271E-11

Test case: 3dim/roberts/dynamo With resol=64 and

tfinal=0.0025s



Recommendations

MUSIC performs many data transfers to and from the device.
o Reducing these could improve GPU performance.

Choose Sparse matrix format based on the problem with GPU optimal layout
Is there a reason to evaluate equations on the CPU.

Is Trilinos-Kokkos needed or direct callings to AMGX, cublas, cusparse, CUSP*. (Less
vendor lock-in than kokkos format).

Exploit tensor cores, eg cuSPARSELL.

(ellBlockSize)
BLock- Size 5 ellValue

ellColInd

< »>
Brockep-ELL Corumns (ellCols)
<
NUMBER OF CoLumNs



Have to include “Al” in everything

ma+cv+kx=0

BRAIN A: DATA- DRIVEN = BRAIN B: PHYSICS INFORMED (PINN)




How the “Al experts” view the problem

Physics Residual
Operation

Finite Diff (v)
MLP Operation

Finite Diff (a)

BC Residual
Operation

/ Total Loss

Aggregation

Physics
Residual

BC
Residual

Total Loss
Aggregation



The Reality

WEIGHT MATRIX (W) INPUTS (I) VALUE OUTPUT (V)
[4 rows (neurons) x 3 cols] [3 rows x 1 col] [4 rows x 1 col]
et + e ettt + i +
Neuron 1 | W_n1,11 W_n1,12 W_ni1,i3 | | I1 | | V_neuronl |
I I I | I I
Neuron 2 | W_n2,i1 W_n2,12 W_n2,13 | X | t Y. | = | V_neuron2 |
I I I I I I
Neuron 3 | W_n3,i1 W_n3,12 W_n3,13 | | 13 | | V_neuron3 |
| | e + | |
Neuron 4 | W_n4,i1 W_n4,12 W _n4,i3 | | V_neuron4d |
e ;t it i A A A AR e + e e N |
wo,0 Wo1 Wo2 Wo3 Vprev,0 by Vnew,0
wio Wil Wiz Wig| | Vpreva| bi| _ |Vnew,
Wy W21 W22 W3 Uprev,2 by Unew,2
(w30 w31 w32 W33| [Vprevs|  [b3 | Unew,3_
Input Vector
Ve-1) Bias Vector
Weight Matrix (Wyt) (bout) Final Output
Routor i " b o
_ h
" ows X + =
5?&:; Wy, 0, Wy, 1, . .., Wy, 127] by (V:BI)
h127
Nip (e.g., 128) Columns




Code Repo

https://github.com/nicolin/PINN_CUDA _Demo/blob/main/1_NGPINNDemo.py

STANDARD PYTHON CODE

Slow Python Interpreter

[ SINGLE-THREADED (CPU) |~

COMPILED CUDA CODE
High-Performance GPU-Compiled

— SPEED
® EFFICIENCY
¢ CUDA CORES

| PARALLEL |
| EXECUTION |

z

Advanced
Research

// Computing




Concept

What the code does

Associated Function / Keyword

Approx. Line Numbers

Key Point

1. The "Physics Loss" Loop

CUDAKem_Loss_PINN{)

CUDAKem_Loss_HMO()

Lines 86-104

Lines 110-143

Concept: Residuals over Data. 5 and v are calculated
on the fly (Line 95) using physical laws instead of being loaded from
a dataset. The loss is the difference between the network's
prediction and the immutable laws of physics.

2. Smooth Manifolds (Activation)

@wp.func

Concept: Differentiability. .
PIMNNs require calculating gradients (derivatives) of the network with

Lines 42-45 respect to its inputs to satisfy differential equations like
ma+cv+kx=0. Jagged activation functions break this process.
def swish(x: float):

3. Memory Safety in Parallel Line 72 Concept: Race Cnndiﬂon;. When stepping from Python to CUDA,

wp.atomic_add() thousands of threads run simultanecusly. If they all update lossTot at
’ = _ once, data is comupted. atomic_add queues these operations safely
Line 142 at the hardware level.
Concept: Automatic Differentiation. wp.Tape()

4. The Autodiff Tape Recorder tape = wp.Tape() Lines 255-256 context manager records every forward operation (matrix
multiplications, activations). When tape.backward() is called, it
replays the tape in reverse to calculate the exact gradients for the
SGD ate.

tape.backward(...) Line 281 upd
. Concept: Warp's JIT Compiler. Standard Python is too slow for
5. JIT Compilation Portal kemel Line 33 . . ,
pi @wp physics simulations. The @wp.kernel decorator takes the Python
AST (Abstract Syntax Tree) and compiles it into highly optimized
C++/CUDA code before execution.
wp.init() Throughout




CUDA Auto Diff Magic

wp.Tape() - = —
GRADIENT RECORDING TAPE 3l hl W
Automatic Differentiation Log

4

PREDICTIONS
(e.g., Classification
Regression)

UPDATE GEARS
WEIGHT ADJUSTMENTS

LEARNING RATE
Model Optimization Loop




Did it learn ?

Structural Identity Over Numerical Noise: Traditional data matching fails if sensor noise exists or if variables have different
names (e.g., t vs. time_step).

Solution: We ignore the raw numbers and look at the topology of the laws. If Mesh A and Mesh B are isomorphic, the physics is
identical, regardless of the coordinate system or units used.

Pre-Training Verification: Structural Checks Save GPU Cycles Solution: Before running 50,000 training epochs, the checker
verifies that the PINN is wired correctly for the problem

Gravity vs Gravity: Both meshes show a linear flow of second-order integration (a->v->x). Gravity vs HMO: The checker would
identify a feedback loop (cycle) in a spring-mass system that doesn't exist in Gravity, preventing a mismatch. Ensures the model is
[Imathematically capable of solving the target physics before you hit "Train".

Plug-and-Play Inference: Once a PINN is trained on a "Gravity" hypergraph, the .npz weight file can be safely used on any
isomorphic mesh.

Mesh B: Experimental Data
Mesh A: PINN Simulation (Isomorphic - Same Topology)

wi\.\ f“(
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