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Introduction




The story so far ...
MC and the traditional CPU+RAM paradigm

« Event generation and other run either on local clusters or for large central
productions by ATLAS/CMS on the Wordwide LHC Computing Grid (WLCG)

« These compute resources have been almost entirely CPU+RAM based

« MC inherently embarrassingly parallel: run jobs independently, combine later:

for 1 1n 1...8 ; do
Sherwythia —--rng-seed $1 -o events.$i.hepmc & ;
done

Caveat: For some generators this is not true for the initial optimisation phase, where jobs must
combine MC results for each optimisation step

- run warmup separately and use Message Passing Interface (MPI) 'MPI
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Moore’s law isn’t dead — but it took a turn ...
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Why make our lives more complicated?
The future of offline computing tor the LHC is challenging!
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» Because CPU consumption exceeds CPU budget models (e.g. 10 % annual
capacity increase) according to latest ATLAS & CMS projections for the HL-LHC

« 10-20 % Is event generation — not the one big bottleneck, but significant
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Hardware trends

» The projections on the last slide precede the current hardware cost crisis, In
reality it might be worse (forecasts very uncertain!), see Sciaba 2026

« At the same time, almost all recent HPC clusters (and certainly top
supercomputers) rely almost entirely on GPU to deliver throughput

« Onereason is that GPU are optimised for throughput (sacrificing latency), and
the other (related one) is of course Al

« Per Watt, GPUs are roughly 5 times as efficient as CPUs, see Atzori 2026

Can we run MC event generators on GPU? Yes, with some modifications ...

These modifications can also help us to run more efficiently on CPU!


https://indico.cern.ch/event/1598655/contributions/6988137/
https://videos.cern.ch/record/3025636

Current research with GPU use/porting in HEP

« MCnet
« Parton-level event generators: MADGRAPH5 AMC@NLO, PEPPER/SHERPA
» Parton showers: GAPS, collective effects in Heavy Ion collisions
« Machine Learning applications typically make use of GPU

» Detector simulation (offloading parts of GEANT): CELERITAS, ADEPT

« Experiments: trigger, tracking, data compression, ML, ... e.g. see NGT activities

« All to mitigate risk of being compute constrained in HL-LHC
« Better performance means increased physics range!

« E.g.increase NLO/LO jet multiplicity range in multi-jet merged samples
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Heterogeneous programming

CPU

GPU

optimised for ...

racing through serial operations

doing massively parallel calculations

minimises ...

latency (= how long it takes to finish a task

throughput (= how many times a task is completed

once) within a time period)
: high clock speed, lots of control logic, large lots of transistors dedicated to calculations, large
architecture . . .
multi-layered caches, fast memory memory bandwidth to deliver data to threads
L1 Cache
L1 Cache
2 Cace
-
CPU GPU
. . ood for complex algorithms with lots of ood for comparably simple algorithms which are
for HEP applications & P & & P Y P &

branching (if/else) and lots of caching

easy to parallelise (prime example: Monte Carlo)
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Heterogeneous programming
CPU + GPU: host/device programming model

' » simplity porting by only

“ parallelising the parts
of the code that matter
(,,hot spots®)

#define N 1024
Ndefine RADIUS 3
¥define BLOCK_SIZE 16

__glebal__ void stenci_1d{int “in, inl *out) {
__shared__ int temp{BLOCK_SIZE + 2 * RADIUS]
int gindex = threadidx.x ¢ blockidx.x * blockDim. x;
int lindex = threadidx x + RADIUS;

 Read inpul elaments into shared memory

tempflindex] = in[gindex}

if (threadidx.x < RADIUS) {
templindex - RADIUS] = injgindex - RADIUS],
templindex + BLOCK_SIZE] = infgindex + BLOCK_SIZE],

\/ Synchranize (ensure 3l the dala is available)

ge= - parallel fn

¥ Apply the slendl

i result = 0,

for (il offsel = -RADIUS ; offsat <= RADIUS ; offset++)
resull += lermpfindex + offsel),

N Stare the resull
outfgindex)] = resull;
)

void §l_ints{int *x, it n) {

» speed-ups reduced by
S additional time needed

il host copies of &, b, ¢
int *d_in, *d_out; /f devics copies of 3, b, ¢
inl size = (N + Z*'RADIUS) * sizeof(imt);

 Alloc space for host copies and selup values

in = (int *)ymalloc{sze). fil_ints{in, N + 2*°RADIUS);
out = (int *jmalloc(size); fll_ints{out, N + 2°*RADIUS);
# Alloc space for device copies

cudaMalloc((vaid **)&d_in, size),
cudaMalloc((vaid **)&d_oul, size),

cxmlomoars, 0 o st serial code | 'y host and device
memory

 Launch stencl 1d() kemel on GPU
stencil_1d<<<N/S8LOCK_SIZE BLOCK_SIZE>>>(d_in + RADIUS,
d_out + RADIUS),

V Copy resull badk 1o host

cudaMemcpy(out, d_oul, size, cudaMemcpyDeviceToHost),

parallel code

free(in), freefoul);
cudaFres(d_in); cudaFree(d_out);
refurn 0;

- serial code
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Heterogeneous programming

Simple processing tlow

1. Copy input data from CPU memory
to GPU memory
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Heterogeneous programming

Simple processing tlow

= — =T
l

1. Copy input data from CPU memory

to GPU memory

2. Load GPU program and execute, . - -
caching data on chip for
performance

© NVIDIA 2013
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Heterogeneous programming

Simple processing tlow

1.

2.

CPU

PCl Bus

CPU Memory

Copy input data from CPU memory
to GPU memory

Load GPU program and execute,
caching data on chip for
performance

Copy results from GPU memory to
CPU memory

14
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Heterogeneous programming
Summary
» Distinction: Host code (on CPU) — Device code (on GPU)
» Vendor-specific code extensions and API.:
« Nvidia: CUDA
« AMD: HIP
« Intel: SYCL
» Abstraction layers allow to compile for any of the above from single codebase:
« E.g. Kokkos, Alpaka, PyTorch, ...
« We'll focus on CUDA in the following
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Introduction to CUDA




Introduction to CUDA programming

Software/Hardware

- CUDA: compiler (nvcc), C language extensions and libraries by NVidia to run
calculations on their GPU

e Can I use CUDA on any (NVidia) GPU?

« No ... and for many scientific codes you might need a data center GPU:

example 32FP TFLOPS 64FP TFLOPS
gaming NVidia GeForce RTX 3090 36 0.56
data center NVidia H100 60 30

Al pushes trend to reduced precision (single, half, ...) = real challenge for proper utilisation for scientific calculations
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Introduction to CUDA programming

Mixing host and device code

__global  voird compute(void) {
// this runs parallelised over BXT threads on the GPU

¥

int main(void) {
compute<<<B, T>>>();
printf("'Hello WorldI\n'");
return O;

L

« global _ :function callable by host, executed on device
» <<<B, T>>>(E) :call from host code to device code
« B: number of thread blocks

» T: number of threads per block
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Complete vector addition example

__global void add(int *a, Int *b, Int *c) {

¥
i

int 1 blockldx.x * blockDim.x + threadldx.Xx;

c[i] = a[i] + b[i];

sizeof(int);

// host memory for vectors a, b, C
int *a, *b, *c;

a = malloc(size); b = malloc(size); c = malloc(size);

random_fill(a); i
random fill(b); | Y ot

// device memory for vectors a, b, C
int *da, *db, *dc;
cudaMal loc(*da, size); cudaMalloc(*db, size); cudaMalloc(*dc, size);

P
—

[T

// copy a, b to device
cudaMemcpy(d_a, a, size, cudaMemcpyHostToDevice);
cudaMemcpy(d b, b, size, cudaMemcpyHostToDevice);

%1. Copy input data from CPU memory
to GPU memory

12. Load GPU program and execute,

l caching data on chip for
performance

compute<<<B, T>>>(a, b, c);

// copy c from device
cudaMemcpy(c, d_c, size, cudaMemcpyDeviceToHost);

free(a); free(b); free(c);

cudaFree(d _a); cudaFree(d b); cudaFree(d c);

- % 1. Copy input data from CPU memory
retu rn O ¢ to GPU memory
4 2. Load GPU program and execute,
caching data on chip for
performance
¥ 3. Copy results from GPU memory to
/ CPU memory

19
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Introduction to CUDA programming

For a C++ like approach, use CUDA @ thrust library: Examples also exist in the Python world:
(will use a mix of pure CUDA and Thrust API in the tutorial)

C

® 2Numba

int main(void) { 'from numba Import cuda
// host memory for vectors a, b, c Import numpy as np
thrust: -host vector<int> a(N), b(N), c(N);
@cuda.jit
// device memory for vectors a, b, cC def add(a, b, c):
thrust: :device_vector<int> d_a(N), d_b(N), d_c(N); i = (cuda.blockldx.x * cuda.blockDim.x
_ + cuda.threadldx.x)
random_flll(a); C[i] - a[i] + b[i]

random_fill(b);

// copy a, b to device a = np.random(N)

da=a; b = np.random(N)

d_b = b; c = np.zeros(N)

thrust::transform(d_a.begin(), d_a.end(), # numpy array coplied automatically
d b.begin(), add(a, b, ©)

d c.begin(), thrust::plus<int>());

// copy c from device or use pyCUDA, pyTorch, TensorFlow E

c = d c;

return 0O;
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Example: Jacobi Method




Example: Jacobi method

task: solve ! ! (X,y) = O iteratively on an NxN grid, Dirichlet boundary conditions
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Example: Jacobi method

Review: Algorithm

« set each point to average of neighbours:

phi[],1] = 0.25 * (phi_prev[],1-1]
+ phl _prev[],1+1]
+ phli _prev[j-1,1]
+ phl _prev[j+1l,1])

- phi_prev = values from previous Iteration
* h =grid spacing

» repeat for many Niterations until converged

23

j+1,




Example: Jacobi method

Review: Pseudo Code

for j = 1,Ny-2
I for 1 = 1,Nx-2
11 phi_prev]},i] = 0.0

for 1 = O,Nx-1

{

X = 1*h

| phi_prev|[0,i]] = Xx*X

l phi_prev[Nj-1,i] = x*x + 1.0

]

for ] = 1,Ny-2
{

l'y = J*h

| phi_prev|[},0] =y*y
| phi_prev[],Ni-1] = 1.0 + y*y

}

24

for k = 1,Niterations

{

| for!] = 1,Ny-2

I for 1 = 1,Nx-2

1T phif),1] = 0.25 * (
phi_prev]},i-1]

+ phi_prev]j,i+1]
+ phi_prev]j-1,i]
+ phi_prev[j+1,i])

| forlj = 1,Ny-2
N for i = 1,Nx-2

}



Example: Jacobi method
CPU Time Profiling

Demo




Example: Jacobi method
CPU Time Profiling

for (unsigned int k = 9; k < nIterations; k++) {
for (unsigned int j = 1; j < (NJ = 1); j++) {
for (unsigned int 1 = 1; 1 < (N1 - 1); i++) {
t[i * NJ + j] =
0.25T *
(t_ previ(i — 1) * N7 + 7] + t prevl[(i + 1) * N + 3] +
t prev[i * NJ + (7 — 1)] + t _prev[i * Nj + (j + 1)] - 4 *x h % h);
}
}

float *pingPong = t_prev;
t_prev = t;
t = pingPong;
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Example: Jacobi method

GPU port: loop over 1, J becomes __global __ function

for (int k = 0; k < nIterations; k++) {
// Launch a kernel on the GPU with one thread for each element.
calculatedacobi_V1<<<dimGrid, dimBlock>>>(d_phi_prev, d_phi, Nx, Ny, h);
swap(d_phi_prev, d _phil);

5

__global__ voild calculatedacobi V1(float *input, float *output,
int Nx, int Ny, float h) $
int 1 = blockDim.x * blockIdx.x + threadIdx.x;
int J = blockDim.y * blockIdx.y + threadIdx.y;

if (1 > 0 & j > 0 & 1 < (Nx = 1) && j < (Ny = 1)) §
float phi = 0;
i += 0.25f*%input[j * Nx + 1 - 17;
i += 0.25f*%input[(j - 1) * Nx + i];
N1 += 0.25f*%1nput[j * Nx + 1 + 17;
N1 += 0.25F*input[(J + 1) * Nx + 17;
output[j * Nx + i] = phi;
3
5
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Example: Jacobi method
Port to GPU

Demo




Example: Jacobi method
Port to GPU

$ ./jacobi gpu
Parameters: Nx=2048, Ny=2048, nlteration=1000

CPU Time: 5770.000000 ms
GPU Time: 40.599007 ms

Is host equal to device =1
Speedup =142.121704x

All done
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Example: Jacobi method
Profile GPU pertormance with NSight

Demo




Example: Jacobi method
Profile GPU pertormance with NSight

GPU Throughput

Compute (SM) [%]
Memory [%]

0,0 , , 30,0 40,0 50,0 60,0
Speed Of Light (SOL) [%]

Floating Point Operations Roofline

| other findings:

10

* 10 % uncoalesced global
n memory accesses

N

Arithmetic Intensity [FLOP/byte]

- memory-bound, not compute-bound
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Branch divergence

« warp (= 32 threads) operates in lock-step
» If only some threads fulfill if-condition, lock-step becomes incomplete

I maximise that if-conditions evaluate the same for all threads in a given warp

1f (threadIdx.x < 4) {
Aj
B;
} else {
X,
\&

X; Y;

B; Z;

Z;

}
Z;

Time
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Coalesced memory access

 Uncached global memory latency: ~400 N memory

« L2/L1 reduces this to 200/20 cycles, but limited size

» Single-precision instruction: ~4 cycles = try
to limit memory reads/writes!!! Thread 1D 0 >

warp

» very important consideration: 32 threads (=1

warp) can combine (,coalesce”) their memory datali + thread_id] = Q

reads/writes into a single transaction, speed-

ups by up to 32x possible datali] = E Q
e use structure of arrays (SoA) instead array T Q

of structures (AoS) datall ) fhread_dl = =
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AoS vs. SOA: vector example

Vector3|[]

£

array[1].Y

Vector3MultiArray

SOoA X X X X|Y Y Y Y

array.Y[1]

Changing to SoA is a large part of porting code to GPU(-like) architectures!
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CPU vector instructions (SIMD)




CPU vector instructions

Basics

« Almost all CPU support some kind of fixed-length vector processing (SIMD)

 Instead of a single value, 2, 4, 8, ... values (= vector width) can be processed
at the same time

» Overhead of using vectors is small = speed-ups can be close to the width
« Unfortunately, auto-vectorisation by the compiler often fails In practice
» However, we can use also explicitly instruct the compiler

« Complicated because there are many vector instruction sets width different
widths: SSE, NEON (2 doubles), AVX2 (4 doubles), AVX512 (8 doubles),
SVE (4 or 8 doubles) etc.
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CPU vector instructions

Example using Kokkos tor abstraction over vector instruction sets

struct {
double ; using Kokkos::Experimental;

double ; using simd_type simd <double >;
double ; constexpr int width int (simd_type size());
double ; assert(p.n width )k
Int n; for ( Int 1 0; 1 p.n; I width) {
} p; simd_type sx (p.X i, E);

simd_type sy (p.y
for ( Int I 0; 1 p.N, ) { simd_type Sz (p.z
1] sgrt(p.x]i] p.X][i] simd_type sr
p.y[i] p.y[i] Kokkos :: sqrt(sx SX sy sy Sz SZ);
p.z[i] p.z[1]); simd_unchecked_store(sr, p.r l, );

» Right code can be compiled for many common CPU vector instruction sets

« Notice how using SoA takes us 90 % of the way? This Is why modifiying code
for GPU execution also paves the way for significant speed-ups on the CPU!
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Conclusions

Event Generation on Heterogeneous and Parallel Hardware

» Increasing number of GPU-accelerated applications in HEP calculations

. Calculations can be sped up by factors of * (10 100) by putting
parallelisable algorithms on the GPU

- parallelization framework (future C++ standard?) means we can have one
codebase and deploy for GPU, OpenMPp, ...

» Allows to study more complex systems (higher multi etc.)
» Theoretically also much better energy and cost efficiency

» Code adapted for GPU can also more easily profit from CPU vector processing
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Tutorial

Port phase-space integral

« Consider cross section (,,Introduction to Event Generators®, slide 21)

"= ! fi (%, #2) fi (%o, #2 2 | M 194 (cut9dx, dx, d$ |

) E

 Divide and conquer: begin with (massless) phase-space sampling

Nn N

P%, B (d4p,$(p,2) O/‘(puO))
( =1 ) e

» Use flat sampling (Rambo algorithm, as mentioned in (,,Introduction to Event
Generators®, slide XX), port from CPU - GPU

Vo= d$, = &
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