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Summary
1L: Intro/JUPITER
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JUPITER

At Jülich Supercomputing Center, Germany; procured
by EuroHPC JU
First European Exascale system soon!
Booster, Cluster
HPL: 0.8 EFLOP/s
GPU : 4× NVIDIA H100 Grace-Hopper flavor
96GBmemory per GPU
CPU : 4× NVIDIA Grace, 4× 72 cores; 4× 120GB
LPDDR5Xmemory
Network : 4× NVIDIA InfiniBand NDR200, 4× 25 GB/s

→ ≈6000 nodes,≈24 000 GPUs,≈24 000 network devices

GPU 0

CPU 0

GPU 1

CPU 1

GPU 2

CPU 2

GPU 3

CPU 3

NIC 0 NIC 1

NIC 2NIC 3
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Node Topology
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4 GH200 superchips, each 120GB LPDDR5X & 96GB HBM3memory → 4 NUMA domains
1:1:1 affinity of CPU, GPU, HCA; coherent access between GPU-GPU, CPU-GPU, CPU-CPU
No fear: Slurm – and we – take care about affinity!
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Summary
2L:MPI-Distributed GPU Computing



CUDA-aware MPI

CUDA-aware MPI allows you to use Pointers to GPU-Memory as source and destination 

5

//MPI rank 0

MPI_Send(s_buf_d,n,MPI_BYTE,size-1 ,tag,MPI_COMM_WORLD);

//MPI size-1 

MPI_Recv(r_buf_d,n,MPI_BYTE,0,tag,MPI_COMM_WORLD, MPI_STATUS_IGNORE);

Pointer too
GPU 

memory!

Pointer to 
GPU 

memory!
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Process Mapping on Multi GPU Systems
One GPU per Process

13
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Network

Basics: GPUDirect 

17
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CUDA-aware MPI with GPUDirect RDMA

18

GPU

CPU CPU

CPU CPU

Memory

HCA

GPU

CPU CPU

CPU CPU

Memory

HCA

MPI_Send(s_buf_d,size,MPI_BYTE,1,tag,MPI_COMM_WORLD); 
MPI_Recv(r_buf_d,size,MPI_BYTE,0,tag,MPI_COMM_WORLD,&stat); 
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Performance Results GPUDirect RDMA

0

5000

10000

15000

20000

25000

1 2 4 8 16 32 64
128

256
512

1024
2048

4096
8192

16384
32768

65536

13107
2

26214
4

52428
8

10485
76

20971
52

41943
04

BW
 (M

iB
/s

)

Message Size (byte)

CUDA-aware MPI CUDA-aware MPI wo GDR regular MPI with staging

21

OpenMPI 4.1.0RC1 + UCX 1.9.0 on JUWELS Booster

Latency (1 byte) 4.27 us
24.56 us
25.64 us
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Performance Results GPUDirect P2P
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OpenMPI 4.1.0RC1 + UCX 1.9.0 on JUWELS-Booster

Latency (1 byte) 2.45 us
22.01 us
23.50 us
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Summary
5L:Optimization Techniques



Folie

Fakultät für Mathematik und Informatik

Performance of our first multi-GPU application 

11.06.20252
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Folie

Fakultät für Mathematik und Informatik

Analsysis with Nsight System 

11.06.20253
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Folie

Fakultät für Mathematik und Informatik

Avoid Synchronisation

11.06.20259
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Folie

Fakultät für Mathematik und Informatik

Performance comparison on Jupiter 

11.06.202510
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Folie

Fakultät für Mathematik und Informatik

Optimized inter-GPU communication

NCCL : NVIDIA Collective Communication Library
Communication library running on GPUs, for GPU buffers.

Binaries : https://developer.nvidia.com/nccl and in NGC containers

Source code : https://github.com/nvidia/nccl

Perf tests : https://github.com/nvidia/nccl-tests

NVLink

PCI

Shared memory

Sockets

InfiniBand

Other networks

12

▪ Library for efficient communication 
with GPUs

▪ First: Collective Operations (e.g. 
Allreduce), as they are required for 
DeepLearning

▪ Since 2.8: Support for Send/Recv
between GPUs

▪ Library running on GPU: 
Communication calls are translated to 
GPU a kernel (running on a stream) 
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Folie

Fakultät für Mathematik und Informatik

Jacobi using NCCL

launch_jacobi_kernel(a_new, a, l2_norm_d, iy_start, iy_end, nx, compute_stream);

ncclGroupStart();    

ncclRecv(a_new,                     nx, NCCL_REAL_TYPE, top,    nccl_comm, compute_stream)

ncclSend(a_new + (iy_end - 1) * nx, nx, NCCL_REAL_TYPE, bottom, nccl_comm, compute_stream); 

ncclRecv(a_new + (iy_end * nx),     nx, NCCL_REAL_TYPE, bottom, nccl_comm, compute_stream); 

ncclSend(a_new + iy_start * nx,     nx, NCCL_REAL_TYPE, top,    nccl_comm, compute_stream);

ncclGroupEnd();

16

So far, no Overlap of communication and computation! 
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Folie

Fakultät für Mathematik und Informatik

High Priority Streams

Improve scalability with high priority streams (available on CC 3.5+)

11.06.202519

cudaStreamCreateWithPriority ( cudaStream_t* pStream, unsigned int flags, int priority ) 

Motivating Example: MD- Simulations 

Compute Local Forces Stream 1

Compute
non Local

forces
Stream 2

Ex. Non-
local Atom 

pos

Stream 1 
(LP)

Stream 2
(HP) 

Ex. Non-
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Compute Local Forces 

Ex. Non-
local Atom 

pos

Compute
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Performance Gain
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Folie

Fakultät für Mathematik und Informatik

Performance on Jupiter 

12.06.202522
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Summary
7L: NCCL, NVSHMEM



Fakultät für Mathematik und Informatik

NVSHMEM – Overview

▪ Implements the OpenSHMEM API for clusters of NVIDIA GPUs

▪ Partitioned Global Address Space (PGAS) programming model

▪ One sided Communication with put/get 

▪ Shared memory Heap

▪ GPU Centric communication APIs

▪ GPU Initiated: thread, warp, block

▪ Stream/Graph-Based (communication kernel or cudaMemcpyAsync)

▪ CPU Initiated  

▪ prefixed with “nvshmem” to allow use with a CPU OpenSHMEM library

▪ Interoperability with OpenSHMEM and MPI

15

With some 
extensions to 

the API 
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Fakultät für Mathematik und Informatik

NVSHMEM Symmetric Memory Model

16
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Symmetric objects are allocated collectively with the same size on every PESymmetric memory: 
nvshmem_malloc( shared_size);

Private memory: cudaMalloc(...)

Must be the 
same on all 

PEs
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Fakultät für Mathematik und Informatik

NVSHMEM Host API Put

Copies nelems data elements of type T from symmetric objects src
to dest on PE pe

18

GPU 0
(PE 0)

Private

GPU 1
(PE 1)

Private

void nvshmem_<T>_put(T*dest, const T*source, size_t nelems, int pe);

void nvshmemx_<T>_put_on_stream(T*dest, const T*src, size_t nelems, int pe, cudaStream_t stream);

The x marks extensions to 
the OpenSHMEM API
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Fakultät für Mathematik und Informatik

Jacobi solver communication with NVSHMEM

real* a     = (real*) nvshmem_malloc(nx * (chunk_size+ 2) * sizeof(real));

real* a_new = (real*) nvshmem_malloc(nx * (chunk_size+ 2) * sizeof(real));

20

launch_jacobi_kernel(a_new, a, l2_norm_d, iy_start, iy_end, nx, compute_stream);

nvshmemx_float_put_on_stream(a_new, a_new +iy_end - 1) * nx, nx, btm, compute_stream);

nvshmemx_float_put_on_stream((a_new+iy_end)*nx, (ax_new+1)*nx,            nx, top, compute_stream);

nvshmemx_barrier_all_on_stream(compute_stream);

Chunk size must me the 
same on all PEs. Otherwise, 

you get Undefined 
Behavior! 
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Summary
9L: CUDA Graphs, Device-Initiated NVSHMEM



2

Multi GPU Jacobi Nsight Systems Timeline
NCCL 4 NVIDIA GH200 120GB on JEDI
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3

Asynchronous Task Graph
A Graph Node Is A CUDA Operation

• Sequence of operations (nodes), connected by dependencies

• Operations are one of:

• Kernel Launch CUDA kernel running on GPU

• CPU Function Call Callback function on CPU

• Memcopy/Memset GPU data management

• Mem Alloc/Free Memory management

• External Dependency External semaphores/events

• Sub-Graph Graphs are hierarchical

• Nodes within a graph can also span multiple devices

A

B X

C D

E Y

End
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7

Where is Performance Coming From?
Reducing System Overheads Around Short-Running Kernels

Grid

Init
2µs Kernel

Grid

Init
2µs Kernel

Grid

Init
2µs Kernel

Grid Initialization 2µs Kernel Grid Initialization 2µs Kernel Grid Initialization 2µs Kernel

Breakdown of time spent during execution

CPU-side launch overhead reduction

Device-side execution overhead reduction

Launch Grid Initialization 2µs Kernel Grid Initialization 2µs Kernel Grid Initialization 2µs Kernel

Shorter total time
with three 2µs kernels
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8

Capture Stream Work into a Graph
Create A Graph With Two Lines of Code

{
    cudaStreamBeginCapture(compute_stream, cudaStreamCaptureModeGlobal);

  cudaMemsetAsync(l2_norm_d, 0, sizeof(real), compute_stream));

  cudaEventRecord(reset_l2norm_done, compute_stream);

    ...

    cudaStreamWaitEvent(compute_stream, push_done, 0);

  cudaStreamEndCapture(compute_stream, graphs[calculate_norm]+is_even);

  std::swap(a_new, a);

  iter++;

}

Slide quoted



12

Multi GPU Jacobi Nsight Systems Timeline
NCCL with CUDA Graphs 4 NVIDIA GH200 120GB on JEDI
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13

CPU-Initiated Communication

• Compute on GPU

• Communication from CPU

Synchronization at boundaries

Commonly used model, but – 

• Offload latencies in critical path

• Communication is not overlapped

Hiding increased code complexity, not hiding limits strong scaling

cuda_kernel<<<>>>

GPU CPU PCIe/Network

shmem_put

shmem_wait_until

cudaStreamSynchronize

iterate

Slide 13
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14

GPU-Initiated Communication

• Compute on GPU

• Communication from GPU

Benefits

• Eliminates offloads latencies

• Compute and communication overlap by threading

• Easier to express algorithms with inline communication

cuda_kernel<<<>>>

CPU GPU PCIe/Network

cudaStreamSynchronize

iterate

nvshmem_put

nvshmem_quiet

nvshmem_put

nvshmem_put
nvshmem_put

Slide 14
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19

NVSHMEM API
Single Element Put

__device__ void nvshmem_TYPENAME_p(TYPE *dest, TYPE value, int pe)

• dest [OUT]: Symmetric address of the destination data object. 

• value [IN]: The value to be transferred to dest. 

• pe [IN]: The number of the remote PE.

See: https://docs.nvidia.com/hpc-sdk/nvshmem/api/docs/gen/api/rma.html#nvshmem-p 

TYPENAME can be: float, double, char, schar, short, int, long, longlong, uchar, ushort, uint,…, ptrdiff 
(see: https://docs.nvidia.com/hpc-sdk/nvshmem/api/docs/gen/api/rma.html#stdrmatypes)

GPU/PE 1

Private

GPU/PE 0

Private
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20

NVSHMEM API
Nonblocking Block Cooperative Put

__device__ void nvshmemx_TYPENAME_put_nbi_block(TYPE *dest, const TYPE *source, size_t nelems, int pe)

• dest [OUT]: Symmetric address of the destination data object. 

• source [IN]: Symmetric address of the object containing the data to be copied.

• nelems [IN]: Number of elements in the dest and source arrays.

• pe [IN]: The number of the remote PE.

Cooperative call: Needs to be called by all threads in a block. thread and warp are also available.

x in nvshmemx marks API as extension of the OpenSHMEM APIs.

See: https://docs.nvidia.com/hpc-
sdk/nvshmem/api/docs/gen/api/rma.html?highlight=nvshmemx_typename_put_nbi_block#nvshmem-put-nbi

TYPENAME can be: float, double, char, schar, short, int, long, longlong, uchar, ushort, uint,…, ptrdiff 
(see: https://docs.nvidia.com/hpc-sdk/nvshmem/api/docs/gen/api/rma.html#stdrmatypes)

GPU/PE 1

Private

GPU/PE 0

Private

Slide quoted



23

NVSHMEM API
Atomic Operation

__device__ void nvshmem_TYPENAME_atomic_inc(TYPE *dest, int pe)

• dest [OUT]: Symmetric address of the signal word to be updated. 

• pe [IN]: The number of the remote PE.

These routines perform an atomic increment operation on the dest data object on PE.

See: https://docs.nvidia.com/hpc-sdk/nvshmem/api/docs/gen/api/amo.html#nvshmem-atomic-inc

TYPENAME can be: float, double, char, schar, short, int, long, longlong, uchar, ushort, uint,…, ptrdiff 
(see: https://docs.nvidia.com/hpc-sdk/nvshmem/api/docs/gen/api/rma.html#stdrmatypes)
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29

Optimized Inter-Node 
Communication Improved

• IB GPUDirect Async (IBGDA) over InfiniBand

• Using GPUDirect RDMA (data plane)

• GPU directly initiates network transfers involving the CPU 
only for the setup of control data structures

GPU

InfiniBand 
Queue Pair

Slide 29
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30

NVSHMEM Perftests with IBGDA
shmem_p_bw and shmem_put_bw on JEDI – NVIDIA GH200 120GB

[1] shmem_p_bw with IBGDA using experimental version of NVSHMEM on NVIDIA internal NVIDIA GH200 480GB cluster with NDR400
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More: Other Languages/Models



OpenACC, OpenMP; Kokkos

Directive-based GPU programmingmodels work analogously to CUDA
GPU-awareness via MPI configuration, no need to copyout or map(from)
Using explicit device pointer necessary: host_data use_device / use_device_addr
#pragma acc host_data use_device( A )
MPI_Sendrecv( A+iy_start*nx+ix_start, (ix_end-ix_start), MPI_REAL_TYPE, top , 0,

A+iy_end*nx+ix_start, (ix_end-ix_start), MPI_REAL_TYPE, bottom, 0,
MPI_COMM_WORLD, MPI_STATUS_IGNORE );

}

Advanced communication libraries can be used like any other library

Kokkos similar: Use Kokkos::View and Kokkos::View::data() (see Wiki)
Kokkos::View<double*> A("A", nx*ny);
MPI_Send(A.data(), int(A.size()), MPI_DOUBLE, bottom_rank, 0, COMM_WORLD);

Member of the Helmholtz Association 13 June 2025 Slide 41 51
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Python

CUDA-awareness in MPI in Python available via mpi4py
Higher level: CuPy, CuTe DSL, Numba

Very pythonic (and versatile): cuNumeric

import cunumeric as np

A = np.random.rand(N, N)
x = np.zeros(A.shape[1])
d = np.diag(A)

cuNumeric [2]: transparently accelerates / distributes Numpy (and others)
Acceleration: Numpy kernel implementations for single-core CPU, multi-core CPU (OpenMP),
and GPU (via libraries)
Distribution: OpenMP or MPI (via GASNet)
Type / size of task pool determined at start time via launcher script

→ https://github.com/nv-legate/cunumeric/
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Acceleration: Numpy kernel implementations for single-core CPU, multi-core CPU (OpenMP),
and GPU (via libraries)
Distribution: OpenMP or MPI (via GASNet)
Type / size of task pool determined at start time via launcher script

→ https://github.com/nv-legate/cunumeric/
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assignments into sub-array views like those on line 11 of Figure 2

or during boundary condition assignments in the full program.

In order to test a few machine learning workloads, we imple-

mented both linear and logistic regression in NumPy. Since their

performance curves are very similar we only show the results for

logistic regression in Figure 12. Both regressions implement batch

normal gradient descent which requires keeping all the data points

in memory at all times. It also requires a full reduction of weight

gradients across all nodes followed by a broadcast of the update

to each node. Legate achieves nearly perfect weak scaling for both

linear and logistic regression on CPUs. Running with GPUs, Legate

weak scales out to 32 GPUs, but then begins losing performance

as the additional overheads of the very small reduction tree tasks

begin to accumulate. Dask has difficultly scaling and performance

continues to decline as it reaches 32 nodes. Note that in these cases

there is more than an order of magnitude in performance differ-

ence between the auto and tuned Dask performance curves. This

highlights the importance of manual tuning on systems like Dask.

Legate, in contrast, insulates the user from such details and au-

tomatically determines the best partitioning to be used for each

operation. Legate also outperforms CuPy for logistic regression on

a single GPU by discovering task parallelism across operators that

enables multiple kernels to execute on the device simultaneously.

Lastly, we implemented a full conjugate gradient solver both

with and without preconditioning in NumPy. Adding support for

a preconditioner is usually a complex change for a solver, but in

NumPy it only requires an additional eight lines of code. The per-

formance results for these examples are also very similar so we only
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Figure 12: Weak-scaling of logistic regression.
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Figure 13: Weak-scaling of a preconditioned CG solver.

show the results from our experiments with the preconditioned con-

jugate gradient solver in Figure 13. CPU-only Legate weak scales

very well, while the GPU-centric version has kernels that run fast

enough to expose several Legion analysis overheads that could be

fixed in the future by tracing [12]. Dask loses significant perfor-

mance when moving from single node (2 socket) to multi-node

(4 socket) execution. Its performance continues to decline as the

node count increases because of its centralized scheduler. Note that

in these examples, Intel Python outperforms Legate’s CPU-only

execution on both single and dual sockets. MKL is faster than the

OpenBLAS GEMV routines that Legate uses and allows Intel Python

to overcome its initially poor placement of data in NUMA domains.

7 RELATEDWORK

Providing a drop-in replacement for NumPy is a very common

approach to improving the performance of NumPy programs. Tra-

ditionally, these approaches have fallen into one of three categories.

First, are systems that accelerate parts of NumPy on a single node,

such as the previously mentioned Intel Python with MKL sup-

port [6]. Second, are systems that lazily evaluate NumPy programs

to construct an intermediate representation of the program prior to

performing operator fusion and specialization for particular kinds

of hardware like GPUs. Third are systems that attempt to distrib-

ute NumPy or NumPy-like programs across distributed compute

clusters. Most drop-in NumPy replacements fall into the second

category of systems, while Legate and several others fall into the

third category. We discuss each in turn.

One of the most popular ways of accelerating NumPy code to-

day is with CuPy [19]. CuPy is a (mostly) drop-in replacement for

cuNumeric [2]: transparently accelerates / distributes Numpy (and others)
Acceleration: Numpy kernel implementations for single-core CPU, multi-core CPU (OpenMP),
and GPU (via libraries)
Distribution: OpenMP or MPI (via GASNet)
Type / size of task pool determined at start time via launcher script

→ https://github.com/nv-legate/cunumeric/
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assignments into sub-array views like those on line 11 of Figure 2

or during boundary condition assignments in the full program.

In order to test a few machine learning workloads, we imple-

mented both linear and logistic regression in NumPy. Since their

performance curves are very similar we only show the results for

logistic regression in Figure 12. Both regressions implement batch

normal gradient descent which requires keeping all the data points

in memory at all times. It also requires a full reduction of weight

gradients across all nodes followed by a broadcast of the update

to each node. Legate achieves nearly perfect weak scaling for both

linear and logistic regression on CPUs. Running with GPUs, Legate
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as the additional overheads of the very small reduction tree tasks

begin to accumulate. Dask has difficultly scaling and performance

continues to decline as it reaches 32 nodes. Note that in these cases

there is more than an order of magnitude in performance differ-

ence between the auto and tuned Dask performance curves. This

highlights the importance of manual tuning on systems like Dask.
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tomatically determines the best partitioning to be used for each
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a single GPU by discovering task parallelism across operators that

enables multiple kernels to execute on the device simultaneously.
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show the results from our experiments with the preconditioned con-

jugate gradient solver in Figure 13. CPU-only Legate weak scales

very well, while the GPU-centric version has kernels that run fast

enough to expose several Legion analysis overheads that could be

fixed in the future by tracing [12]. Dask loses significant perfor-

mance when moving from single node (2 socket) to multi-node

(4 socket) execution. Its performance continues to decline as the

node count increases because of its centralized scheduler. Note that

in these examples, Intel Python outperforms Legate’s CPU-only

execution on both single and dual sockets. MKL is faster than the

OpenBLAS GEMV routines that Legate uses and allows Intel Python

to overcome its initially poor placement of data in NUMA domains.

7 RELATEDWORK

Providing a drop-in replacement for NumPy is a very common

approach to improving the performance of NumPy programs. Tra-

ditionally, these approaches have fallen into one of three categories.

First, are systems that accelerate parts of NumPy on a single node,

such as the previously mentioned Intel Python with MKL sup-

port [6]. Second, are systems that lazily evaluate NumPy programs

to construct an intermediate representation of the program prior to

performing operator fusion and specialization for particular kinds

of hardware like GPUs. Third are systems that attempt to distrib-

ute NumPy or NumPy-like programs across distributed compute

clusters. Most drop-in NumPy replacements fall into the second

category of systems, while Legate and several others fall into the

third category. We discuss each in turn.

One of the most popular ways of accelerating NumPy code to-

day is with CuPy [19]. CuPy is a (mostly) drop-in replacement for

cuNumeric [2]: transparently accelerates / distributes Numpy (and others)
Acceleration: Numpy kernel implementations for single-core CPU, multi-core CPU (OpenMP),
and GPU (via libraries)
Distribution: OpenMP or MPI (via GASNet)
Type / size of task pool determined at start time via launcher script
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More: In-Network Computing



In-Network Computing
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In-Network Computing

Usually, network devices (switches, HCAs)
just forward to computing devices
Modern hardware offers in-network
computation
Works also with GPUs

→ Less latency, less traffic
Especially for communication-intensive
collectives like AllReduce()

   

 





15 16

31

23 42

65

96

Switch-supported Reduce()
Member of the Helmholtz Association 13 June 2025 Slide 44 51



In-Network Computing Libraries

MPI MPI runtime transparently offloads specific collective
operations to network, if enabled
(OpenMPI, e.g. bundled in NVIDIA’s HPC-X; MVAPICH2-X; also
NCCL via plugin)

UCC New intermediate layer (from UCF initiative (UCX)) for Unified
Collective Communication
→ https://github.com/openucx/ucc

SHARP Lowest / base level API (Scalabale Hierarchical Aggregation
and Reduction Protocol)
libsharp_coll: interface, libsharp: backend

MPI

© 2019 Mellanox Technologies  |  Confidential 8

SHARP AllReduce Performance Advantages 
1500 Nodes, 60K MPI Ranks, Dragonfly+ Topology 

SHARP Enables Highest PerformanceSHARP Enables Highest PerformanceScalable Hierarchical 
Aggregation and 

Reduction Protocol

Graph by Gil Bloch / Mellanox (2019)[9]
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Other Vendors



AMD

AMD Instinct GPUs entered HPC with a boom
Multi-node ecosystemmaturing rapidly
Key technology already developed, mimicking NVIDIA’s strategy
UCX is ROCm enabled (how-to ); MVAPICH2-GDR [10] also optimized

Technology NVIDIA AMD
RDMA Support GPUDirect RDMA ROCmRDMA
Peer to Peer GPUDirect P2P ROCm IPC
Direct CPU Access (PCIe BAR) GDRCopy BAR1 LargeBar

Accelerated Collectives NCCL RCCL
OpenSHMEM NVSHMEM ROC_SHMEM
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AMD HIP Jacobi MPI Example

Procedure: hipify-perl→ fix errors→ compile
Code example
hipGetDeviceCount(&num_devices);
hipSetDevice(local_rank%num_devices);
real* a_ref_h;
hipHostMalloc(&a_ref_h, nx * ny * sizeof(real));

Compilation example
HIP_PLATFORM=amd hipcc --offload-arch=gfx90a -std=c++14 -munsafe-fp-atomics -O3 -fopenmp

-I${MPI_HOME}/include -c -o jacobi.cu.hip.o jacobi.cu.hip↪→

HIP_PLATFORM=amd hipcc --offload-arch=gfx90a -std=c++14 -munsafe-fp-atomics -O3
-I${MPI_HOME}/include -L${MPI_HOME}/lib -lmpi --gcc-toolchain=${EBROOTGCCCORE} -o
jacobi.amd jacobi.cu.hip.o

↪→
↪→

Needed: ROCm-aware UCX (UCX_TLS=rc_x,self,sm,rocm_copy,rocm_ipc)
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Intel GPUs with SYCL

SYCL: Native model for Intel GPU (also OpenMP);
can also be executed on NVIDIA, AMD GPUs
Very different programmingmodel to CUDA,
muchmore C++ish
MPI supported as manual step
Example: See Codeplay’s documentation
More SYCLic: Celerity, with distributed queues
celerity.github.io/

queue q{property::queue::in_order()};
q.submit([&](handler& h) {
h.parallel_for(num_items, [=](id<1> k) {
// jacobi_compute, fill result*

});
});
MPI_Sendrecv(&result, ..., );
Greatly reduced sketch of code based on Intel
documentation
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Summary, Conclusion

Efficient multi-node GPU computing is efficient multi-
node computing with least possible amount of CPU

Many advanced technologies and techniques in place to enable large-scale GPU
applications
GPU-aware MPI is key enabler
On top / orthogonal: NCCL, NVSHMEM,…→homework?

Remember to rate tutorial, give feedback!
Appendix: Links, references
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Thank you

for your att
ention!

a.herten@fz-juelich.de
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https://docs.mellanox.com/category/mlnxsharp
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