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GPU networks are hierarchical.
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Intra-node hierarchies.
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GPU networks are hierarchical.

b) Summit
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GPU networks are hierarchical.
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Two-Level Hierarchy
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Hierarchical Broadcast
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Tree Factorization
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CommBench:
A micro-benchmarking tool
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Software Stack

Application Layer
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Software Stack

o § y A Closer to
Application Layer : CommBench J | the User
Library Options MPI XCCL
) J [ J IPC Closer to
Lower-Level API | PAMI, OFI, UCX, etc. ] ) v the Metal
Physical Network :InfiniBa nd, Slingshot, NVLink, Infinity Fabric, etc.:

Comm<T>::Comm(Library); // choose implementation library
void Comm<T>::add(T *sendbuf, T *recvbuf, size t count, int src, int dst); // register P2P

void Comm<T>::start(); // non-blocking
void Comm<T>::wait(); // blocking

void Comm<T>::measure(int warmup, int numiter);
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Software Stack

. ( \ A Closer to
Application Layer : CommBench J | the User
Library Options MPI ] [ XCCL ]
) IPC Closer to
Lower-Level API | PAMI, OFI, UCX, etc. ] )\ the Metal
Physical Network :InfiniBa nd, Slingshot, NVLink, Infinity Fabric, etc.:

Ports & Libraries

OneAPI CUDA HIP (default)
MPI | GPGUMPI GPUMPI GPUMPI CPU MPI
XCCL | OneCCL3 NCCL RCCL n/a
IPC ZEIPC CUDAIPC HIPIPC n/a
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CommBench API

#define COMMBENCH_PORT_CUDA
#include “commbench.h”

#define Type int
using namespace CommBench;
int main() {
Comm<Type> comm(NCCL); // initialize communicator
Type* sendbuf, recvbuf;
size_t count = 1e9 / sizeof(Type);
allocate(sendbuf, count);
allocate(recvbuf, count);

comm.add(sendbuf, recvbuf, count, 0, 4); // register P2P

comm.measure(5, 10);

}

Point-to-Point Comm.

b

Inter-Node
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Optimization: Multi-Rail Striping
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Optimization: Multi-Rail Striping
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using namespace CommBench;

Optimization: Mu1ti—Rai1 Striping Comm<Type> partition(Library::IPC);

Comm<Type> translate(Library::NCCL);

allocate(send_temp, count);
. allocate(recv_temp, count);
- PCle Link

@®GPU [JCPU [_]NIC

partition.add(sendbuf, count, send_temp, ©, count, @, 1);
partition.add(sendbuf, 2 * count, send_temp, 0, count, @, 2);
translate.add(sendbuf, @, recv_temp, 0, count, 0, 3);

Logical Binding
O 1 2 3

0 1 2 3 translate.add(send_temp, ©, recvbuf, count, count, 1, 4);
? ? ? ? translate.add(send_temp, ©, recv_temp, 0, count, 2, 5);
partition.start();
2 partition.wait();
translate.start();
translate.wait();

a) Delta (MPI, NCCL) b) Perlmutter (MPI, NCCL)

std::vector<Comm<Type>> stripe = {partition, translate, assemble};
measure_async(5, 10, count * 3);

Point-to-Point Comm. Striping Algorithm

Partition Translate Assemble

[
U QU
Ky

Intra-Node

Inter-Node

Inter-Node
(Rail)

Stanford University 17



Optimization: Multi-Rail Striping
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Optimization: Multi-Rail Striping

Across two DGX-A100 nodes
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Bandwidth or Latency?
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CommBench: Micro-benchmarks
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Group-to-group benchmarking
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Hoefler, et al., Netgauge: A network performance measurement framework, HPCC’07
Hidayetoglu, et al., CommBench: Micro-benchmarking hierarchical networks with multi-GPU, multi-NIC nodes, ICS'24
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Bandwidth (GB/s)

Group-to-group u-benchmarking
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Group-to-group u-benchmarking
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Bandwidth (GB/s)

Group-to-group u-benchmarking
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Bandwidth (GB/s)

Group-to-group u-benchmarking
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Latency across two nodes.

e CPU MPI~> O CPUMPI & e GPU MPI » OGPUMPI &

200 o °NCCL> NCCL & & MPI Coll. CPU ¢ MPI Coll. GPU
00e08 °
@ 2@ o o 0000 .
= @0000®00¢ ®
o U@ O
(3] °® L ’ Q
O 20 OQ® ¢
S eeegyec e’ X o 060099
o 888 0~0C00e c00?®
s 00000000 %9 e®eo ..88886
e ...ooo‘OQQQ Q
~ QOO®
[ }
2

14141361361234123412468124681246812468124612124612
Railsym.Rail Asym. Rail = Asym. Rail Asymmet. Rail Asymmet. Rail Asymmet.
Delta  Summit Perlmutter Frontier DGX-A100 Auroa

Stanford University



Striping Micro-benchmark
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Irregular Micro-benchmark

Sparsity Patterns in X-ray imaging
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Hidayetoglu, et al., MemXCT: Memory-centric X-ray CT reconstruction with massive parallelization, SC19.
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Irregular Micro-benchmark

Application-Specific Communication (MemXCT) on Four Nodes
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Conclusions

* GPU networks have become hierarchical
e Group-to-group benchmarking is necessary

 Communication libraries have different behaviors across systems

* MPI is better in terms of latency
 NCCL is better in terms of throughput
e GPU-to-NIC associations are crucial

e Compositional micro-benchmarking

* Provides productivity in understanding performance implications
* Helps developing performant applications & libraries
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