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Research Motivation

HPC systems are evolving rapidly with: diverse GPUs, * Two-Level Allreduce Structure:
interconnects, multi-NIC per node for high throughput * Intra-node phase: use GPU kernels for
* Collective communication performance is critical. E.g.: ReduceScatter and Allgather, employ IPC to
Amber and heFFTe rely on Allreduce and Alltoall. access peer GPU buffers
* Existing GPU-aware MPI collectives are limited: * Inter-node phase: ranks with same local rank
* Mostly CPU-centric designs for inter-node (no intra- form leader groups, each group runs a
node, such as GPU kernel, optimization) second-level Allreduce ‘ ' - v /| 1 ’
* Underutilize GPU Direct RDMA and GPU compute * Persistent GPU buffer
capabilities * Early-triggered and pipelined optimization
* Divide data into num_chunks

Design of the Multi-leader Two-level Allreduce Algorithm
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Dataflow of the proposed multi-Leader two-Level Allreduce algorithm

Research Challenges

Multi-leader Two-level Alltoall Algorithm
What strategies are needed to design a high-performance

GPU-aware MPI Allreduce and Alltoall inter-node operation? ¢ Push Algorithm:
* What approaches can further optimize throughput? * Steps: . : Rani
* Can we develop unified designs compatible with modern * Each rank pushes data directly to the Rank 0

heterogeneous CPU, GPU, and interconnect systems? GPU buffers of peers (via IPC) _ -

* After all intra-node pushes finish, leader  \oge1 —
* Limitation: No overlap possible due to \ 1\

Persistent GPU buffer: avoid CPU staging sync barrier between phaSGS First-levellntr'a-node Phase Second-level Alltoall Phase (Pairwise Algorithm)
* Two-level hierarchy (intra + inter node): leader-based * Ppull Algorithm: .

communication to isolate fast local ops from slower inter- e Steps: Alltoall Push Algorithm

node transfers * Inter-node Irecv launched early for each S
* Multi-leader strategy: overlap intra-node (ReduceScatter) seer Node o

with inter-node (Allreduce), and then intra-node (Allgather) * Intra-node Pull: use IPC to copy required _ Ranko :
* Unified for Allreduce and Alltoall segments into a persistent GPU buffer " Rank3 . 1 1 °

* Diverse GPU vendors: NVIDIA, AMD, Intel | * Once ready, launch Isend tode ! 7 fenez

* Diverse networks: Infiniband, Slingshot, Omni-Path * Enables fine-grained overlap of intra- and ‘ ’

* Multiple algorithms: RD, RSA (Allreduce) and Pairwise,
Scattered (Alltoall)

inter-node stages

Can be overlapped

Alltoall Pull Algorithm

Experimental Setup

Benchmark-level Performance Evaluations - Allreduce
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Benchmark-level Performance Evaluations - Alltoall Application-level Performance Evaluations — Amber (Allreduce)
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Conclusion

Application-level Performance Evaluations — heFFTe (Alltoall)

* We proposed unified, GPU-aware, and multi-rail-optimized MPI collectives.
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