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e Collective communication — all-reduce, reduce-scatter, all-gather & all-to-all; @ i @
bandwidth-optimal ring and latency-optimal tree algorithms; NCCL and in-network \ all-reduce J
SHARP. (=) ]
e ML parallelism strategies — data & sharded-data parallelism (ZeRO / FSDP2), plus tensor, @
pipeline, sequence, context, and expert parallelism. rslescter e
® Hybrld 5D paraIIeIism & GPU-initiated comm — composing DP x TP x PP x CP x EP; Ring all-reduce: the collective that maps onto the fast intra-node fabric

NVSHMEM / IBGDA, CUDA-aware MPI, and the torch.distributed stack.

e Multi-GPU & multi-node hardware — NVLink / NVSwitch, InfiniBand (NDR / XDR) &
RoCE, GPUDirect RDMA,;

e ML Case studies — Megatron-Core 5D training, DeepEP MoE all-to-all dispatch, and vLLM
distributed inference. ik oper,per GPU)

5D Parallelism - mapped onto the interconnect hierarchy

Intra-node NVLink outpaces inter-node InfiniBand by ~20-40x
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NVLink 5 (Blackwell, per GPU) 1,800 GB/s
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Toolchain: PyTorch (FSDP2 / torch.distributed) - NCCL & NVSHMEM - CUDA-aware MPI o __ _,

- multi-node GPU clusters

ifiniBand XDR (per port) $4 100 GB/s
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- DP - gradient all-reduce - finiBand NDR 1)1 50 GB.
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PyTorch + CUDA C++ - distributed systems-intensive
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@@ TP — intra-node, NVLink (fast) [0 PP —inter-node, InfiniBand  [lll DP — across replicas

+ CP shard the sequence dimension across the TP group for ultra-long context

+ EP route MoE experts across GPUs via all-to-all dispatch / combine



	Slide Number 1

