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AllGather operation: each rank receives the aggregation of data from all ranks in the order of the ranks.
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- combing REPUCE-SCATTER w/ Al-gather

ReduceScatter

The ReduceScatter operation performs the same operation as Reduce, except that the result is
scattered in equal-sized blocks between ranks, each rank getting a chunk of data based on its rank

index.

The ReduceScatter operation is impacted by a different rank to device mapping since the ranks

determine the data layout.

irank0 { rank1 | rank 2 | rank 3 | irank0 { rank1 | rank 2 | rank 3 |
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out3

outY[ﬁ = sum(iﬁX[Y*couﬁHi])

Reduce-Scatter operation: input values are reduced across ranks, with each rank receiving a subpart of
the result.
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All-reduce as a combination of reduce-scatter and all-gather. The standard all-reduce operation to
aggregate gradients can be decomposed into two separate phases: reduce-scatter and all-gather.
During the reduce-scatter phase, the gradients are summed in equal blocks among ranks on each
GPU based on their rank index. During the all-gather phase, the sharded portion of aggregated
gradients available on each GPU are made available to all GPUs (see here for details on those
operators).
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Model size table: CMU 15-442 Lecture on ML Parallelization Part 1 led by Zhihao Jia and Tiangi Chen
Adam optimizer method screenshot: Kingma and Ba, “Adam: A Method for Stochastic Optimization”,
2014, https://arxiv.org/abs/1412.6980.

Mixed precision training: Mixed Precision Training. Narang, et al. https://arxiv.org/pdf/1710.03740.pdf
General Information about ZeRO: ZeRO: Memory Optimizations Toward Training Trillion Parameter
Models. Rajbhandari et al. https://arxiv.org/pdf/1910.02054.pdf

ZeRO diagram: From ZeRO paper (above), taken from Azalia’s slides

All-gather image: NCCL documentation

Meta FSDP Article: https://engineering.fb.com/2021/07/15/open-source/fsdp/

Reduce-scatter image: NCCL documentation

All-reduce = reduce-scatter + All-gather: Meta Article

Model-Parallelism Diagram: Azalia’s slides

Tensor-Parallelism Diagram: Azalia’s slides

Breakdown of tensor-model parallelism of partition and reduce: CMU 15-442 Lecture on ML Parallelism
Part 2

Combined Data and Model Parallel: CMU 15-442 Lecture on ML Parallelism Part 2

Vertical Model Parallel Utilization Diagram: Pipedream paper

Gpipe Utilization diagram: Pipedream paper

Pipedream 1F1B diagram: Pipedream paper

Megatron LM: https://arxiv.org/pdf/2104.04473

General Lecture Flow:
CMU 15-442 Lecture on ML Parallelization Part 1
CS 229s 2023, Lecture on Parallelism Fundamentals, Given By Azalia Mirhoseini
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