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ML computations are increasingly communication bound

* Model sizes increasing ~10X / year

* Need to distribute computations for
both inference and training

Villalobos et al. ‘22



Collective Communication
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Implementing Communication Kernels

Algorithmic choices Implementation choices

Ring Tree Hierarchical 11l RRRN
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Route data Maximize parallelism
Distribute compute Maximize link utilization
Latency vs bandwidth Minimize launch + synch overheads
Intra- vs inter- node Deal with relaxed consistency, deadlocks, ...

image: Flaticon.com



Synthesizing Optimal Collective Algorithms [PPoPP “21]

Pareto optimality: minimize latency (bandwidth) for a given bandwidth (latency) cost

* Split input into c chunks

e Bound routing steps s

e Search (with z3) for algorithms

e Pareto frontier can be generated
by minimizing s for various c
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Speedup
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MSCCL [ASPLOS ‘23]

NVIDIA NCCL

Pythonic chunk-oriented DSL
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All-Reduce on 8xA100
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& microsoft / msccl ' Public

Microsoft Collective Communication Library

MSCCL e
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