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FldgeYe | llaile)al[Separate management of training and inference cluster.] [Elastic scaling of distributed training jobs.]
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I35 dgeYe Vlaiale)a] Mixture-of-Experts (MoE): a popular way to curb the computation cost of deep learning models. Sell Adtention Self Attention Sell Attention
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[MoE in language models] MoE layer replaces the FFN layer in Transtormer. It consists of multiple FFNs as experts, and a ‘ ‘ | G;te ‘ E)GVN”T | G;te
gating network. The gating network dispatches the token to a small number of experts (top-1, top-2). T Alltoall [
[Distributed MoE] Data parallelism and expert parallelism are applied. It allocates one unique GPU for each expert and ﬁ “Allioal ?N'l
use all-to-all to exchange tokens. Add & Norm "Add & Norm |

\Y[Fe}d\VZz11le]3) All-to-all is the bottleneck in distributed MoE. But why?

[Skewed expert popularity] Token-to-
expert distribution in inference is purely

[Synchronous all-to-all with large data transfer] [Prolonged all-to-all with allreduce]
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Lina prioritizes all-to-all and avoids concurrent execution with allreduce with Design Lina replicates popular experts on proportionally more devices to balance the
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[Pipelining micro-ops] Pipeline the expert computation and all-to-all micro-ops, e Estimate with patterns profiled during training
because the FFN computation is in token granularity. b. Low-overhead fine-tuning on actual routing decision
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