Joint MoE Scaling Laws: Mixture of Experts Can Be Memory Efﬁment
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Motivation Rule of Thumb

Joint Scaling Law
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Depending on the task, we can see positive, negative, or no

Total-Parameter-Matched Dense Model impact of MoE given the same pretraining perplexity. Generally,

task performance correlates strongly with pretraining loss. Low
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« Runs: 270 unique training mstances

- : Experts expansion rates behave more like dense models.
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Assuming a fixed compute budget, increasing experts means 2.6 * LR scaled optimally for each configuration

you should decrease N, and increase D. See Table 1.
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Table 1. Compute-optimal settings.
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3. More experts — better performance.

For a given compute budget, increasing the number of experts
always improves performance, provided the size of the model
and the number of training tokens are adjusted.

Savings from switching to MoE
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