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Existing Distributed MoE 
implementations leave significant 

performance on the table!
Claim
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Challenge 1: GPUs are idle for up to 90% on average!

⟷
>90% idle
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Challenges 2&3: Inefficient Communication And Lack of Task Locality
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Missed opportunity  
to start compute early 

Missed opportunity  
to start compute early 

Challenges 2&3: Inefficient Communication And Lack of Task Locality
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Kernel fusion: 

- eliminates kernel launch overheads.


- unlocks fine-grained overlap of 
communication.


- exploits data locality: eliding unnecessary 
HBM roundtrips.


- enables low-latency, high-bandwidth GPU-
initiated communication.


- expands the design space for communication 
and compute optimizations.


- offloads task dependency management to the 
GPU, making implementations very difficult  

Kernel Fusion To Tackle DMoE inefficiencies 
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👍

Key Challenge: How do we 
implement lightweight task 

management for a completely  
fused DMoE kernel? 



FlashMoE
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The Novelty of FlashMoE
All at blazing speed!

☞ First to fuse all DMoE communication and computation into a single kernel 

☞ First in-kernel, actor-style OS with work-conserving scheduling


☞ Formalize task abstraction for tile-level parallelism


☞ Introduces a provably correct, non-blocking layout for inter-GPU PGAS
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Task Abstraction
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t = (ℳ, ⋆ ,ϕ)
Task  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operator Activation



Symmetric Tensor Layout
Non-blocking indexing
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Evaluation
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Experimental Setup

☞ 4 Baselines: COMET, Megatron-[CUTLASS, TE], FasterMoE


☞ Flash: FP32, baselines: FP16.


☞ Testbed: 8 NVLink H100 RunPod VM.


☞ All results: averaged across 32 runs and preceded by 32 warmups


☞ Only forward pass
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What we Evaluate

☞ GPU Utilization


☞ E2E Latency


☞ Experts Scalability


☞ Communication Efficiency
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FlashMoE eliminates DMoE launch overheads!
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FlashMoE achieves 9x higher GPU Utilization!
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FlashMoE is 4.8x faster on 4 GPUs
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FlashMoE is 6x faster on 8 GPUs!
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FlashMoE has uniform latency as experts increase!
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FlashMoE has uniform latency as experts increase!
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FlashMoE gives > 89% Communication Efficiency, 4x higher than baselines!



Conclusion
Complete DMoE Kernel Fusion

FlashMoE gives:


- 9x higher GPU utilization


- 6x faster E2E latency


- Constant expert scalability


- 4x better communication  
efficiency 
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