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A Case for Sparsely Activated Model

• Models with more parameters perform 
better

• More parameters means more 
compute time

• “Mixture of Experts” sparsely activates 
model parameters, thus limiting 
computational requirement
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Mixture of Experts Intuition (From Geoffrey Hinton)
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Transformer to Mixture of Experts

• GPT-style LLMs have Attention blocks and FFN blocks

• Most MoE models implement the FFN layer as Mixture of Experts
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Number of Parameters in an MoE Model

• Essential computational budget is “same”+ as the dense model 
with one expert

•  
Attention: non-expert

FFN: expert

Frequency x num_experts
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Expert-Data Parallelism
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Comparing parallelization strategies from DeepSpeed-
MoE
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Tutel (An adaptive parallelization tool) with DeepSpeed
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Training Large Models with Tutel
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New model trend: Expert-specialized MoE

Popular expert-
specialized MoE models

DeepSeek-MoE
DeepSeek-v3

Qwen3-MoE

Conventional MoE vs. Expert-specialized MoE
More experts, smaller size per expert
More activated experts per token
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Challenges: Training on HPC platforms

• When training expert-specialized MoE using DeepSpeed-MoE…

• Other existing frameworks (e.g., Tutel, Megablocks): rely on NVIDIA 
ecosystem 

<10 TFLOPs when training with 64 GPUs on Frontier (AMD MI250X GPUs)

Cannot run on non-NVIDIA platform or suffer from inefficient port

Many popular HPC platforms are equipped with 
- non-NVIDIA GPUs
- hierarchical network topology
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Observation: All-to-all inefficiency

Zero-paddings in dense 
representations: large all-to-all 
overhead for expert-specialized 
MoE

Redundancy on inter-
node network caused by 
large k

Duplicated tokens may be sent to 
the same destination node when k 
is large:
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Observation: Memory bottleneck shift

• Lower model states usage 
• Higher activation memory usage (          +        )

Conventional MoE

Expert-Specialized 
MoE

Memory consumption with EP (GB per GPU)
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X-MoE

• Cross-platform: optimized with Triton, friendly to non-NVIDIA 
GPUs

• Designed for expert-specialized MoE features
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Padding-Free Token Buffers (PFT)

• Fully padding-free
• Optimized with hardware-agnostic Triton kernels

Advantages:
• Eliminate all-to-all overhead 

on paddings
• Memory-efficient
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Redundancy-Bypassing Dispatch (RBD)

• Eliminate redundant inter-node communication
• Use two-staged, inter-node then intra-node all-to-alls
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Sequence-Sharded MoE Blocks (SSMB)

• Hybrid parallelism combined with tensor-sharding (TP)
• Shard sequences in expert-specialized MoE block
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Evaluation

• Scales DeepSeek-style MoEs up to 545 billion parameters
• Up to 1.42x higher training throughput than baselines

256 GPUs 256 GPUs 256 GPUs 1024 GPUs
Conducted on Frontier (AMD MI250X 
GPUs, Slingshot interconnect)


