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Scaling for Large Language Models
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• LLM Applications

• conversational assistants

• code development

• reasoning

• tool-augmented agents
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Mixture-of-Experts (MoE)
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Communication Bottleneck 
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Communication Bottleneck 
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2. Hardware evolution & low-precision training 
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Communication takes 43.6% of the forward pass time and 
32% of the entire training time for an internal model



Our solution: MegaScale-MoE
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• Communication-efficient parallelism 
• Reduce communication volume by choosing better parallelism strategies

• Communication-computation overlap
• Hide the communication latency through operator scheduling and fusion

• Communication compression
• Compress bandwidth cost by lowering communication precision while 

preserving convergence



Our solution: MegaScale-MoE

8

• Communication-efficient parallelism 
• Reduce communication volume by choosing better parallelism strategies

• Communication-computation overlap
• Hide the communication latency through operator scheduling and fusion

• Communication compression
• Compress bandwidth cost by lowering communication precision while 

preserving convergence



Communication-Efficient Parallelism
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Sequence Parallelism for Attention
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(b) DeepSpeed Ulysses 
Sequence parallelism.

(a) Megatron-LM 
Tensor parallelism.

(c) Megatron-LM 
Context parallelism.
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Expert Parallelism for FFNs
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(b) EP Implementation in MegaScale-MoE when top-k > n.

Communication volume: 2𝑘/𝑛×𝑏𝑠ℎ(𝑛−1)/𝑛 for EP vs. 2𝑏𝑠ℎ(𝑛−1)/𝑛 for TP
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• Communication-efficient parallelism 
• Reduce communication volume by choosing better parallelism strategies

• Communication-computation overlap
• Hide the communication latency through operator scheduling and fusion
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• Compress bandwidth cost by lowering communication precision while 

preserving convergence
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Communication-Computation Overlap
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(a) Forward pass of a MoE layer.

(b) Backward pass snippet with activation rematerialization.

Stream0

∆ffn_out

All-Gather

RMSNorm(R) SiLU(R)

∆fc2_outln2_in fc1_out
fc3_out fc2_in

∆fc2_in

GroupedGEMM'FC2Stream1 Scatter

All-Gather(R)

Op(R) Recomputed operator

ln2_out

Comm(R) Reperformed communication

• Inter-operator
• w/o data dependencies
• reordering/scheduling

• Intra-operator
• w/ data dependencies
• fusing



15

Inter-operator overlap

• Holistic Scheduling
• Fine-grained control over resources to minimize interference

• Selective Activation Rematerialization
• Minimal activation memory usage with no training performance 

degradation
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(b) Backward pass snippet with activation rematerialization.
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• Communication-efficient parallelism 
• Reduce communication volume by choosing better parallelism strategies

• Communication-computation overlap
• Hide the communication latency through operator scheduling and fusion

• Communication compression
• Compress bandwidth cost by lowering communication precision while 

preserving convergence



Evaluation
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• Training Performance
• Performance Breakdown
• Effectiveness & Additional Overhead of Communication-

Efficient Parallelism
• Effectiveness of Inter-Operator Overlap 
• Effectiveness of Intra-Operator Overlap
• Effectiveness of Data Parallelism Communication 

Compression



Training performance
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1.65-1.88x higher training throughput for the 352B MoE model 
compared to Megatron-LM



Performance breakdown
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MegaScale-MoE consistently improves MFU by nearly eliminating 
exposed communication across different GPU platforms



Deployment Experience
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• Training loss curve on >10,000 GPUs for training a 200B-A20B MoE model

• MoE training requires holistic optimization beyond attention and GEMMs, 
including routing, dispatch/combine, and operators with dynamic shapes.



Conclusion
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• Communication is a key bottleneck in large-scale MoE training

• MegaScale-MoE: production-grade efficient MoE training system
• Communication-efficient parallelism
• Communication-computation overlap
• Communication compression

• MegaScale-MoE achieves up to 1.88x higher throughput compared 
to Megatron-LM and is deployed in production

Thank you!
chaojin@pku.edu.cn


