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1. Background and Motivation：The Computational Bottlenecks of MoE

•

BF16

Baseline



1. Background and Problem: Why Existing FP8-MoE Recipes Are Still Not Enough

💡

•

• in the Wgrad path, row-

wise FP8 activations must be dequantized, transposed, and requantized into column-wise FP8, which introduces double 

quantization error. 



2. Method: FP8-Flow-MoE

💡

12 → 2 +21% -16.5 GB

Convergence

≈ BF16 Baseline

1

1

2 2

33 4

5

1 2 3

4

5
1



3.

Keep the high-cost MoE path in FP8 whenever possible, while retaining BF16 only at necessary boundaries for stability.

• Quantize before dispatch, then keep dispatch → Permute 

→ GroupedLinear(Expert) in FP8

• Benefits: reduced cast overhead, FP8 communication, 

smaller FP8 buffers, and lower data-movement cost

⚡

• Grouped Linear 1 Activation nonlinear operations are 

sensitive to quantization noise

• Grouped Linear 2 Combine/Reduction reduction requires 

larger dynamic range and is more prone to overflow.

🛡️

1
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4. Scaling-aware FP8 Transpose
⚡



4. Scaling-aware FP8 Transpose (Micro-benchmark)

• Compared with the naive (dequantize → transpose → quantize) 

implementation, scaling-aware FP8 transpose operator up to 3x
speedup



5. High-Performance FP8 Kernels（Permute + Padding)

Fused Permute + Padding

• Fused permute+padding case, we observe up to 1.7× speedup

• Fused unpermute+unpadding kernel, the improvement reaches as 6.6×

⚡

•

🛡️
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🚀
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5. High-Performance FP8 Kernels(SwiGLU + Quant)

Fused SwiGLU + Quant

• In the forward pass, the fused kernel achieves 2.18× speedup. 

• In the backward pass, reaching 4×

⚡
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•

🚀

•

•
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6. Convergence Validation

Training loss on DeepSeek-V2-Lite (16B) Additional validation on Qwen3-30B-A3B

DeepSeek-V2-Lite is trained from scratch for 200B tokens; Qwen3-30B provides additional convergence validation



7. End-to-End Efficiency

TGS (vs BF16)

+16%
TGS (vs TE Blockwise FP8)

+21%
Peak Mem (vs BF16)

-8 GB
Peak Mem (vs TE Blockwise FP8)

-16.5 GB



• https://github.com/NVIDIA/Megatron-LM/pull/2764（Open）

• https://github.com/NVIDIA/TransformerEngine/pull/2544（Open）
• https://github.com/NVIDIA/Megatron-LM/pull/2763（Merged）
• https://github.com/NVIDIA/Megatron-LM/pull/4038（Merged）
• https://github.com/NVIDIA/TransformerEngine/pull/1921（Merged）
• https://github.com/NVIDIA/TransformerEngine/pull/2144（Merged）
• https://github.com/NVIDIA/TransformerEngine/pull/2026（Merged）
• https://github.com/NVIDIA/TransformerEngine/pull/1866（Merged）
• https://github.com/NVIDIA/TransformerEngine/pull/2547（Merged）


