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Today
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Tensor Slicing Model Parallelism
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Data Parallelism
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• Partitions a training minibatch across 
multiple devices

• Linearly scalable

• Slicing activation only

• Does not help with excessive model 
size



Large Models Require Large Memory
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• Training >> Inference

• Adam >> SGD

• Larger minibatch

• More parameters

• …

Question: How do we speed up 
training or simply enable training?



Megatron-LM
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• Paper: https://arxiv.org/abs/1909.08053

• Repo: 
https://github.com/NVIDIA/Megatron-LM

• NVIDIA’s framework, released in 2019, for 
efficiently training large-scale language 
models

https://arxiv.org/abs/1909.08053
https://github.com/NVIDIA/Megatron-LM


Motivation
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Motivation: Why Megatron?
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Training larger transformer-based 
language models became an important 
way to advance SoTA NLP applications.

Unsupervised language models such as 
GPT-2, BERT, and XLNet demonstrate 
the power of scaling language models 
trained on a huge corpus.

Nvidia DGX boxes optimized for deep 
learning provides a unique opportunity 
for training very large models.



Model Parallelism
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Inter-layer (Pipeline) parallelism
- Split sets of layers across multiple 
devices
- Layer 0, 1, 2 and layer 3, 4, 5 are on 
different devices

Intra-layer (Tensor) parallelism
- Split individual layers across multiple 
devices
- Both devices compute different parts 
of layer 0, 1, 2, 3, 4, 5
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Complementary Types of Model Parallelism
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Inter + Intra Parallelism



Tensor Parallel: Parallel GeMM
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Tensor Parallelism
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Tensor Parallelism
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Approach and Goals
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• Tailored for transformer networks

• Transformer layer
• Self-attention block

• Two-layer MLP

• Targets:
• Reduce synchronization cost

• Simple to implement with a few highly 
optimized collectives NCCL provides



Tensor Parallelism: MLP
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Shape(Y)=[B,S, 4H]
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Shape(Y)=[B,S, 4H]

Shape(Y) = [B, S, 4H]!



Tensor Parallelism: MLP
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Tensor Parallelism: Self-Attention
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Tensor Parallelism: Self-Attention
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Question: What if we have more GPUs than the number 
of heads?



Tensor Parallelism: Self-Attention
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Tensor Parallelism: Communication Cost
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• 4 total communication operations in 1 forward + backward pass



Experiments
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Experiments: Scalability

G R A I N G E R  E N G I N E E R I N GC O M P U T E R  S C I E N C E
31

• GPT-2: 1B-8B

• Hidden size: 1536-3072

• Parameters/GPU: ~1.B

• Weak scaling@512 GPUs: 74%



Experiments: GPT-2
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Experiments: Megatron-BERT
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• Scaling BERT to larger sizes is also possible

• Reordering residual connections to stabilize training

• Megatron-BERT 3.9B, 12x larger than BERT-Large, over 2    
million iterations @ batch size 1024



Experiments: SQUAD & RACE
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Questions?
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