MegaScale: Scaling Large Language Model Training
to More Than 10,000 GPUs
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Large Language Model (LLM) Applications

e conversational agents
e code development
e content creation



The power behind LLMs is scaling
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Compute required to train an LLM

C=1T = 6ND

T cluster’s effective throughput
T: training time
N: model size (#parameters)

D: dataset size (#tokens)



Challenges

e Achieve high training efficiency at scale
o LLM training is not embarrassingly parallel
o communication and many other factors contribute significantly to
the efficiency

e Achieve high training stability at scale
o the trainining duration can extend beyond months
o failures and stragglers are the norm for LLM training



Our solution — MegaScale

e Achieve high training efficiency at scale

o Algorithmic optimizations
Communication overlapping in 3D parallelism
Training data preprocessing and loading
Collective communication group initialization
Network performance tuning

O o O O

e Achieve high training stability at scale



Overlapping in tensor/sequence parallelism
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Overlapping in data parallelism (with ZeRO)
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Scatter Params
_ A A
Data 0 | |
——— sync grads gather params
Data 1 | |
I \ 4 Y
Moc!el Forward » Backward > Reduce- > Update » All-Gather
Replica Scatter Params




Overlapping in pipeline parallelism
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Our solution — MegaScale

e Achieve high training efficiency at scale

o Algorithmic optimizations
Communication overlapping in 3D parallelism
Training data preprocessing and loading
Collective communication group initialization
Network performance tuning
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e Achieve high training stability at scale
o Robust training framework
o Fast checkpointing and recovery
o Monitoring and analysis tools
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Robust Training Workflow
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Deployment Experience

e Training performance
e Training stability

e Problems discovered and fixed
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Training Performance

Strong-scaling training performance for the 175B model over 300B tokens compared to Megatron-LM.

Batch Size Method GPUs | Iteration Time (s) iltlcr)igﬁlsllzl)lt Tral?égss";“lme MFU z?)%:glf:;iaze

256 40.0 39.3k 88.35 53.0% 433
Megatron-LM 512 21.2 74.1k 46.86 49.9% 717.6

768 15.2 103.8k 3345 46.7% 111.9

768 1024 11.9 132.7k 26.17 44.7% 131.9
256 32.0 49.0k 70.86 65.3%(1.23x) 52.2

MegaScale 512 16.5 95.1k 36.51 63.5%(1.27x) 101.4

768 11.5 136.7k 25.40 61.3%(1.31x) 146.9

1024 8.9 176.9k 19.62 59.0%(1.32x) 188.5

3072 29.02 433.6k 8.01 48.7% 466.8

Megatron-LM 6144 14.78 851.6k 4.08 47.8% 916.3

8192 12.24 1027.9k 3.38 43.3% 1106.7

6144 12288 8.57 1466.8k 2.37 41.2% 1579.5
3072 23.66 531.9k 6.53 59.1%(1.21x) 566.5

MegaScale 6144 12.21 1030.9k 3.37 57.3%(1.19x) 1098.4

8192 9.56 1315.6k 2.64 54.9%(1.26 x) 1400.6

12288 6.34 1984.0k 1.75 55.2%(1.34x) 2166.3
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Training stability
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Problems discovered and fixed

e Computational stragglers

e MFU decreasing
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Summary of MegaScale

e Achieve high training efficiency at scale
o Algorithmic optimizations
o Communication overlapping in 3D parallelism
o Training data preprocessing and loading
o Collective communication group initialization
o Network performance tuning

e Achieve high training stability at scale
o Robust training framework
o Fast checkpointing and recovery
o Monitoring and analysis tools

A qithub.com/volcengine/veScale
veScale
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http://github.com/volcengine/veScale

Large Language Models (LLMs)
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