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LLM Checkpointing – Megatron-LM Deployment Model
GPT-3 175B Parameter Model – Example for 128 DGX Superpod (4 DGX-H100 SUs)

• Model Size Exceeds GPU VRAM
• GPT-3 is ~350 GB (2 bytes/parameter)
• Gradients, optimizer state etc increase in-mem state 

size by 7x
• Model Is Very Deep (~90 Layers)

• Tensor Model Parallel
• Shard Model Across 8 GPUs In A DGX

• Pipeline Parallel – N DGXs in a Pipeline Parallel Group
• N=16 typically for GPT-3 sized models

• Data Parallel Across the pipeline parallel groups

https://arxiv.org/pdf/2104.04473.pdf

ONLY ONE PIPELINE PARALLEL GROUP of GPUs NEED TO BE CHECKPOINTED
RESTORE NEEDS ALL GPUs TO BE REPOPULATED

Generative AI 2



https://shorturl.at/gmzZ7

The LLM Checkpointing Sizer

https://shorturl.at/gmzZ7


L L M  C H E C K P O I N T I N G  I N  
P R A C T I C E
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H I E R A R C H I C A L  C H E C K P O I N T I N G
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I S N ’ T  T R A I N I N G  R E A D -
H E AV Y ?
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Shared storage

T R A I N I N G  M O D E L S  W I T H  A N  
I N T E R M E D I A T E  C A C H E

shard0 shard1 shard2 shard3 shard4 shard5 shard6 shard7

GPU node GPU node GPU node GPU node

all training data

Accelerator

InfiniBand Cluster

50 GB/s

500 GB/s

shard0 shard1 shard2 shard3 shard4 shard5 shard6 shard7shard0 shard1 shard2 shard3 shard4 shard5 shard6 shard7



T R A I N I N G  W I T H  C L I E N T - S I D E  
A C C E L E R A T I O N
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M O D E L  L O A D I N G  F O R  
I N F E R E N C I N G



L O A D I N G  M O D E L S  D I R E C T LY  
F R O M  S H A R E D  S T O R A G E

GPU node GPU node GPU node GPU node

50 GB/s

Shared storage copy0copy1copy2copy3model

InfiniBand Cluster

model data (e.g., 500 GiB)



Shared storage

H I E R A R C H I C A L  M O D E L  L O A D I N G
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W H E R E  D O E S  H I E R A R C H I C A L  
D A T A  M O V E M E N T  B R E A K  D O W N ?

Multimodal models that train on 
low-density data modalities

Services built around inferencing 
that rely on state or external 

data



C O N C L U S I O N

• We Challenge One-Size-Fits-All Advice

• Let the data drive what performance and 
capacity requirements LLMs really need 
to handle Checkpointing

• Advocate for decisions based on data, 
not dogma

• Understanding LLM Behavior

• Emphasizes calculating LLM behavior 
from first principles and real data

• Rejects rationale-less guidance for LLM 
training requirements



R E F E R E N C E S
Academic References and Their Online Sources

Author(s) Year Source Link

He et al. 2023 Link

Narayanan et al. 2021 Link

Dash et al. 2023 Link

Kaplan et al. 2020 Link

Hoffmann et al. 2022 Link

Maurya et al. 2023 Link

Wang et al. 2023 Link

https://arxiv.org/html/2401.00134v1
https://arxiv.org/abs/2104.04473
https://arxiv.org/pdf/2312.12705v2
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2203.15556
https://hal.science/hal-04119928/document
https://www.cs.rice.edu/~eugeneng/papers/SOSP23.pdf
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