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gpt-3.5-turbo
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anthropic.claude-vl

anthropic.claude-v2

gemini-pro

stabilityai/StableBeluga2
mistralai/Mixtral-8x7B-Instruct-v0.1
tokyotech-llm/Swallow-70b-instruct-hf
stabilityai/japanese-stablelm-instruct-beta-70b
tokyotech-llm/Swallow-13b-instruct-hf
tokyotech-llm/Swallow-7b-instruct-hf
rinna/nekomata-14b-instruction
stabilityai/StableBeluga-13B
stabilityai/StableBeluga-7B
elyza/ELYZA-japanese-Llama-2-13b-instruct
meta-llama/Llama-2-70b-chat-hf
llm-jp/llm-jp-13b-instruct-lora-jaster-v1.0

llm-jp/llm-jp-13b-instruct-full-jaster-v1.0
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Model Size (# Parameters) Training Tokens
LaMDA (Thoppilan et al., 2022) 137 Billion 168 Billion
GPT-3 (Brown et al., 2020) 175 Billion 300 Billion
Jurassic (Lieber et al., 2021) 178 Billion 300 Billion
Gopher (Rae et al., 2021) 280 Billion 300 Billion
MT-NLG 530B (Smith et al., 2022) 530 Billion 270 Billion
Chinchilla 70 Billion 1.4 Trillion
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[Hoffmann et al. 2022 arXiv:2203.15556]
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Accurate, Large Minibatch SGD:Training ImageNet in | Hour
https://arxiv.org/abs/1706.02677
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[https://arxiv.org/abs/1811.06965] Layer 1 Layer 2 Layer 3 Layer 2 Layer 1
) = forward forward backward backward backward

- PipeDream : FE[GIHA
[https://arxiv.org/abs/1806.0337/]
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[https://arxiv.org/abs/2104.0447 3] activations activations activations errors errors ¥
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- Chimera : WAMRI/INA 72140
[https://arxiv.org/abs/2107.06925]

- ZeroBubble : Backward
DWW & XD Z= 7T 5

[https://arxiv.org/abs/2401.10241]
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Y= Self-Attention(X)
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(b) Self-Attention.

Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM
https://arxiv.org/abs/2104.04473
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3-D Parallelism
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