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Abstract Perplexity: Learning Rate Ablation Results Memory Savings and Downstream tasks
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Fig 3: Comparison of total memory utilization across all 64

Learning Rate Learning Rate GPUs between AdamW and Eve for LLI.LMs

Fig 1: Final validation PPLs across different learning rates and optimizers for two models after 200K steps

Eve: A Memory Efficient Optimizer

Zero-shot Evaluation of GPT2-124M Zero-shot Evaluation of GPT2-350M
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