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Azure Conversation Input Tokens - CDF
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CPU RAM GPU GPUTDP FP32 TFLOPS Bfloat16 TFLOPS
256xAMD EPYC 7763 1TB Nvidia RTX A6000 300W 38.7 -
128xAMD EPYC 7513  500GB  Nvidia RTX A6000 Ada 300W 91.1 -
128xAMD EPYC 7763 1TB Nvidia RTX A100-80 GB 300W 156 312
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