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Al Needs Memory Bandwidth: Example Al Hardware on the Market Memory System Comparison: 256GB/s GDDR6 vs. HBM2
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GDDR6 and HBM?2 offer different system design tradeoffs

Multiple options suited to different needs

256GB/s GDDR6 Memory System 256GB/s HBM2 Memory System Summary/Conclusion
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 Memory bandwidth a critical resource for Al applications, memory
systems are once again a hot topic in the semiconductor industry
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