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CPU Pool GPU Pool NVMe Pool HDD Pool

File System

Block Storage
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GPU Direct Storage& & 5 L)
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GPU Direct Storage

pread (fd, cpubuf, 8192, 9);

GPU Memory
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cudaMemcpy(gpubuf, cpubuf, 8192,
cudaMemcpyHostToDevice) ;

Local or
‘ﬁé;E@7 7*1’)[»‘/17_-!_\7’7121 remote
storage
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GPU Direct Storage

cuFileRead(fd, &gpubuf, 8192, @, 0) GPU Memory
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GDS vs Persistent Caching Dataset
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