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Hierarchical sample locator allows for multiple caching opportunities for
sample reuse across epochs. Thisimproves performance by up to 55x.
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cache, thereby increasing I/0 throughput in HPC systems.
.+ DYAD boosts inter-node access speeds by using a novel Novel Data Movement Protocol (Streaming RPC over RDMA)
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« Streaming RPC Protocol allows light weight request with multiple responses to
efficiently manage bulk RDMA calls.
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e Data is read using asynchronous workers using a task-based runtime.
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File-Sample Distribution accelerate data movement in DL workloads by 2.5x

. DYAD increases locality of sample for DL training optimizing MuMMI
and Unet3D by up to 10.82x on Corona.

* Request for same files across multiple samples are coordinated by using fs locks.
* Levels of sample access from DMD allows DYAD to optimize data movement by 8.78x.
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e Different scientific domains have different distribution of samples
within file system.
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