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Introduction Results: GDS W/R via various Transfer Types
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- New technologies (e.g., GPUDirect Storage and NIXL library) allow . For read, GPU_DIRECT performs best due to cached metadata
direct GPU-Storage data transfer, bypassing CPU bounce buffer

- However, limited research assessing the practical benefits of GDS Results: GDS W/R via various Batch Sizes & Threads
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- W/o GPUDirect (Fig.3), data movement require 3 steps: 3. 5, s
1. Load data from storage to DRAM (i. e., Host Mem.) = = z >0
2. CPU copies data from DRAM into GPU Mem. via cudaMemcpy () API . 2- 2.5 -
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- W/ GPUDirect (Fig.4), data movement only need 2 steps:

1. GPU kernel exposes GPU buffers to Storage devices when applications call
cuFileRead/cuFileWrite API

Figure 9: Read with Threads=1 Figure 10: Read with Threads=2 Figure 11: Read, Threads=[1,2,4]

2. Data are directly transferred from storage to GPU buffers via DMA mechanism - Multiple threads improve large /O BW (>=1M) but minimal impact
on small I/O (Fig.8, Fig.11)
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- Platform: Chameleon cloud, A node with 1 AMD 64-Core CPU,

256GB DRAM, and 1xNVIDIA A100-PCIE-40GB GPU Results: NIXL Write/Read with GDS

- Software: CUDA 12.9; nvidia-fs 2.25 kernel; ext4 file system GPU Direct Write (bs=1) GPU Direct Read (bs=1)
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GPU_BATCH Synchronously batches multiple 1/O requests in one batch A 0 Size > 0 Size
GPU_BATCH_STREAM |Asynchronously batches I/O requests via CUDA streams Figure 14: NIXL Write with various threads Figure 15: NIXL Read with various threads
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