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StreamTensor Evaluation Results on LLMs

Ours Allo [15] (Ratio of ?ﬁ{ ~ DFX [29] (Ratio of g:;rxs
[Input Len: - Soeed — - — — - Sooed 0.64x Latency and 1.89x Speed vs. NVIDIA A100
Output Len] atency TF1 pee atency TF1 pee atency TF1 pee
(ms)  (ms) (token/s) (ms) (ms) (token/s) (ms) (ms) (token/s) 0.76x Latency and 1.06x Speed vs. SOTA FPGA Accelﬁrator
Improved Design Productivity and Flexibility 4
[32:32] 194.99 34.59 199.51 238.32(0.82x) | 81.50 (0.42x) | 204.05(0.98x) | 350.00 (0.56x)  177.20 (0.20x)  185.19 (1.08x) P g y y
[64:64] 358.24  61.27 215.51 476.64 (0.75x) | 162.99 (0.38x) | 204.05 (1.06x) | 694.70 (0.52x)  349.10 (0.18x)  185.19 (1.16x)
[128:128] 696.65  125.35 224.05 953.28 (0.73x) | 325.98 (0.38x) | 204.05 (1.10x) | 1384.00 (0.50x) 692.80 (0.18x)  185.19 (1.21x) . StreamTensor outperforms FPGA LLM accelerators, Allo and DFX, on
Geo. Mean - - - 0.76x 0.40x 1.06x 0.52x 0.19x 1.17x . As an ADL, Allo follows the traditional dataflow accelerator design
paradigm, demanding manual efforts for all the dataflow components
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