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» BRAM estimation
L Challenge & Contribution ] Fixed Primitive Minimum Area Low Power

The core builds the memory by use the fewest resources while maximizing the minimum number of
concatenating this single primitive type in performance by block EAM primitives are enabled during a
width and depth. [e..jugmg gutput multiplexing Read or Write operation.
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» Users can adjust the alpha value based on different applications to give
more weight to accuracy.
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Impact of tile size
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bandwidth of RAM efficiency
Brﬂc! B_ff.ra. Fre .
quency | Power | Throughput | Efficiency
1,12 2,24 4,48 8,96 16,192 Work | Model Board ' Mhzy | W) | (GOPS) | (GOPS/W)
BRAM 73.96% 7626% 69.44% 53.08% [9080%) | FTRANS | RoBERTa VCUI18 | N/A 25 170 6.8
DSP 10.28% 15.69% 26.48% 47.57% _89.27% ViA ST Uso 1300 % 3006 o4
LUT 12.19% 17.09% 23.57% 38.32% _ :
FE 3.30% 4.15% 6.34% 9010% 16.41% SwiftTron | DeiT-S ASIC 143 33.64 | 407 12.09
URAM 30% 30% 30% 60% 60% SWAT Swin-T U350 200 14.35 | 301.9
Interval (ms) 12.54 6.27 3.136 1.56 0.78 7.16 7161 | 166.27
Power (W) 1203 14332 1823 2832  51.203 NDT o 056 30877
Latency (ms) 36.87 18441 922 46l Ours =2 | USSC 1200 ' ‘
WNS 0.189 0041 0031  -0.038 DeiTeT | 448 18.23 | 781.15
Efficiency (GOPS/W) 16.2406 272641 42.8552 554560 61.3446 8,96 2832 | 1563.67

Impact of alpha and temperature range
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