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Abstract Evolution of Sequential Learning
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hardly fits the edge devices

- Our contributions ]
- devise the routine for the partition based EXperlmental Set-up

algorithm, Forward Propagation Through

Time(FPTT) at the edge t
: CL?teo(mized) éhipjaerdfa;jaﬁaer?ﬁ;gy - Sequential MNIST task, T=784; 4 samples as fine-tuning - FireSim with AMD UltraScale+ VCU118 for

system for the routine to achieve further . tiny model at the edge: 128x10 (LSTMxFully Connected) architecture simulation
efficiency and trade-off options . partition the sequence into K parts: 1,2,7,14,28,56 - NVIDIA GPU L4 and V100 for baseline

Customized embedded platform

Two customizations applied:
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- For the cluster in Figure 4, a benchmark of larger K, i.e., finer partition over a sequence leadstoa

Figure 3. Effect of Gemmini Compression slight latency increase but significant memory saving.
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Figure 4. Latency and Memory of FPTT benchmarks of six K values on ten architectures (All MS-C are normalized to 500MHz)
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