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Recurrent Neural Network
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Recurrent Neural Network
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Long Short-Term Memory
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Long Short-Term Memory

Input Gate

Wxi & Whi

Cell Gate

Wxc & Whc

Wxf & Whf

Forget Gate

it
ft

xt ht-1

𝒄t

𝒄𝒕 = tanh (𝑾𝒙𝒄𝒙𝒕 + 𝐖𝒉𝒄𝒉𝒕−𝟏 + 𝒃𝒄)



8

Long Short-Term Memory
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Long Short-Term Memory
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Why FPGA
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Design Challenges and Optimizations
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Design Challenges and Optimizations
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Design Challenges and Optimizations
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Design Challenges and Optimizations
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FPGA Chip
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Accelerator Design
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Experimental Results
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Experimental Results
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Future Work

Data quantization

Low-precision fixed-point numbers

Model compression

Connection Pruning

Matrix compression (e.g. SVD)

General architecture

Support for all LSTM variants
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Conclusions

An accelerator for LSTM-RNN

Optimizations for computation & communication 

at architecture level

On-board implementation with high-performance 

computation engines & data dispatcher 

Outperforms CPU- & other FPGA- implementations
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