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Motivations

Machine Learning is about

multiplication!

Memory bandwidth is the [imit

Quantization is key




Operation Types

Composition of CNN operations
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Memory Bandwidth

Atainable Performan

Rooflines of VU9P FPGA from Xuechao@DAC'19
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82 memory bound layers!
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Quantization Results

Top-5 Error [%]

Accuracy over time for ImageNet classification
from BLOTT@TRETS18
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Quantization even for Reliability!

Accuracy (correct predictions)
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Weights do not change after
training => Constant Multipliers

Memory Is problematic =>
Compute units will store values

Multiplications are dominant =>
Use lighter multipliers




FC example
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How does it works?

Powers of 2 are replaced with shifts
Zeros are eliminated (ground the circuit)

The sign bit is applied separately
Custom circuit for other ces




Array Multiplier
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Multiplication Example




Network Results

8 bit fixed-point quantized networks:
Sign+7 bits

Only consider Inference multiplication
circuit

Fully unroll the network i.e. as much
multipliers as weights.

Shared weights in conv layers are used
sequentially.




Resource Savings
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Normalized delay

Delay

Estimated delay for the compressed multip

1ers

C\H
TN
D—1u0J
—— SqueezeNet
— VGGI6 B
0 1 2 3 | 5 6

Number of zeros




Energy

Estimated energy for the compressed multipliers
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RTL-level Analysis

Impact depends on hardware
architecture

Number, type and location of slices
Results from Xilinx” ZCU102

Same setup as before: £ XILINX.

Inference only
8 bit quantized networks: sign + 7 bits

Fully unroll layers
Conv layers are executed sequentially




Individual comparisons
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Network level

Normalized LUT Slices
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Conclusions

Exploit an under-explored
area

Huge energy and resource
savings

Trading flexibility for
efficiency




Perspectives

“In theory there is no difference
between theory and practice. But
practice shows that there actually is.”

Flexibility for continuously trained
networks (RL)

CSM-HLS tool!

Network description and weights as
iInput

Hardware as output
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