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convolutional pooling convolutional pooling
+ nonlinearity + nonlinearity

C3: f. maps 16@10x10
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Full connection Gaussian connections
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Synchronous Data Flow —

N . Streaming

— ConvNetas audata drlven graph

— Represented as'a matrlxI
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— Each layer mappedto a tunable set of hardware building blocks
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ConvNet Hardware SDF Graph
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ConvNet Hardware SDF Graph
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Bottlenecks:

— Limited compute resources

— Limited off-chip memory bandwidth

— Limited on-chip memory for model parameters
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Action 1: Coarse-grained Folding
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Action 3: Partitioning through Reconfiguration
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fngaGonuNet- SDF Analytical Power
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— Actions asalgebraic operations

— Any local action propagates through the network

— Static scheduling

— Analytical Performance Model

— Cast DSE to formal resource-constrained optimisation
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* fpgaConvNet

— XilinxZynqg-7000XC72020 SoC with 220 DSPs at 100 MHz

— Q8.8 fixed-point precisionto match existing work

(also supportsfloating-point)

— Currenttoolflow supportsthe Vivado HLS toolchain
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Performance Model Accuracy
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16



0.0005
0.00045
0.0004
0.00035
0.0003
0.00025
0.0002
0.00015
0.0001
0.00005
0

® Existing Work (GOps/s/Slice) mfpgaConvNet (GOps/s/Slice)
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Performance Efficiency
Comparison (GOps/s/\Watt)

Hand-tuned Embedded GPU
* Tegra K1 at 800 MHz
 Memory Bandwidth: 12 GB/s
fpgaConvNet

* Zyng-7000 XC7Z020 at 100 MHz

* Memory Bandwidth: 4.26 GB/s
Hand-tuned Embedded GPU [3]

® Existing Work (GOps/s/\Watt)
m fpgaConvNet (GOps/s/Watt)

[3] L. Cavigelli etal., "Accelerating real-time embedded scene labeling with convolutional networks”,
in DAC, ACM/EDAC/IEEE, 2015.
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| fpgaConvNet |
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