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Motivation (2)
• Winograd Algorithm 𝐹(𝑚 ×𝑚, 𝑟 × 𝑟):

• 𝑌 = 𝐴𝑇 𝐺𝑔𝐺𝑇 ⨀ 𝐵𝑇𝑑𝐵 𝐴

• 𝐺, 𝐵, 𝐴: Winograd transformation matrices

• ⨀: Element-Wise Matrix Multiply (EWMM)

• Pros:
• Reduce MAC number of convolution by 2.25×

(𝑚 = 2, 𝑟 = 3) to 4× (𝑚 = 4, 𝑟 = 3)

• Cons:
• Not friendly to fully-connected (FC) layers, 1×1

convolutional (CONV) layers, and >1 stride size 
=> Low flexibility for various DNNs

• High memory bandwidth demand                     
=> Low flexibility for various FPGAs
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Motivation (3) Architecture?
× Homogeneous Winograd

✓Hybrid Spatial / Winograd
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Motivation (3)

Challenges

• Accelerator design:
• Computation resource reuse

• Memory management

• Inter-layer context switch

• … …

• Large design space
• Modeling

• Exploration
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• Reduce MAC number of convolution by 2.25×
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HybridDNN Framework (2)
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Input of Step1 & 2

• FPGA Specification:
• On-chip resources (LUT, DSP, and BRAM)

• External memory bandwidth

• Number of dies (for cloud FPGA)

• DNN Model:
• DNN architecture description

• Pre-trained weights



HybridDNN Framework (3)
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Output of Step1 & 2

• DNN Mapping Strategy:
• Dataflow, CONV mode of each layer

• Partition strategy of each layer

• HLS Template Configuration:
• Parallel factors 𝑃𝐼, 𝑃𝑂, and 𝑃𝑇

• Number of instances 𝑁𝐼



HybridDNN Framework (4)
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Output of Step3

• Instructions & Data Files:
• Instructions (.bin)

• Reordered weights data (.bin)

• Host executable file

• FPGA Bitstream
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Accelerator Design (2)
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• Processing Engine (PE):
• Reused by Winograd and Spatial CONV

• 𝑃𝑇 × 𝑃𝑇 GEMM Cores

• GEMM Cores:
• MAC broadcast-array paralleled along 

input (𝑃𝐼) and output channels (𝑃𝑂)

• GEMM Cores Organization:
• Spatial: A large broadcast array

• Winograd: Compute independently
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Accelerator Design (4)

• Load & Save Manager:
• Can switch between Winograd and 

Spatial CONV mode

• Spatial Mode

• Winograd Mode:
• LUT-based Winograd transformation 

between two domains
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Accelerator Design (4)

• Load & Save Manager:
• Can switch between Winograd and 

Spatial CONV mode

• Spatial Mode

• Winograd Mode:
• LUT-based Winograd transformation 

between two domains

Spatial-to-Winograd
Transformation

Winograd-to-Spatial
Transformation

Resource Overhead:

LUTs for Winograd transformation



Design Space Exploration

• Step0: Latency and FPGA resource (LUT, DSP, and BRAM) modeling

• Step1: Search for design candidates with different HW parameters

• Step2: Search for optimal SW parameters combination for each candidate

• Step3: Select the design candidate with the lowest latency

Presume

• Totally 𝐿 CONV / FC layers

• 𝑖𝑠 and 𝑤𝑠 means input and 
weight stationary

• 𝑇𝑙: latency of the 𝑙-th layer
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Experimental Results (1)

• Xilinx VU9P Configuration:
• 𝑃𝐼 = 4, 𝑃𝑂 = 4, 𝑃𝑇 = 6,𝑁𝐼 = 6

• PYNQ-Z1 Configuration:
• 𝑃𝐼 = 4, 𝑃𝑂 = 4, 𝑃𝑇 = 4,𝑁𝐼 = 1
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• CONV Layer Test Cases:
• Kernel Size: 1x1, 3x3, 5x5, 7x7

• Feature Size: 224, 112, 56, 28, 14

• Channel Size: 512, 256, 128, 64

• Spatial CONV:
• Support all kernel sizes

• Stable and close to peak perf.

• Winograd CONV:
• Higher peak perf. than Spatial CONV

• Small feature size =>                      
Low weight reuse rate =>     
Bounded by memory BW
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Conclusion
• HybridDNN Framework: generate highly optimized accelerators for the 

latest generation of cloud and embedded FPGAs

• Instruction-based Architecture:
• Hybrid CONV Processing Engine (Spatial and Winograd CONV)

• Support multiple dataflow (input and weight stationary)

• Scalable parallel factors (𝑃𝐼, 𝑃𝑂, 𝑃𝑇, and 𝑁𝐼)

• Design Space Exploration: 
• Performance estimation model (4.27% and 4.03% error for VU9P and PYNQ-Z1)

• Efficient algorithm for optimizing HW & SW parameters 

• On-board Experimental Results:
• 3375.3 (VU9P) and 83.3 (PYNQ-Z1) GOPS performance on VGG-16



Questions
Thank you!

July 22, 2020


