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Highlights WinoGen IP Architecture

SDW algorithm provides a unified approach to transform arbitrary forms of Winograd input transformation
and output transformation into addition, subtraction, and shift operations. Based on SDW method, follow-
ing hardware architecture is proposed as a template to generate |Ps:
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= A Chisel-based highly configurable Winograd convolution [P generator, WinoGen, is developed via
algorithm-architecture co-design approaches.

= A Structured Direct Winograd Convolution (SDW) algorithm is proposed as a novel and efficient
reformulation of Winograd convolution, enabling WinoGen to generate |IPs according to a given
arbitrary tile size and kernel size.
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WinoGen IP Controller

ITrans Module Controller EWM Module Controller OTrans Module Controller

= Highly paralleled and fully pipelined architecture is designed as the IP template. The generated IPs are
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Figure 2. WinoGen automation workflow.
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Figure 1. Winograd convolution flow defined by F(k,n).

= Computes Winograd output transformation
using BOT method.

= Takes 2 x 2 sub-matrices of Y as input.
= PNt PEs for parallelism.

= Computes Winograd input transformation

Two-dimensional Winograd convolution is defined by F(k,n): s = A' {BTdB ® GgG’T} A, where s is a using RIT method.

k x k output tile, gisann xn kernelanddisa (k+n—1) x (k+n—1) input feature map tile. w = k+n—1
is denoted as the Winograd filter size.

= Takes input tile d column by column.
= PNy PEs in each two groups for parallelism.

= OTrans Module constructed under F'(k,n)
supports any F(k’,n’) as long as k¥’ < k.

= [Trans Module constructed under F'(w)

Structured Direct Winograd Convolution supports any F(w') as long as o' < w.

Structured Direct Winograd Convolution (SDW) is composed of Recursive Winograd Input Transforma-
tion (RIT) and Blockwise Winograd Output Transformation (BOT). It is based on our hardware-friendly
Winograd polynomial sequences:

WinoGen Optimizer

= Models the utilization of DSP and LUT as
resource constraints.

Element-wise Multiplication Module

= PN Multiplier Arrays deployed in parallel for
PN¢ input channels.
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d; denotes the j-th column of the input tile d, ®
denotes cross-correlation, ma(x) denotes additional
polynomial(s) from F(w — 2) to F(w), and ¢ || means
the coefficient vector of polynomial.

convolution for acceleration.

= Dynamic Configurable: generated |IP supports multiple convolution kernel sizes and input/output
feature tile sizes under a unified architecture.

= |n cases where hardware resources are abundant, WinoGen can create IPs with ultra-high
computational performance (over 1000 GOPS).

Figure 3. Input Transformation Matrix B' for F(w = 4) and

F(w = 6). The blue terms in Mi(w)(a:) are additional
polynomials ma(x).
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= Recursive Winograd Input Transformation (RIT) : vs | e = For resource-limited scenarios, WinoGen can utilize its optimizer to generate optimized [Ps.
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The final result can be obtained similarly through

System-level Evaluation and Network-level Comparison

Figure 4. Recursive Input Transformation for Fi(w = 6).

U=(B'"D)'. D; = B®"d; is shown. = DSP efficiency reaches 3.80 GOPS/DSP and energy efficiency reaches 652.77 GOPS/W.
= When computing VGG16, our design achieves DSP efficiency up to 3.26 GOPS/DSP and energy
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Figure 6. Blockwise Output Transformation for F(4, 3).
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