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Review of Winograd Fast Convolution Technique Research
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Abstract: Convolutional neural networks (CNN) have been widely used in various fields and have played an impor-
tant role. Convolution operator is the basic component of CNN, and it is also the most time- consuming part. In
recent years, researchers have proposed several fast convolution algorithms including FFT and Winograd. Among
them, Winograd convolution has quickly become the first choice for fast convolution implementation on convolu-
tion operators with small convolution kernels, because it greatly reduces the multiplication operations in convolu-
tion and occupies less memory. Related work focuses on the generalization, extension and implementation on
various architectures of the Winograd convolution, but there are no researchers who have systematically summa-
rized the Winograd convolution algorithm. This paper aims to provide detailed reference for follow-up researchers,
and summarizes all related work since the introduction of Winograd convolution. Firstly, the introduction of
Winograd minimum filtering algorithm and Winograd convolution is described, the generalization and extension of
Winograd convolution are introduced, and the detailed differences between existing implementations are also listed.
The optimization of Winograd convolution is introduced from the three aspects of sparse pruning, low precision and

quantization, and numerical stability, and the advantages and disadvantages of the specific methods are elaborated.
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The implementations and optimizations of various architectures are classified and summarized, the general optimi-

zation methods available for implementation on each platform are compared, and the practical application of

Winograd convolution is also introduced. Finally, a brief summary of the content is made, the limitations of existing

research are analyzed, and a preliminary outlook for the possible future directions is made.

Key words: Winograd convolution; fast convolution algorithm; convolutional neural network (CNN); convolution

optimization

e 22 ) 2% ( convolutional neural network, CNN)
TEF AL L B ARTE S AL 55 L)z
R 22 B AIF 5T 2 CNIN ) I 25 A 2L,
PG RE TR P R Tk, G HE T
A1 35 M fd B 0 A% i (fast Fourier transformation,
FFT) 4 FAHT Winograd 45 11, i 2% 4 AU o f 4 A
REAIE B S5 R A FRURX 2 P 722 46 31 R 1 19 25 ] K o
(1) 1z B30 5 46 Sy ok S AR e i B 45 R P ) i Atk
725 4ok BV R A 381 JiR I R S 4 ) P S

FE AR -1z R -3 AR Y Y o R v, e s B IR
B LY B A AT e AR U] R i ds 55
YRR BE N . AE 240 R 280 AR AL B 48 1, nvk ih
TR s T o vk, IR b ] DA PR 45 R 7ok
PR BRI AT AR . T FRT AR 602 i 5 51 &3 Kl
[8] , Winograd £ f iz B B i 6 N A7 89 o B HU RS FRT
BRI — 2 (G A AT PR B AR

{H & B % 0 Winograd B FUAFER Z PR .
J6, FEA M Winograd 4 FIE HVE LA FR , A AT 78 B A7
K N 4G R BN 7R R L
JHI 276 BUE AT E B . HOR, T T4k 722 4
FG L VAR e ) B A v R S U TR R E - B
AR XE LA SE B, LA ] AT P A S R
AN, Winograd £ #2-5 DL BY &L Fil i £k A 18 38 10 X 4%
R FARME L 45 G NI A 5 fE 5 A R
REAERR T 197 65 308 S, B o ok 26 ] L, ifF 5%
AT R TAE H 24308 R A A TF 1 SCE N AR
KRITAEHIT RGN AL AR E S
N R ) NG NP AN R A 3 E I ]
25 iR Winograd 1 A& J& , 71 X5 A 5% ] B B9 B 58 J7 [ i
HEE,

1 Winograd % B i #it

Winograd T 1980 4F 4 1 A FR bk i i )i ( finite
impulse response, FIR) U I 1Y e /Mg I 557451, Je
UE B AR B FAR FIR JEPE AR A2 B m A iy 1, B
F(m,r) , 5 20 /D q B BE wFm,r) A m+r-1,

VL FQ2,3) A, 5 e Bk Bt ) w(F(2.3)=2+3 -
=4, N6 WRFEARE] T 4%,

2015 4, Winograd fz /)N € 7 585 15 40 U B v H 7
CNN H &) FH sk 20 179 3fe vk OS8R T AR M e .
SR 2 B A I X 3 R Winograd fi /)N 8 9 566, U
CINYECEHIP

Y=A"[(Gg)O(B"d)]

Hodr, g MBS, d AR ASSE R, Y N
R ) i, 6 RN IR AR BE B, B RN B
AR, O F R B R X 10 A 4 3 (Hadamard £)
A" RN AR L S AT R A /MBS
F(m,r) , A DA 3] Z 450 /NI Fmxm, rXr) :

Y=A"[(CgG" ) O(B"dB)]A

T S /INIE R SR T TIE O (m+ - 1) T
S B RUIE T EIEECHR mxmxrxr o XF F2x2,
3x3) i, AL RE 36 FEARE] T 16,0800 T 55.6%.

PR —HEFE B, vl DL A 2R HKs Winograd £ FH
43R VA G 85 18 By B < i A E = (input transformation,
ITrans) . &1
Xt 1% 57 A#H 3 (element-wise matrix multiplication, EWMM )
Filfy H4 7245 (output transformation, OTrans ) , 4N & 1 7= .

DS R 5 SN R R e e S 5 AL NS B
MEBRESHN m+r-)Xm+r- )Y A, U 2Z A
r=1EZEM . LREY, Fex2,3x3) 12N
FUE Ay S B RE R 5 T NVIDIACcuDNN i H i Ff
N AR/ INEAR T FFT £ 8

% A5 4 (kernel transformation, KTrans) .

2 Winograd & B — 8L Fidh i
2.1 Winograd & B — 8tk

FLA B Winograd 45 BUL SR r=3 Fl r=2 )
e B T, B R RN T 6, Jo vk i 2 AR
CNN i F g iy 46 B 7 25 A0, &7 X H 47— i)
k. Winograd 45 B — e fk 32 2253 S 19 A>T, 4
S ST B SR BV R RN SRR
WA SRR RS



B B %: Winograd BE B A R %R &b

961

(m+r—1)x(m+r—1) rXr

B FPAE RS R
d g
© MAZEH @ BB
(m+r=1)x(m+r-1) (mtr—1)x(m+r-1)
AR5 HRARFAE B S5 5 BB
(m+r-1)x(m+r—1) %
EWMMIHIZ5 R
OF kS

1 Winograd

Fig.1 Four stages of Winograd convolution
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Table 1  Generalization of Winograd convolution
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Fig.2 Pruning by applying ReLU in Winograd convolution
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Table 4 Performance optimization methods

on different platforms
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