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Abstract Convolutional neural networks (CNNs) have been extensively used in artificial intelligence
fields such as computer vision and natural language processing. Winograd-based fast convolution
algorithms can effectively reduce the computational complexity of convolution operations in CNNs so
that they have attracted great attention. With the application of Phytium multi-core CPUs
independently developed by the National University of Defense Technology in artificial intelligence
fields, there is strong demand of high-performance convolution primitives for Phytium multi-core
CPUs. This paper proposes a new high-performance parallel Winograd-based fast convolution
algorithm after studying architecture characteristics of Phytium multi-core CPUs and computing
characteristics of Winograd-based fast convolution algorithms. The new parallel algorithm does not
rely on general matrix multiplication routines, and consists of four stages: kernels transformation,
input feature maps transformation, element-wise multiplication, and output feature maps inverse
transformation. The data movements in all four stages have been collaboratively optimized to improve
memory access performance of the algorithm. The custom data layouts, multi-level parallel data
transformation algorithms and multi-level parallel matrix multiplication algorithm have also been
proposed to support the optimization above efficiently. The algorithm is tested on two Phytium multi-
core CPUs. Compared with Winograd-based fast convolution implementations in ARM Computer
Library (ACL) and NNPACK, the algorithm can achieve speedup of 1.05~16.11 times and 1.66 ~
16.90 times, respectively. The application of the algorithm in the open source framework Mxnet

improves the forward-propagation performance of the VGG16 network by 3.01~6.79 times.
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@D for ks=0:K,:K do in parallel
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@ end for
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@ for bs=0:B,:B do in parallel
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for p=0:1:I"XA do
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@  end for

@ end for
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@ for ks=0:K,:K do in parallel

for bs=0:B,:B do in parallel

fora=0:1:I" do

@ for B=0:1:A do

for bf=0:1:B, do

@ for kf=0:1:K, do
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@ end for

end for

end for

) end for

62  end for

63 end for
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Table 1 Data Layout of Tensors in Parallel Winograd-Based Fast Convolution Algorithm

F1 T Winograd RESREFERTERENBIERB

Tensor Element Location in the Tensor (stored in memory) Comment

Filters Frconfos FLkJLeJLnfLwf]
Transformed Filters G GLy/SILc/CnILk/K,ILc mod C;i ][k mod K, ][y mod S] =Xty
Input Feature Maps Lo i i 106 chi[wi]
Transformed Inputs Do D[5/S1Lc/Ci1[0/B, I p]le mod C;1][b mod B, ][5 mod S] p=¢Xd+y
Transformed Outputs Ufie? ULk/K, 106/B, ][ 1[9/S1[b mod B, [k mod K, ][7 mod S] 7= X8+7
Output Feature Maps O kho o O[b 1k ][ ho][wo]
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FRAE B T A A A 38 T8 AR AR R4 J =T XA A
6 X6 K/NIFH AR FHZBAFAE 2 DL R ES.
FE JE IR i AR AR B e 4 b A 6 X6 R/NRY i A
Wit QT xQ Fellm AR AR 6 X6 KR/NISK & AR K
HAP A TR BE 36 AR AL E L 5y AR AE
I WA T Y55 58 B8 )5 R B R 36 4> C X
(BXJ)R/ANEy ki B 1 AT RLR B, 6 X6 K/hik
IR UGS R T B 36 KA ERAE L s R
B A I IR i A T A 0 T B AR R AR AR SR
Lt AR B S 4 rh A TR QT (Q )T
e JEAKAR AR B 6 X6 KNI gk &L L3 5 9 WK IR A fif
EEVEAYHLE] 9 AR 6] A 07 B BRI A7 4 DN ICR K
i Z2 RN BRES T — AR AEAT AT LAAEAE 4 A BRORG BE I
SUBO S B SR B 4 BB AT R A A 4 1 T
[F) BN 44 B 3.4 9 G B o T B vk 1) 43 BB OR A
fith o Mtk — 25 BRI T SRR AR B U AF T 8 7R S AR
Pead A2 L AR F B2 8] A B AR ST Y
BN A7 P A B 1R 1 S TR 1) R O
1T 5482 I-AT R IF K R AS F HUf 4 o8 3 10 14744
N [ I VRIS (] 38 38 1) e 6 43 L B 22 A 4% ok 58
BN PEE] 3.4 THEIR Cy X B, X4 AN TuEEE
LAY 5 DT RS BOHE e 4 43 e 31 2 8% b il AT SRR
FIEATARRE /N i A 0 S5/ R 43k R

6%6

0'x0
Scatter
(6x6) (6x6) C
Input(Z): Transformed Input(D):
BxCxHxW 36xCx(BxJ)
BxJ
(a) Original input transformation
9x£x£x]
0'(@'x)' Cn B
BxC Scatt
catter
1
(6x6) (6%6) Cu
J Input(Z): Tragsfor;ﬂed Input(D):"
W) BxCxHxW 9><C—“><E><J><C”><Br><4 Bx4
(b) Optimized input transformation
Fig. 1 Input transformations about F (4X4,3X3)

1 F(4X4,3X3) %8 1 A%
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PR B, RS, i — D AR A B ik AR v PR AR 1Y
s Rk Ak 2 P T @~ O FTR
3.4 EPER

TEZITCER FeHR 4y, ST P IRIAT 6° AN K/
AR K XC 5 CX(BXIXA) M SEECH M. A
FEATIFS MR E 7T LA 0%, K DL B X T XA
43 ANYERE AT AT AL FR AR KB A% AL B b L D
AR A e i i R 0 R AT BOHE GO AT
AR A% 0 AT 2R ROFAT AL B R A RO R
K Z AL B T S L T A 1 R U RO
115 Z R I AT Z 0 HE 47 B 32 1T 7] B 25
) A 2 B30 e e R P OR A scatter 7 A A
F4) s DL R 4 5 1 6 B 3 1) 285 2R SR B gather 75 20H
A AR AT ] 3 A P o N B e AR SR T
WL 2 AT ~ G Fr 7R 1 R P o 52 31

AR SCHERE R H [0] 4 0Tk [ B TR S A B
Fe. i T K 2 A% A FLER 19 R A7 A E R 2 A RIR
2T AE 4 — P AT RN R AF 5 2 M B AR St
3 L P A e ) O Ok HR T R — 2 O B
PEAEFE G .D MU 23 58810 58 R /R C XK, X
S W THEM g . K/INK Ch XB, XS WT4MEd LUK
KK B, XK, XS (T 5 a. B4 F 5 a it
R

Uosoto.i +:2g‘c,/‘.ku.; X d.‘;/./,/.,- ) (1)

ﬁ¢m<w<&m§m<Kﬁxﬁmg<&%ﬂ,
A FHE o iR LB a0 WIrE TR
P88 76 Z A7 2 b B B0 B0 R 0k, AT i K 7 2
TERR BT Cok N ¢.d DL K a 50 B 43 31 4%
Bt K,.B, P& B, XK, A~ & 2 77 #4580 H 1

AN B, + K, +B, XK, ZRT AL
R P B ) AR A E L, QD R R
(93 A P 4 S b S S R A BB 1 — G
FEA REARAT IRy 1 R B8, X A A5 3 A7 40 B K/
W52 R T —REAF RS % scHk[21], 5K
ADitE SRR v
B 2XB, XK, XC,
K, XC,+QK,+C,)XB,"

M S E LA 1 AH SEBR 45 4R B R i A8 45 1158
Vife L v W(ER AT B

TR a V15 O R AN 206 0 S
— G AF RN R A 0 BCE EE  DARORE G B
A3 JRy I TR S 1) AR SCIE BRAE — R AR R A
Oy E PR d Mg K % d 17— B BEAE
F% = FH VK ) B 52 B 9 R A R /NI BR R AE
REHFTEME G WNWFHIF g, BRI EZEHINZ
bs F g D8RI B AR B e - AT 2 A4S AR EEE
RTINS N 4

1E KB 2 AL PRSI IR R A5 0 b, —J8f 32 4
i) i 75 A7 A AT LA LA AR SCR i K, FT B, 1Y
KANEIBCA 4, K F TIC A5 5¢ BT 4 B a 1Y
TR 2 476D i i o B H 4R A ViR
A DL R TS 4 1 22 A HEAT , S s OFAT L HE A
ITU ST A SN ES AR 2 iT® . %
i fEI N AE U s A SO SR PR R 25 R 1 07 /S 4 i
FIXA g2 )5, ME 1P U EIER R IR, /T
A AR A R AR 3 AR 4 1Y) gather 34 (9 U5 A7 0 L
FE R R R 1 BB 5 0 458 /0N PR 1 5T 358 K T B b 412 T
f LLY R AR 3908 46 B U AEE BE AR R R GOT AT 5 L A
i R TE HE /N LA RRAE B T HOBAE 3 e

Y 12

C B
9><C—“><T><J
(T[T
Transformed Input(D):
9><£><£><J><C x4x4 C
Cu 4 ' ! £><£><J><9
) . 474
al4][4[41+=> =g, [41[4]xd, [4104] ||| HH]
4x4 cf=0
” 4
9><C£><§
n
Transformed Kernel(G): Transformed Output(T):
C K £><£><‘]><9><4><4><4 4x4
Ix——x—x (), x4x4 4 4
c, 4
Gy
4x4

Fig. 2 Optimized matrix multiplication about F(4X4,3X3)
B2 F(4X4,3X3)8 kM0 am ok
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AT AT 55 R RE L A /N VR EE R BE 43 0 Oy i A G T
FHaB R K, RN B RSB, LK
Lk 2 hir @D ~Q iR,

M T AE 3.2 71 1 B B 4 S b, 4 AR B g
FR 7 [0) 75 SR 508 AT T HE A 45 6 AR 5 Y 4 P
P hOARN PR LT R AR o R HATIT DL F(4X4,3X
BB A SR ) P A R 3fe i A A o
Bl 2 Fr 7R AEAS SCH AR AR S B e, B K i ACREAE [
I FRURG 5 0 I e 73 W R I 3 22 5K HE 9 1) i 1 485
D I G.535H 9X(C/C,) X (BIB,) X ] 4 C, X
B, X4 K/ FREFER 9 X (C/C,) X (KIK )4
Cu XK, X4 K/WWFHBE; iU KKK, X
(B/B,)XJ X9 4 B, XK, X4 K/NGFHRE, K
J=IXA MB,=K, =411 U $ ¥k AR —
i 0 HRAY 9 X4 ST IR AT BE A i 7E 55 /1N LY
PIAF 23 [a] e A R T 3 AR B o 300 2 i oo R o 100 B8
gather JFAY. R H 1] it O 47 5 46 2 BT A7 R I &
B AN Cp X AX A T C oy XA X 4 Y 5 B e
W AT 7T RN R SRR O 2 A TR
Meae oy BB Z A0 A D, ik 2 AT @~
@ i 7.
3.5 AIBEMESN

n 3.1 9 BUA . A 4T Winograd P 5 R
AR AR SE I Winograd #H 56 5% 4 5 46 4
e () —ARAL BT A KI AP35 R &
TR R S5 TC I NI, 3.2~ 3.4 5 BT A 24 14 A
KACACH T HZE 55 2 WA A0 s 2R RS
A G SR R 235 K R AT 5 A DG 19 TR I 4 S Y 1 D
] K JPE 22 4% A B 2R ) FE AT Winograd BRI 5 FUE s
M A X 1T ) A B 44 5 19 Winograd TR 4 FH
FVE S B —E AR S AR B R 75 1 ) B b A
PFF & 1 D HE AR R 25 KRR A UEA T 30— 25 I A A
FRAFUT ) P R

4 XBWEREHHN

RIANFI4T Winograd Pei 25 FRE % 5 TR
JE B PE BB XS LI, D B 44 32 530 1 4 il 3 i A R
2 2 HE SR I R AT 28 I 4% L B i ) 3 P R
I
4.1 EWIEE

A SC I A 5 56 % #F K FT-1500A 16 #% 4k
FEEF A FT-2000plus 64 AL SR b 58 BUAY . T 3R A0
FRES DY TR BC & 0% 2 Fros. i T FT-2000plus 64

kb 748 R T AE — Bt N AF 224 (non-uniform
memory architecture, NUMA) , 7E A% 3C {32 v £
K H Linux ) numact] 1T H 3RS EHEAE T A 77 5
Z B4 5 53 A

Table 2 Specifications of Phytium Multi-core Processors

2 THESERLERNFEERE

Parameter Phytium FT-1500A Phytium FT-2000plus
Architecture ARMv8 ARMv8
Frequency/GHz 1.5 2.3
Cores 16 8 Panels, 8 Cores/Panel
L1D Cache 32 KB/Core 32 KB/Core
.2 Cache 2 MB/4 Cores 2 MB/4 Cores
L3 Cache 8 MB/16 Cores

AL FESIT F(4X4,3X3)H F(6X6,3X3)
Wi Fl Winograd 574 .76 4 U2 MR RE X L8 43 o A
SCHAT Winograd PR 5 B 1L 431 5 ARM &
#3572 (ARM compute library, ACL)M™ 1 F (4 X
4,3 X 3B LI K NNPACK JEP i F(6X6,3X3)
EEIEAT T A o ACL B RRAS 2 v19.02. I 32t v
(5 2B 45 T VGG16™7, AlexNet™™ L
ResNet ™ 2 i BT A5 3 X3 B,

TEA BUA 28 I 2 2 BB DU 3k 356 40 5 AR SO AT
Winograd ¢ 3 ¥ PR v 4 il B Mxnet v1.50 HE 42
FIE LT Mxnet #iBRAS , 5710 K Mxnet-FTDNN. J5
h Mxnet v1.50 WA 5 ic S Mxnet-origin. 3% F
Mxnet-FTDNN F1 Mxnet-origin B > iUAS , 43 5] 0
R T AR K/NT VGG16 M 4% i /i 1 11 581 fe
SR G HEAT T b AL

A SCRTA M2 02 4T 10 K, BUZ T [A]
B A 3R 1Y) e 5 A B 4 45 R AR I TPE RE 43
M43, Y92kl FTDNN SR FRICA SCHE H 1953 5k
4.2 HREMBELLR

AR SO B T I ACL FfI NNPACK A9 i
WL TE KB FT-1500A 5 FT-2000plus Ab B &%
R G SR A an P 3 R 4 B o RS AR AR R
715 P90 4% 255 ) v ) AR [R) T 8% )2 N A s s ikt L. Pl
T ACL #il NNPACK 43X 32+ F (4 X 4,3 X 3)
F(6X6,3X3), K43 532547 A0 R 1Y) L3

X T VGG16 M B2 . 78 LI FT-1500A
WA b5 ACL M b, A SCRE AT LS B 1,20 ~
8.30 M5 My PEAE N ; 5 NNPACK #H L. i e Ky
1.8~4.70 £%.7F K J#& FT-2000plus 2L ¥ 4% [, 5 ACL
FINNPACK # e A9 0 He 43501 1.05~16.11 15 5
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= 5 L
s
=
g4
wn
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2 L]
1 L
0778 A2 ad n a) Al ) ad ah
R T A T T LR LR AT e Cete C i
Convolutional Layers
(a) VGG
5
1 FTDNN F(4x4, 3x3)/ACL F(4x4, 3x3)
[ FTDNN F(6x6, 3x3)/NNPACK F(6x6, 3x3)
4 -
g3
s
=
=
L
2
wn

A X
P‘\e‘i}\‘e\’hb\e‘ﬁﬂé& P,\e,‘lﬁexs Q&&eﬂ‘?@&e‘B @eﬁﬂe‘ Y&S@a\s

Convolutional Layers

(b) AlexNet and ResNet

Fig. 3 Speedup between different Winograd-based
convolution algorithms on FT-1500A
Kl 3 FT-1500A AR Winograd % BUH ¥ 22 [ 1
RE I L

1.66~16.90 f5. N ¥ >k F . N VGG16 [ Convl. 1
3] Convs.1 2, ik Fo i T . B2 7 F M
VGG 1.1 J25] VGG 5.1 J2 A% A i B R ¢ AF =5 18]
/I I/ 388 T 2 R 7E Y AN i
BB A 40 0 4 o A B M R 1 R I R A 2 R
T B R e .

X F AlexNet B9 3 4~ 3 X3 B2 .y A% 4F
fE & 25 a) K /N A TR 5 ACL AH B, AS SCH I AE FT-
1500A Fil FT-2000plus b A9 fin # Lb 43 51 ok 1.67 ~
2.23 %5 1.64~2.90 £ ; 5 NNPACK #H LG . A0 7Y
T b A3 2 1.78~2.21 155 1.71~2.16 1%.

[ FTDNN F(4x4, 3x3)/ACL F(4x4, 3x3)
17r ’—I [ FTDNN F(6%6, 3x3)/NNPACK F(6x6, 3%x3)

Speedup/times

[\S] w BN W =)} =
T T T T T T

o e e e s e

Convolutional Layers

(a) VGG
14
1 FTDNN F(4x4, 3x3)/ACL F(4x4, 3x3)
13k [ FTDNN F(6x6, 3x3)/NNPACK F(6x6, 3x3)
1
7T+

Speedup/times
W

2k
1 L

0 g A 5 1 £ & 5
Ps\en\\«" P&\@W\e‘ Neiﬂe\ Q&s’\*\e\ Q&Sﬂe‘ ?&Sﬁe‘ Y&Sﬂe\

Convolutional Layers

(b) AlexNet and ResNet

Fig. 4 Speedup between different Winograd-based
convolution algorithms on FT-2000plus
K 4 FT-2000plus [ A [A] Winograd %5 FRE 2% 22 1] 1)
P fE i 2 H

X F ResNet i) 4 4~ 3 X3 HBHZ . W 2 )2 5
5505 )2 A R REAE 8] 23 RN s L 7E 2 A
FH LR b SRS S VGGl ML 5
ACL FH L, AR SCRE AT R4S 1.12~12.89 £5 A9 i
5 NNPACK ML, in# bR 1.69~7.23 1.

2 Bl A, 597 E ACL LA M NNPACK H#y
Winograd PR 45 AR S AR L, A< SO 43 ) RE AR 15
1.05~16.11 15 1.66 ~16.90 1% & 1 RE 33 , UE B
TARSCRE A 8 I B B0 40 o B 5 L R
A I AR B T, B T A SRR R AL B
O JE R Rl B 5 4 A LAk BT A Rk
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T A Winograd P 45 B TE 1Y U5 A7 AR (6] B
KB4 1) 2 GO AT T RE S A ORI TR 2 A% AL B
I ZYIATIT R R B E RO B,
4.3 HRMEN KRR

5 Mxnet v1.50 J§#f BRAS Mxnet-origin #H H ,
LR T A 4T Winograd i 5 FUR 35 9 Mxnet
A Mxnet-FTDNN 1) ¥4 A8 i L7 & 5 FT-
1500A 45 FT-2000plus 4b FH2% b 4038 25 S an & 5
Fii7n AR 6B FT-1500A 23 8% |, Mxnet-FTDNN
RAFT 3,01~ 4.63 % (M Be L 7E G FT-
2000plus I Mxnet-FTDNN #1511 /b 5 & K

Gy R 3.81 £ 6.79 £ Nk #A 1 & , 7E P 3K
AbFEES I, Mxnet-FTDNN 5 Mxnet-origin 2Z [0] iY)
P B A0 L 357 Bl At DR/ 8 i 1 . S R A T,
Winograd P % A 2 5 Mxnet B A 45 BUA %
() 1 52 % B 22 b Bt A At DR /0N 1) 35 o T 228 v R ALK
TS A SC 52 35 Mxnet J5 G5 JRAS AH L B 48 3

BE AL /N 38 o 728 75 B B
8
[ Mxnet-FTDNN/Mxnet-origin on FT-1500A
7L 8 Mxnet-FTDNN/Mxnet-origin on FT-2000plus
6 L

Speedup/times
(o8] (%) S

4 8 16 32 64 128
Mini-batch Size

Fig. 5 Speedup between different versions of Mxnet
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