Fixt LA Vol.9 No.?2
SO0 3¢ JOURNAL OF INTEGRATION TECHNOLOGY XX, XXXX

ET TVM HJ Winograd BE%gELIL

BREE S % °, KELRS &mEET BEAC
V(MU RHRE, YN 518055)

2 (b EEEBR R AT A, I 518055)

(RIS I SRS AR A T, Y 518063)

WE A2 W% (CNNS)E AR RS S A K&, A LTS5 7% B esib
2 R A AREHEE & A CNNs E470 49 90% A L, sy CNNs &9 MRe# 3. %4, BT

LT ARGy A R T AR B A0 S AR, Z AT TAR G — A w AR AR Sk 2 M AR T AS AL . 3L
#HA4E T BlazerML, —ANET TVM AR 8 3 £ s 49T R B AT &, Tl 8 9 £ e
%iﬁ?)\ﬁﬂkéﬁréﬁﬁﬁ%%@ﬁﬁ%%, BlazerML 2 % F Winograd ik 2649, B A% F ik 2 Bk AR
Fxb RS E kL, £ R LY BlazerML 2 F 4% F % FRL# 697 R E. £ x86 CPU £
BATH AR Z S ) MR 432 4 Ak OnnxRuntime. MNN 4= TVM 4t R jg A B 1.18~2.47,
1.18~2.27 #= 1.01~1.66 45 . £ ARM CPU iz 7% Wi B 5 3] W59 % Z 432 5 Hlrbik ACL A=
FastConv ‘B 1.26~6.11. 1.04~4.28 1%,

AR RIS BRI YOEEEUIE: Winograd 17 TVM: EIZIPERERAL
FESES TP399 SCERIRZERS A doi: 10.12146/j.issn.2095-3135.20240202001
Winograd Automatic Performance Optimization Based

on TVM

CHEN Jiang™*?, ZHU Honglin®, MENG lJintao®" WEI Yanjie’

!(Southern University of Science and Technology, city Shenzhen 518055, China)
%(Shenzhen Institute of Advanced Technology, Chinese Academy of Sciences, city Shenzhen 518055,
China)
3(Shenzhen city Tencent computer system Co.Ltd., city Shenzhen 518063, China)

Abstract Convolutional Neural Networks (CNNSs), as a quintessential representation of deep learning,
are the most commonly used neural networks in tasks such as computer vision. However, convolution operations
typically account for over 90% of the runtime in CNNs, becoming a bottleneck for performance. Additionally, due
to the complexity of current hardware and the diversity of workloads, specific optimizations in previous work
often lack performance portability. To address this, we introduce BlazerML, an open-source convolution
computation library based on auto-generated code templates from TVM, capable of automatically generating
high-performance convolution implementations for any input shape. BlazerML is implemented based on the
Winograd algorithm, known for its high performance in fast convolution algorithms. Experimental results
demonstrate that BlazerML significantly outperforms current state-of-the-art open-source libraries. On x86 CPUs,
running common deep learning network forward inferences, it is faster by 1.18~2.47, 1.18~2.27, and 1.01~1.66
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times compared to OnnxRuntime, MNN, and the TVM community version, respectively. On ARM CPUs, for
single-layer inference of common deep learning networks, it surpasses ACL and FastConv by 1.26~6.11 and
1.04~4.28 times, respectively.
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Fig. 1 The process of convolution
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FAMATLUE B VGG-16 42 3x3 MBI, FrbAli Hl Winograd 5145, VGG-16 %5 M
A A IR, RS B R VGG-16 4%,

Fz1 HEICNNREPAREERZAGE
Table 1 The proportion of different convolution kernels in common CNN networks

CNN # L 4% 1x1 B 3x3 L 5x5 L% HA B
VGG-161 0 100 0 0
ResNet-50"! 68.5 29.6 0 1.9
Inception-V41e! 40.9 16.1 0 43
Inception-V31% 43.2 17.9 32 35.7
GoogLeNet™! 64.9 175 15.9 1.7
MobileNet-v124 93.3 6.7 0 0

FRFE H 3 Winograd Huisi 5 A2 S0 B FRATT AT DAS 2I7E F(mxm, rx<r) AN[E m, r 250150
NHERRINE AR 9.

mxmxrxr

PR IE L = -
(m+r-1)

)

ESRAFE m, r tha HRE A K E A 7K BLCE B SKRE Y 5K, 375Kk 10 2 50 10,
11, RHAPRHE AR M. AT RS E K mxm BIPIHKNE rxr=3x3 Bl
BRI 3x3 1L T BRI b & i N\ K BTGB TK B Y ok i3, IR 2.

2
N T Ukl (10)
mxm
2
%%R*foﬁ%:m:%l) (11)

2 AEYIBRK /X Wiongrad BIEZ0
Table 2 The impact of different tile sizes on Wiongrad
VIR (mxm) BRI L PN SR/ RIS




2x2 2.25x 4x 1.78x

4x4 4x 2.25x 4x
6x6 5.06x 1.78x 7.11x
8x8 5.76x 1.56x 11.11x

R A9 AT, 1E rar=3x3 WG L0 T 2 m>>r I, BRIk b KrT #0089 ARe
K, BN K EFEAR R, HEGHEIY KIERE K. RTAR m T, Bighi#Ett,
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Fig. 6 The impact of different tile sizes on Wiongrad
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MACSz(GCx HxW +tsxts+2xtsxtsxTN xC)+
(ththTN xC+tsxts+2xtsxtsxTN ><C)+
(ts><ts><C><K+tS><tS><C><TN+2><tS><tS><K><TN)+ (13)
(thth KxTN +tsxm+2xmxtsx KxTN)+
(thmxTN xK+tsxm+2x1x Kx Ex F)
Hopra 28I 48 30 FFHEAITX BT Ny 1, Pad 1, Stride N 1.
N 3 FHH VGG-16 HANE m X MAA TR (1) FLOPs K MACs, {ENBATIEFEAFZ
OB AR
FEARTE L R BAT B AL £ /2 FLOPs J2 MACs /) o W HAFAE FLOPs /MH MACs KAl
Je 18 FLOPs. RIFRATAIEFE AN,

f63 if Fres <Fius

f43 if Fies > Fiss
COSt(Ff63’Mf63’Ff43'Mf43) f63 if  Frea=Friand Mg <M (14)

f43 if Fip=FgandM g, >M(,,

K Frea it F(6x6, 3x3) T AT RLIK] FLOPS, Fpy34& F(4x4, 3x3) NXJFLf] FLOPS, Mpgs&
F(6x6, 3x3) FXIRiff] MACS, Mpysft F(4x4, 3x3) F TR MACs.

3 VGG-16 RAAEYIH K/ m Xt FLOPs K& MACs RIS
Table 3 The impact of different tile sizes m on FLOPs and MACs in VGG-16

C K H/W F63-FLOPs F43-FLOPs F63-MACs F43-MACs

64 224 168.57 147.82 39.30 44.74
64 64 224 1070.55 1194.59 76.44 89.26
64 128 112 487.96 553.94 28.94 33.21
128 128 112 913.81 1059.72 39.14 45.15
128 256 56 480.05 508.18 17.62 17.64
256 256 56 925.70 992.28 25.04 24.64
256 512 28 449.74 485.30 16.15 12,95
512 512 28 882.28 958.56 27.20 20.58
512 512 14 317.62 313.00 20.40 12,98

BT 14 )3k 3, 78 VGG-16 H1 25— JZ Ml Ja — 2 3RATIE £ F(4x4, 3x3) 1) Winograd #&
B, oAl ZFRATTIE S F(6x6, 3x3) (1) Winograd AR .
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Table 3 The list of CPU used in the experiment

CPU LS FH(GHz) L1 ZZ47(Bytes)
Intel(R) Xeon(R) Platinum 8255C 24 24@2.50 24@32K
Ampere(R) Altra(R) Neoverse-N1 35 35@2.80 35@64K

CPU L2 2547 L3 47 CPU %244
Intel(R) Xeon(R) Platinum 8255C 24@1024K 24@35.75MB- %86
Ampere(R) Altra(R) Neoverse-N1 35@512K 35@32MB-sha ARM

RIEE 1 AT, VGG-16 HERE 3x3 BRI, Bt AT B AT E A AT LL# A Winograd
BOEHHATINE, 52 FEAE ] VGG-16 W% . VGG-16 W% dr [k = S50 F 3 3.
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T —ERANHEEAEA Y NCHW (1) Winograd Bk, AII/E x86 CPU EXF VGG-16 ) —LL=
HEAT—ANEERIR, SR 7, FRATX BARE TEA S EE 1) FLOPs & —F¢ 1), X
EL T VGG-16 W& E] 4 2 AR [F%ATZAR T NCHW Al NHWC R EuEHEAR AR R0 i 5
#(GLOPS), GFLOPS {Jit# i =0in F = 15

FLOPsx10°°

GFLOPS=—">""" (15)
cost
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NCHW VS NHWC

1.6

1.4

1.2

a1
iKY

1 0.8
-

= 0.6

0.4

0.2

0

C=128 K=128 C=128 K=256 C=256 K=256 C=256 K=512
H/W=112 H/W=56 H/W=56 H/W=28

Intel(R) Xeon(R) Platinum 8255C CPU @ 2.50GHz THREAD_NUM=1

MW BlazerML-NCHW  ® BlazerML-NHWC

B 7 HAEIEHA T Wiongrad A952 0T
Fig. 7 The impact of input data layout on Wiongrad



4.2.2 ARM CPU F3ZEH:RE T

AT IAT T 5 ARM CPU L 53 4M AT BRI 27 21 1H 5L PE P ¥ Winograd 597
SEELHEAT T PERE LR, THELEEALHE FastConv[22]iX & — ANl X F T T CH+BR
R B 3 A& ki & % e RS R I E E , LKk ARM
NN (https://github.com/ARM-software/armnn)— A& [T X ARM “F- & [ = RUtEE 51 2. JRA1]
X H PR FastConv & 3CH HIH R 1 BT A M 45t 45 VGG-16. ResNet-50. Inception-V4 J%
Densenet-121[23] 4 g &A% K /NN 3x3 BT EdAT TG, 45 anE 8.
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Fig. 8 Speedup comparison against Winograd from FastConv, ARM NN inference engine.
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FastConv 72 K]y C Fl K K /NG 2505 N A8 SR i H A8 i B2 R F B9 380 il C Al K 3 s,
{H FastConv X4t N84 & it A2 $ AE 3fe o B FETHEEE I, ] T3 BOE PRI RR R M T, T
G I A IR ok D i N AL 4 ANt AR i 72 o o E B R R AL S AL


https://github.com/ARM-software/armnn

4.2.3 x86 CPU LZEM:RENHT
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Fig. 9 Speedup comparison against Winograd implementation from MNN.
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Fig. 10 Experimental results comparing performance with other inference frameworks
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Fig. 11 Multi-thread scalability experimental results
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