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Abstract Convolutional Neural Networks (CNNs) as a quintessential representation of deep learning, are
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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 problem, the author introduces 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 times, 1.18—2.27 times,
and 1.01—1.66 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 times and 1.04—4.28 times, respectively.

Keywords deep learning; convolutional neural networks; fast convolution algorithms; Winograd algorithm;
TVM; automatic performance optimization
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Fig. 1 Convolution calculation process
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Fig. 4 The architecture of Ansor
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Winograd T1 & i H &R V) H SRR FEECE ,
16 F(mXmyrXr)d, TN=(E/m) X (F/m); P
H _r ISHHRAEIX AN YERE 1T GEMM ) 2k
M, XEBHENNL ERENL BEKN 1.
3.2.3 ZHBEM ISR

Winograd Z 4 (38 RN F(m XmprXr),
EWEMARE LA ZA S HuksE. Xt

(®)

T rXr, HEIM CNNs &% L2 3X3, H4h
WA 5X5, 1X1 %, AAEHRZSLIE 1.

BRI KN 1X1 B, Winograd 3% I 2L
S, Pk, ASCEEEE 3IX3, 54, BER AT
W, VGG-16 =& H 3 X3 BEHZ, FitkiE
W, A Winograd 555, VGG-16 W% N1ZA
SEUF I R, e S s ie A LR RE VGG-16
X 2%

R4 iR Winograd 3 45 A7 5 vk i 3 m]
i, /£ FmXmyrXr)GHAE m. r Z81E N
T, EIR I L (9) .

%=1 BEI CNNs b AREERZ G

Table 1 The proportion of different convolution kernels in common CNNs

H ILI CNNs 1X1 B 3X3 BRI 5X5 B HA BB
VGG-161° 0.0 100.0 0.0 0.0
ResNet-50017 68.5 29.6 0.0 1.9
Inception-v4[18] 40.9 16.1 0.0 43.0
Inception-v3[1 43.2 17.9 3.2 35.7
GoogLeNet?"] 64.9 17.5 15.9 1.7
MobileNet-v12!1 93.3 6.7 0.0 0.0
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:m><m><r><r

(m—i-r—l)2

SR, ANFE my r W2 R A KR LB
ks ok, Wl (10) ~ A1) Frx, FEE
A B PR AL AN R S HORAR . A SCH T H
WomXm, BPYIHCR/N, 78 rXr=3X3, RI&H
RN 3X3 IESR, BARHELL . Ay
RAGERZY TRAEER, Wk 2 P,

PR INELE )

iﬁﬁ)\?ﬂﬁz% (10)
2
%wzwe:@ (1)

=2 TREYIRKNIT Winograd B0
Table 2 The impact of different tile sizes on Winograd

PIBERAN (m X m) RPN E AR SIS
2X2 2.25% 4.00% 1.78 X
4X4 4.00% 2.25% 4.00X
6X6 5.06% 1.78 X 7.11%
8% 8 5.76 X 1.56X 11.11X

ha(9) AT4n, 16 rXr=3X3 FIHEN T, H4
m>r B, ERHIE R KT 9, EuRE
N TR E AR, BRI R EIEE K.
A m F, FHSIEL . FAY ik LGB

TkHEEA LA 6. Bbib, m BUEAN 1~224, FA
fEHATH) CNNs H1, S N5K &85 LK 56 N
224, WIVGG-16 1% —Z.

W 6 ATHL, FFAE m BT, BEE m g
K, ERR I LU K SOl N B, BRI
Pk ERER BT, A izdE e, ASCE ek
m=2,4,6 I Winograd R, A% &4 2
A8 Winograd T4 F2 H o B0 FE (R RF R, B
AR AT BOH 51 2 [ A — e )i fd . T m=2
i, 2.25 fEM IR LA N RS T, 5
HESRM, AR, Bl
ST m=4 1 6 P Winograd AR .

R (4) ~ (8), AT B H A SR 7 % A
Winograd JiiAE H (¥ i H X E (FLOPs) M Uiff
RH(MACs) , =X (12) ~ (13) s

FLOPs=(TN X C 15’ X2)+

(7N><C><K><m2)+(77v><1<><m><m><(m+m))(12>

MACs=(1XCXHXW+1s X152 X 15X 1s X TN X C)+

(ts Xts X TN X C+1s Xts+2 X 15 Xts X TN X C )+

(s Xts X CX K+1s X1s X CXTN+2 X 1s Xts X K XTN )+ (13)
(25 Xts X K XTN+1s Xm+2Xm X 1s XK XTN )+
(tsXmXTN X K+ts Xm+2 X 1X K X EXF)

mXmXrXr

4 —— Speed:
9 (m‘#r*l)2

2
Kemel, HY

| —

— ot (rrH»r*l)2
nput: —————
8 P mXm

7

ratio (Input & Speed)
Wi

rXr

5000

F4 000

3000

ratio (Kemel)

F2 000

r 1000
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m

150 200

6 AEIIERA/ m X Wiongrad BIFZAE

Fig. 6 The impact of different tile sizes n on Wiongrad
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FFE, XEMRE NN L, HRR 1, Bk
N,

VGG-16 FAFE m X AL iR B4R 1)
FLOPs Jx MACs WIsZma ik 3 ps, {ENikEA
[7) Z BUGAR RIARAE -

PRARAE DL N BRI #E 2 FLOPs J¢ MACs
/N WHRAFLE FLOPs /), {H MACs Kt
W, WRSEH e FLOPs, BARn= (14) Fiw.

63 if Froa<F,
43 if Fo>Fa

Cost(Frop My Fraga M )| £63 if  Fo=Fpy and M, <M, (14)
43 i F=F, and M,o>M,,

63/ f43 if  Fpy=F; and M ;=M

Fott, Fuy A F(6X6,3X3) FXIRif] FLOPs,
Fry N F(4X4,3X3) FXR] FLOPs, Mg,
N F(6X6,3X3) FXIRH MACs, M, N
F(4X4,3X3) FX R[] MACs.

FFN(14) X3k 3, £ VGG-16 15—
MG — 2, %P F(4X4,3X3) [ Winograd #&
M, fEHARE, %+ F(6X6,3X3) 1) Winograd
B

4 WS

41 LWFERIFE
UEMIAR SR 7B a1, BEAL Bk
— & x86 CPU JiR%5#% Intel (R) Xeon (R) Platinum
8255C K —& ARM CPU AR5 % Ampere (R)
Altra(R) Neoverse-N1, AHIRBEFREEMNER 4 s,
HRIER 1 T4, VGG-16 HliE 3X3 1B
%, B, A G E AT Winograd &
RBATINE, JE SRS B ] VGG-16 %% .
VGG-16 MRS ELE 3, Hrphar T~
AT IR N RIS R
42 IWLER
4.2.1 FHRA T E M R R 2
wn 3.2.1 RNk, ASFEEE A2 5 8k
P U7 AR EA — B, WS BU AR T E
Tt XN A8 F f N B R HEAT Dy NHWC 1)
Winograd &4k, RIFERSEHEL 7 — &5 A E s
fii’y NCHW [ Winograd #iti, 7& x86 CPU L
Xt VGG-16 )— 28 Z3E AT — N ik, £55R

&3 VGG-16 FARREIRA N m 3t FLOPs K MACs K0
Table 3 The impact of different tile sizes m on FLOPs and MACs in VGG-16

c K HIW Fes Fum Mss Mps

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 3321
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 28 882.08 958.56 27.20 20.58
512 512 14 317.62 313.00 20.40 12.98

i TRIZEIRER

F4 LIWHEAR CPU
Table 4 CPU used in the experiments

CPU VY M (GHz) L1 217 (B) L2 %47 (B) L3 %17 (B) CPU 221
Intel(R) Xeon(R) Platinum 8255C 24 24@?2.50 24@32K 24@1024K 24@35.75MB-shared x86
Ampere(R) Altra(R) Neoverse-N1 35 35@?2.80 35@o64K 35@512K 35@32MB-shared ARM
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Kl 7 Frs, X BARUEEANEE SRS 1) FLOPs
—FERY, XL T VGG-16 ML H1a] 4 2 A 4
AR N NCHW Hil NHWC 3 HEA N i &6
7 St E R (GLOPS) , GFLOPS fyit% )5 X
3 (15) Fior
FLOPs X10~°

Cost
o, Cost NLPRIEHIZ4THIB]; GFLOPS
S fh AL B AR 1) R BAT SRR I BB S
GFLOPS [F{E#kR, THRERCRE R . B 7 £ 10
H, AR bR A2 B AR SC BlazerML-NCHW 1)
GFLOPS [ VLAHARSZHLN GFLOP 13 3| 1) i
b, R, BlazerML-NCHW FIIE LA 1.

HE 7 AT, ERTHRMAZIRT, NHWC
BT NCHW, Fbn] DL UE AR SCHHERT, Bl
NCHW flAiAaLL, A%l NHWC A E
GFftERE, FrLL, fE3ETRoRMSLIRH, AUE
NE N NHWC HEAR ) Winograd FR 4K o
4.2.2 ARM CPU LiZZVERESHT

BARH TS ARM CPU _E 5 A4S #4
ITBR B2 27 2] v B2 R ) Winograd 5925 S Bk
1THERELLEE, FLFE FastConv™? (— &R F
TR T C++ BEARARS B 30 A B & 1 A

GFLOPS= (15)

FFIREAIT %) . ARM NN (https://github.com/
ARM-software/armnn) (— %[ T4 X% ARM “F &
HI s R 5 28) o ARSCKTEE T FastConv 18 3CH
RBMPTE ML, 5 VGG-16. ResNet-50.
Inception-v4 /% Densenet-121" s 814% K/ Ky
3XIHIFAE, WK 8 PR,

I 8 Al%, A/ ARM CPU L#ftbs
ARM NN F 1.27~6.11 f5HniEt; 54d+%
XF LA FastConv #HEL, 7EAEFE VGG-16
s —E, Bl C=3, K=64, H/W=224 {1&H
T, AR ERA 1.04~4.28 EHNE#EE .
VGG-16 15— 24 J% FastConv HJJEEZ C
K R/, 5850 N H A4 o AR 4 0 FR 1) RS
W C K ¥JPs, {H FastConv X N84 &
fan AR R R, AR U BT SRR Bed AT T
EERVEARAL o HI TR BORRE R R 5T, PR
FastConv 1 i & I [F] S Ik ek 4\ AR 8 Rl HY
SRR R E
4.2.3 x86 CPU LiZJZPERE T

WA TS x86 CPU | SOTA (state-of-
the-art) 7K 1) MNN™* (MNN 2 gh ] B 2 BT R
()45 B IR FE A 48 WX 45 5 85) s AT MERe LA, B
MLk H L2 i — 282, 78 x86 CPU kit

NCHW VS NHWC
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i e
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Fig. 7 The impact of input data layout on Wiongrad
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Fig. 8 Experimental results comparing the performance with the Winograd algorithm in BlazerML-NHWC,

FastConv and ARM NN

ITZREVERE M, W VGG-16+ Densenet-121+
ResNext50> 4%, 45 B 411& 9 Firs.

HE 9 ATsn, HALFMSEH MNN FHEE, &
SCATR T IE AR 1.10~2.72 FE I IE L o
4.2.4 x86 CPU L A=MZ5PERE S BT

NAEWI A Winograd 5%k 7E CNNs H#fEFE
ORI ROR . AR SCHE x86 CPU AT T4
P2 PERE It . PRk —28H W CNNs 524 F
— LB Y EHE L BEAT XS B, B HE MNN.
OnnxRuntime (https://github.com/microsoft/
onnxruntime) fl TVM #:[X i, 5L unl& 10 fr
N, ATLAEE], 7EH M CNNs HEEREREH, AC
1] Winograd 5L BA —E L% . JUHEE
VGG-16 X2 8 Winograd K I &
BHEEME S, 5 TVM tEIXERAAEL, F 1.66 %
[fini#Etl; 5 OnnxRuntime LG, 75 2.47 510
I L M5 MNN AHE, ASCAE 1.19 f5H)
gL, JREE VGG-16 & A\ W fiE & 6 H
Winograd M4, FoyH AR 3X3 &R,

BT DL EAE 2R A0 22 1 0% VGG-16 T Tk AR
o XMARGARE, X TX Winograd LI
WA RSB — S L 2% b, R EAE LM
4, AHASCH) TAEMR R 11X — Bk, FIH 2Nk
F-ICBR 72 B B R AR TAE S s sk
B, LS BIFEARTIG G0 T I ERAR 1 R
4.2.5 x86 CPU LIfm]#i ettt

bR S A R AR, R B AR X
Winograd 575 7E CNNs #EH P2 LFEZ =T
WAR A AR, RITTHREYE, ASCAE x86
CPU LT 7 —/ VGG-16 £ M 4% % Le FE: RE
M VGG-16 T IE—E M Z A AEVERENN, &5
WE 11 fis.

B 11 "A1, ASCRTIR TR s R AR N
16, I Ni% x86 CPU —3LHA 24 MLy, N
R MR, AR A INZREEE] 16.
P Hp K B (1) 28 2 Tl A 28 2 2508 xS I e B ) 3
wiH. WTELER, LikREMZ, 2Rz, H
HEFLFET 2635 5 BRAR T, RIUER] 1 A Sk
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Fig. 9 Experimental results of performance comparison with Winograd algorithm in BlazerML-NHWC and MNN
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Fig. 10 Experimental results comparing performance between BlazerML-NHWC with other inference frameworks

Winograd HyE# B A IR IF 0] ¥ Bk . HEREIL AL 7 vk, 1 A B Ik R A O\ B HEAT
AE A BatchGEMM Fil TensorGEMM, ¥ it
5 & 1 T/ EERERT Winograd #RAR, FEARIEAE 2

B E 25U 7 B8 S %P Winograd FEAR
AP —FETF TVM 1 Winograd HZI  MIFIZE. #EFH TVM 1 Auto-tuning H5 X}



5 Mo o, 5. ETIKEEMNLIPGES I A shtEse it 17

EZ2 7 Tk

— SR —

1 2

4

RS AE

8 16

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

Bl 11 ZEIEFHRRMIELER

Fig. 11 Multi-thread scalability experimental results
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