Bk H1M P2 (BRI Vol.24 No.1
20254 2 A Journal of Guangzhou University ( Natural Science Edition) Feb. 2025

NEHS:1671-4229(2025)01-0009-12
He b =iy YR R BURIE T ik
xF4E, EHEY

(P BeE SIEBRPEEBE, 7R 1M 510006)

 E: ABRZERWERLGREAERAN S, LRAENNLGBETHELATEZY 0, B ARG
ik P A EREA NGRS @, MEC F ik —HF W A & e At 77 ok o N B R AR
A Y B AR P R JE R0 A A T4 . R, B R RN, AR S AR S0 BT RE AN
KARSEE T ke e, F B AR T, LFERBT ML T g5 P45 69 SR H % CMEC:
OXAZHE 2 EREBG EBENERESE, AT BB EHALH Z 4 PR QAT LAk
e B ARAL 6 S 4B I R ok, A R & EARAL R 4B [ dm ik BRI ik B QN L R A B A AR 0 A AR
KX, FIERAY, 5 MEC k48 ,CMEC 33k B A 40 R 69 P Fl 4 4 1 A48 A 422 £ CPU L3t F A
BB TR IT 61% ,4£ GPU L e R ZH 7RI T1% , £ % EERAVZ ML T £V 351F 56% 014k

#It,
KR ABRKAL; S oh4EME, HIETH
hE 4 EE . TPIS3 XHERARERD: A

Convolution optimization algorithm based on 3D block matrices

WU Feng-huan, TANG Chun-ming

(School of Mathematics and Information Science, Guangzhou University, Guangzhou 510006, China)

Abstract: Convolution is the core component of convolutional neural networks, and its performance
significantly impacts the network’s efficiency. Current convolution optimization methods focus on both
computational speed and memory usage. By compactly organizing the input image into two-dimensional
matrices, the MEC approach reduces the intermediate matrix’s memory overhead and is a memory-effi-
cient convolution acceleration technique. However, In the processing of large-scale inputs, generating
multiple tall and narrow two-dimensional block matrices fails to fully exploit the peak performance of
matrix multiplication, resulting in decreased computational efficiency. This paper proposes a convolu-
tional optimization algorithm CMEC based on three- dimensional block matrices. First, data is ac-
quired by sliding a three- dimensional window across the original image, and rearranging the input im-
age and kernel into three- dimensional intermediate matrices. Further, the input block matrix and ker-
nel matrix are multiplied in parallel, and a highly optimized matrix acceleration library is utilized to
enhance the computational speed. Finally, the computational results are converted to the standard out-
put format. The experimental results show that, compared with the MEC algorithm, the CMEC algo-
rithm has the same memory usage of the intermediate matrix, but achieves an average performance im-

provement of 61% on the CPU for computing a single convolutional layer, up to 71% on the GPU,
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and obtains at least 50% performance improvement in the convolutional neural network.

Key words: convolution optimization; three-dimensional block matrices; data rearrangement
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Ii,l[u -lwwu-1+KHop -1v -1 +
KW]«F,  +-+1,u-1:u-1+KH,
v-1lw-1+KW]=*F, =

Kw
2 (Ii,l,lt,1'+p—l X Fm,l,l,p) + o+
p=1
KW

z (Ii,l,u+KH—l,:,+p—1 X Fm,l,KH,p) + oot
p=1
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KW
z (Ii,(],u,n+p—l X Fm,c,1,p) + 0+
&
z ([i,C,u+KH—1,::+p—1 X Fm,C,KH,p) =
p:Hl KW
z z(lLlqun Lot X Fo )+
gy g
KH KW
2 2 (L - 1osp-1 XFmrnp) =
' *l pKH KW
353 U %o (9
=1 a1 p=
(2)MEC %ﬁ(i
MEC B35 1157 208 38 4 AR R b, — 2 B

HFEL, RGN o -1+ (i -1) - OW TG
BRI RT  m -1 35, 13505 S
TCER O wo WSS 1(D) IR, 73 BUE S K A
Fe , Praead A e, 15 3 & B e OH 4E B {H

BN L, 5 K353 Bk kA3 2 i 0 1%
—ATHME. XEVIERE RS v RE THL
ML HHERE . Llo -1+ (i-1) - OW,: 117
filf 7390 1 AR 2R E o A/ NERFOCR . W,
Kol e E T LIS — NN R R
m PRE T K I ARG, R BER m A
RS HITH,

Oi,m,u,v: ]i,@le:u - 1’1) - 1] =
Llv-1+(-1)-0W,:]xK[:,;m-1] =
]i,l,u,n ><];'m,l,l,l + oo +[i,C,u,1J X Fm,C,l,l + -

Ly ek X F o xw o ke X

Focixwt L wnyn X gy +000 +

]i,C,zHKH—l,zv X Fm,C,KH,l +oe t Ii,l,u+KH—l,v+KW—l

X Fm,l,KU,KW + e ]i,c,u+1<1171,1,-+1<W71 X

Fm,C,KH,KW =
c c
z ([iJ,u,v XFmJ,l,l) +t z (]ix/.u,erKWfl X
j=1 . j=1
Fm,f,l,KW) +oe zl, (Ii,j,u+KH—l,v X FmJ,KH,l) +
=

c
e+ z (IiJ,1L+KH—l,1x+KW'—1 X FmJ,KH,I(W) =
j=1

z 2 (L',j,u,v-%—p—l X mJIP) +on t

P:l J:1

2 2( i, u+KH-10v+p-1 XFmJKHp) =

j=

>
=
o

KH KW

S 3 S Unrigs ¥Fuge)e (10)

n=1 p=1 j=1

(3) CMEC 5%

fili [l CMEC kit R 2 ia AR ayd i,

[7] MEC %) 43 By A] 0, % T 46 4 4 AR oo R
O; o » BERAFERE L 0565 u D=4 085, A L,

FIL, M —AEE RS v -1+ (i-1) -

OW WICER , BRALHFE K 5 =AY T RG1h

m —1 RICER , AT =400 PR e 12 , PR 41>
AE A AESRA I, 75 20 8 AU AR — oo R
0,,,1,”1%1’]@
Oy =LOF [u-10-1] =
SUM(L,[:v -1+ (i =1) - OW,:] x
K[:em—1]) =
L[O,v-1+(i-1)-0W,.] xK[O,:,
m-1]+-+L[C-1pw-1+(-1):-
ow,.] xK[C-1,:,m-1] =
Illul X Fm,l,l,l + e+ ]i,l,u,v+KW—l X
Fm,],l,kw + - +Ii,l,u+l\’H—1,u X Fm,],KH,l toe ot

Ii,l,u+KH—1,1;+KW—I X Fm,l,KH,KW + o+ [i,C,u,w X
Fm,c,l,l + e +Ii,C,u,v+KW—l X Fm,c,l,KW +oee t
IL,C,quKH—l,z: X Fm,c,KH,l + oo+

Iz Cu+KH-1,v+KW=1 X Fm,c,KH,KW =

2( lul+pl>< mllp+“.

+ Ii,l Ju+KH-1 v+p-1 X

+2( Cub+plXFmClp+'“+

leHp>+

Il,C,u+I&H—l,v+p—l X Fm,C,KH,p) =
KH KW

22(111u+1111+1)lXlenp)

n=1 p=

KH KW
ZZ(ILFM+IIID+17IXFmF1117)=

n=1 p=

C KH Kw

z zz(llju+/)|1+])] XFm/np) (11>
j=1 n=1 p=

HIA(6) ~ (8>—f%ﬂ HIEG MEC H ik
A CMEC S50t 5k /) — MR E TR, =&
AR A RN . #F—2H, B AK(9) ~
(10) w0, 0 TR AT EOT R, BAR 3 MR
AR SRR ] H RT3 45 R W], AT
UL T CMEC B34 F =2 7 oo B e 11T A
R IERAI .
3.3 EFRESH

CMEC S35 BRI DA andai s 1 iR
BN B2 I 18] 52 2 B2 o 45 AR T L33 B B
( Floating-point Operations, FLOPs) %€, 7EAN %
JE A IR 15 O, 6 Tk AR (1, CL H,
W) BB UWZ R (FN, C,KH,KW) , IR 345 (45 F1
fi i (1,FN,OH,0W) , 35— SRR 1 7



511

KA, AF T = A B S BULL Rk 17

RIBEWECH 2 - KH - KW - C -1, T2+
OH - OW « FN Y S H . BRR R T RT i s 5
WHCH(Q2 - KH - KW+ C-1)(OH - OW - FN) ,[A
I, BRI RIS 4% O(OH - OW + KH - KW -
C - FN) ,n] Wiz S ()R] &2 4% B 5 i A EUR R G
PRI R ST A 6. T im2col 575 . CMEC 553 il
MEC 53k AT R A 1 s s SEoss, IR, i 2
A AH IR B I TR A R B

3 AN [ B30 32 AR I v [) R PR ) RS T 5% 2
FiR A BB EIER A (N, C,H, W), BRI
JEARA (FN,C,KH,KW) , MEC 53k R B 2453
W s BE R T 20K, B KH > s, , BT H (A A P32
B MEC B33 v ()46 B 5 I A L im2col B8
/TR KH %N 2 2 a1, CMEC 3k
AR AFRE L G EE K WS
MEC 535 . I, A T im2col 53, CMEC
B R R AR RE N A0 T KH A

L 1 CMEC BB

ki A : Input tensor( N,C,H,W) , Kernel tensor (FN,C,KH,
KW) , stride(s,,s, )

1: O<«tensor(N,FN,0H,0W) ;

2. L<«tensor(C,N+- OW,H - KW);

3. forn=1to N do

4. for w=1 to OW do

5. OW,:]«Input[n,:,:

Ll :,w+n-
reshape(C, —1)
6. end for
7. end for
8. K<«Kernel. reshape( C,KH « KW ,FN)
9. forh=1 to OH do
10 O[h]«SUM(L[:,:,h - KW + s, :h « KW -5, +
KH « KW] xK). view(1,N,OW,FN). permute(0,1,3,2) ;
11: end for
iy 0

FR2 3 FEERH R EIEREXR/D

Table 2 Intermediate matrix sizes for the three algorithms

Ak WA L BRI K SR
im2col (N-OH-O0W,C-KH - KW) (C - KH - KW,FN) -

MEC (N,0W,H,KW,C) (C - KH - KW ,FN) (N-OW,C - KH - KW)
CMEC (C,N - OW,H - KW) (C,KH - KW,FN) (C,N - OW,KH - KW)

4 Lip 5 oAt

4.1 ZBFEEMRE

ASCHE CPU Ml GPU | 3&F Pytorch JF Y5 AE 42
SEEL CMEC 59, CPU #8-54 Intel (R) Core (TM)
i5 —8300H CPU2. 30GHz, GPU -} NVIDIA GeForce
RTX 3080, A< 3Cfifi i Pytorch $248t) APT 35540 [
Jeid:,ix APLAERL T BLAS 4 MAEU%E, vl LITE
CPU A1 GPU I fH$E = &b 1155 CMEC B i
YRR

Y AT 59 E AN A R MR BE, R R
GRUZSLIFN 3 A L 8 TR 28 ) 246 4 2 51
%o TERAEIUZIE T, N 3 s, I T 12
MERIZE A G BUZ LI A4, X e
BUZEREL A % g M 4%, B im2col J5 74 Ml
MEC FyLAE R 525 ) e 4, Mk 3 Fh i e
CPU 1 GPU FitSHRAHRIZMRCR, LTy
ZNTE BRI E B SE B 3 R AR, R O ik
BAT 10 R, BOF- 3432 47 i A, P 2 =R A

P B AT s ) o L
algorithm
ot + Thipe + Toue
H A algorithm 43 ) B im2col . MEC #1 CMEC,

T pgorivm PN AN R B S B IB A T IR IR]

x100% , (12)

F3 MhkE
Table 3 Test sets
B HiA HER DN
(C,H,W) (FN,KH ,KW) (s4,8,)
CV1 (3,227,227) (96,11,11) 4
Ccv2 (3,231,231) (96,11,11) 4
CV3 (3,227,227) (64,7,7) 2
Cv4 (64,224 ,224) (64,7,7) 2
CV5 (96,24 ,24) (256,5,5) 1
CvVe6 (256,12,12) (512,3,3) 1
cv7 (3,224,224) (64,3,3) 1
CV8 (64,112,112) (128,3,3) 1
CV9 (64,56,56) (64,3,3) 1
CV10 (128,28,28) (128,3,3) 1
CV11 (256,14 ,14) (256,3,3) 1
CVi12 (512,7,7) (512,3,3) 1
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TELRE I ZEAEPSCE o, BEPLIEHX ImageNet
AL Y 2 5Kk R I 51, BRI Pytorch (Y
YN LA 8 AlexNet , ResNetl18 F1 DenseNet121 , %
3 AT 25 0 2% 5B o i) BT A 4 BRUZ 23 i) £ ]
MEC 553281 CMEC 5532 52 30, 0 302 46 I i) A 7Y
[ i 41 BEBIT #E 9% (9 I 5], TG 23 B CMEC 53378
BRI PERER B, A3 (13) 3HRAM T MEC
A B ST

T;vmc B T&\mc

T x100% , (13)
Horp, T 378 MEC BB B BUR S5 #h 22 W 4541
IE#gK@HAﬁ%EgHj‘I‘Eﬂ ’ T:LMEC%%% CMEC %\4&%%@
B RUZ G P2 I 5 — K R FE SR AR R]

TG LT TVM P 5 523
DRARSEE TV Gaidkal ™ J&—Fh o U503 1 s 1) T
JE257 ) i A, SCRE(E CPU L ARM 45 22 A 1 52
Foy b ER 2 AR BE 7 S BT, N B s AR

2, AT LA s HARRE A AR BB T oK B R AR A
DIRTG IR RE . 1 T TVM - &5 BYRRIR I, A 5C
ANESCHRL15 ] R AR TR T X b
4.2 HEEFERARES T

R 3 Fras i 12 A W 4 AR A il
REE, HLKR batch = N =1, {fi | im2col . MEC 0l
CMEC FyE 3R U A GE 1, 55X & 78 CPU |
IBAT 10 YR, AR e ] i R e 46 1 7 24 38 A7 ) [E]
3 P AR v () AR MR 0 R A T B 5 e a3k 4
Fi7R o B3R 4 Al g, A v ) B e 4 ad AR vp, AH R
T im2col Bk, CMEC 557k (1% Hh [1] [V 6 46 1k fig
FEHRTE T 93% , HiE T MEC 3%, CMEC 55
F18) P T R R P i 3P 42 T 88 9%, Hivp, e
51 CV1 ~CV3 CV7 ~CV8 4R TR i . 1
XL S i A BRI RT3 I 4 MEC
SRR H 4R — I SR U R B R R R e
B2 , Nk m 1 Uit

=4 3HMEEREDEEEERIENIFHEALE

Table 4 The overhead percentage of the three algorithms for the intermediate matrix transformations

ERZ AT

Fk CV1 CV2 CV3 CV4 CV5

Cv7 CV8 CV9 CV10 CV11 CV12

im2col 0.0391 0.0419 0.1235 0.3006 0.0119 0.0036 0.4622 0.2378 0.0597 0.0190 0.003 8 0.000 8
MEC 0.1332 0.1864 0.2533 0.2467 0.0092 0.0020 0.4004 0.1917 0.0503 0.0122 0.001 7 0.000 3
CMEC 0.0018 0.0009 0.0052 0.0174 0.0009 0.0004 0.0071 0.0070 0.0023 0.001 0 0.0003 0.000 1

4.3 CPU LHEERUERSN

BB AR N batch =N =1, 7 CPU |
1 3 FAE TR A RZ, AR, CPU
B3 FEIETIRE IR S gk 5 iR
25 AT AT im2col 5L, CMEC LIRS
FREE e TF 1 21% , 40 T MEC 350, 4%
FUPE R ERESE T T 61% o Feillith , %F T/ iA |
KRSFH A4, 40 CV1 ~ CV4 . CVT ~ CV9,
CMEC kiR RCE 200 31545 70% L) E

MEET, iX W] CMEC 53303 5 38 A5 Ab /Nl 1 K
RGP EIR . T =45y PB4k i #2 v, CMEC
R B A GE AL ) RO N R (C
N - OW,KH « KW) (1) 53 Y36 B i A IEZL C
JIN ARIRC3 B A B PR, = 2 R e 1k R
o AH b, X FCG E /N RS A ES Bl an
CV6 .CV11 fl CV12,CMEC & 3: it P RE 38 7+ A B
i, FERLT im2col FL AN MEC 553k

£S5 CPU L3 #MERITEERBNFTFE S

Table 5 The overhead percentage for three algorithms to compute convolution on CPU

ik ERZ LTS

CV1 CV2 CV3 Cv4 CV5 Cv7 CV8 CV9 CV10 CV11 CvV12
im2col  0.064 0.051 0.178 0.293 0.009 0.003 0.594 0.208 0.051 0.014 0.004 0.002
MEC 0.183 0.147 0.324 0.355 0.009 0.006 0.476 0.149 0.040 0.013 0.005 0.008
CMEC  0.008 0.00 0.012 0.036 0.005 0.006 0.031 0.039 0.007 0.005 0.003 0.007

4.4 GPU b3 #ERTEERIFHGEL
T BN GPU 3 0 P RE , B A
FURAYALIK batch =N =32, FIGE—H A B4

#3J ( Compute Unified Device Architecture, CUDA ) Jf
ATEEHE 3 AR AE 12 AN 41 AR 3 A
Pt PRI [E], B R s ] Stream
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RAAE, T S PR R B BRI 19

EHANSL CUDA b AW IR AT 55, 50 A 550t A
Fl GPU (14T AL BERE J1. GPU | 3 R LI E
BRITH E W E 6, i 6 AT, AT
im2col .7k, CMEC 535 7E GPU it B ZEH
R PERREE T T 75% A HLF MEC 4535 , CMEC
R A S 3R T 71% . MEC 353 1 CMEC

B m AT RETE AP MR #E GPU [
AE, WA . im2col HUF IR FE L, [FRERY,
2436 )3 T8 BRI, 4n CV5 .CVI2,CMEC
BRI R A, (HE& CMEC H¥E7E GPU 1Y
SAMERBIA SR T im2col FYAF MEC 53

&®6 GPU L3 MEZXRITESRHIFE AL

Table 6 The overhead percentage for three algorithms to compute convolution on GPU

ok GRS

CV1 Cv2 CV3 Cv4 CVs Ccv7 CV8 CV9 CV10 Cv11 CV12
Im2col 0.455 0.200 0.448 2.398 0.100 0.033 1.446 2.471 0.496 0.135 0.035 0.015
MEC 0.084 0.083 0.231 0.345 0.025 0.013 0.682 0.463 0.049 0.022 0.010 0.004
CMEC 0.033 0.034 0.065 0.113 0.027 0.008 0.258 0.184 0.023 0.009 0.006 0.021

4.5 FEHREMEEE R NES T
F7 TEIMEEEFESH

Table 7  Efficiency analysis of different network models

AlexNet ResNet18 DenseNet121
KR HEZE
/s /s /s

Figl MEC 0.196 0.667 1.426

CMEC 0.036 0.149 0. 646
Fig2 MEC 0.192 0.622 1.428

CMEC 0.030 0.138 0.591
Average Speedup 83% 7% 56%

Wi 7 s K 3 RN GRE B FUZ 7l
iy MEC #ll CMEC, SE 1 9 26 HE 3 — 5K 18] Jr A
REYIHR], SR s AHELT MEC 383% , CMEC 5k
5 AlexNet PIZE - PERESR T T 83% , X T I
JZH) ResNet18 [, SF-EPERESE T T 75% , A%
RN B IPZ M 24 DenseNet121 Hr, CMEC 55
TR T R AT 50% . n] UL, Bifi 25 R0 2% TR
I, CMEC Sk i P RE SR T B2 218 o 32 PRy
DenseNet101 H1 (L5 A KIEIER 1 x 1 HFM
3 x3 B, CMEC SETE TR =4k 73 B [ 5
BRI, 2N RS 1) 46 BRAZ T R i AR R 18 40
PUEME 2, 88 T iR s 38, s E R,
FE C J5 1) 43 E0 5 A R T AR IR0 B A ) 850 3

S 3k

18, T BUR L A TERE T e, (HRAEE R 2
W25 BT B, CMEC 535 i B AP B 2 A T
MEC 53

NN ‘a

ARSCHR T —Fh A7 R 3 e ) 2200 18 4
FURALTETE: CMEC Kb A BUL A BUZ 414
R =Y TR A B 5 A6 R Y = 4
SRYUE R, B e A R B N AT R B 4
HFBRA NCHW 8 :0. 7ENAEHF S [, CMEC 55
) R R R 7 AT B im2col BVEIK /DT KH
%o TETFRACE b AHECT MEC 53k, CMEC Bk
{14 T (E R P 2 e 303 P B 4 7 88% . 7E CPU |
THE R BRI PERESE T T 61% , 7 GPU I
PERER e Tt T1% 75 2 )2 5 U ph 42 W 45 v 22 /b
345 56% W PERESE FE. XN A KRR STH R,
CMEC FyA7E 54~ 5 BUZ FE F ph 22 N 26 v 1 3
BITERERIAR L T MEC 53k i —24ifk CMEC
S P HA P IGE E DRGSR AR R
REIBFFETT ] o A, A SCFEZE X NCHW 04
At Jr) T SRR 0 FT 10 AL B R AT 04k, X T At
B A Ry DA SRRV 1 B AR 3 i A A
HAHBRE T
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