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Evaluating matrix multiplication-based convolution algorithm on
multi-core digital signal processors
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Abstract; The matrix multiplication-based convolutional algorithm, which can efficiently implement convolutions with different parameters, is
the first choice of convolution performance optimization for a given chip. Based on the architecture of Phytium heterogeneous multi-core DSPs
(digital signal processors) developed by National University of Defense Technology and the characteristic of the matrix multiplication-based
convolutional algorithm, a parallel implementation of the matrix multiplication-based convolutional algorithm ( called ftmEConv) for different
convolutions on multi-core DSPs was proposed. The ftmEConv consists of four parallelized parts ( input feature maps transformation, filter
transformation, matrix multiplication, and output feature maps transformation ), all of which were optimized for multi-core DSPs, and the
performance of each part was improved by effectively exploiting the potential of all functional units in DSP cores. The experimental results
demonstrate that ftmEConv achieves computational efficiency of up to 42.90% . Compared with other implementations of the matrix multiplication-
based convolutional algorithm on heterogeneous chips, ftmEConv gets a speedup of up to 7.79 times.

Keywords: multi-core digital signal processors; convolutional neural networks; convolutional algorithms; algorithm optimization

[tz N T HE + (artificial intelligence +, Al +)
AR DR 5 JB , TR EE 25 ) TR T M e 454> S 5 B
THARFEM A — BRI ERE MY, &
FHAH 25 ®Y 2% ( convolutional neural networks, CNNs)
Bz N e A R g b, A s gt A
RRER BRI A AE CNNs p A5 FUR o 4
TRER BT TE A, AT AR A2 Ak Bl
“hj CNNs 251 RE 1) G 8, H A 7 AR A

«  UeFs HHEE.2022 -09 - 13
E&TH : HRK A RFHE 4 B H (62002365)

M AR A

KRMERZHEN TR ETEAHES
A0 My B kAR 46 (fast Fourier transform,
FFT) % F0° " | Winograd & F " 4H 1  %
RO UL, HES RS RIS BUZ I
S SCH AT S, AT R Y PERE , 18 5 2
xRN BB KRGS SEO T,
FFT fil Winograd % FU5E ¥k 4 5 3 b FFT A

{EER A TAR(1987—) , 5B SHoN B A, BIAFoE 61, 1+ ,@ij:éEEFUﬂT,E—mail;wangqinglin_thu@ 163. com;
Fm AR GREES) B IERKEB A, A, E-mail :18903588277@ 163. com



o1 4]

FPR, 55 - ZRECTR 5 b PR R MR 4 AR 1 M RE I - 87

Winograd F4fe e AR A AU J B, PR W D 4
EAE AR R B B, PR
PRl i T B AR &, 1 Winograd
s RiE G TERZ KRN 3 x3 iiEH.
A S A PR SR W A BT B e 4o Ay il P 4 e e
BAE, BB BRI R W E T H % 2
PyTorch' ' TensorFlow'"® 25 Vi B 2% 3 HE 28 L K
cuDNN''"" oneDNN""*/ 2 juf 22 [ 4% i 1 B 42416 114
AR E (I o £ AN R B oA W R 1] B
o QSRR R P 5 AN B TR R 5 Ry — 1A, U e
FPAk o0 B I BRI, PO B 0, B ARy
A, A E R AR ARG E
FE T T A A0 R I 3 o R A D R I o o 4
JERSELIETIT R, A& RSB & it s
PERESEBLAEAL

FT-M7032 & [ By B 4 K% i n] E 9% 315
B F=H B — 3K i 2 R S b
#2190 (digital signal processors, DSP) , [ 32 />l
F DSP #4011 /> 16 % ARMv8 CPU #4)i%, 7£E
A 1.8 GHz I, 42 0ts F (1% SRS J32 T A e /L 1
fAEIIA 11. 06 Tflops/s, 7ER} 271158 F1 N T2 fig
YU EA B R Ty, 78 FT-M7032 t 35
AEJ) E 2 32 Al ] DSP %4tk A T R
O T AR FI D FE , 3 ] DSP AR Tk T MK AR
YT AT B A, IF R FH A 425 ] A9 A i
YR R B AT AR5 T H A7 it 4 A7 HR (divect
memory access, DMA) F 4 E 47 A [W] A 2 IR Z
] E5CHHE () A& 5 . SR T, TG ] CPU  GPU 25585 F 1Y
CABIEAE FT-M7032 | i& ik B ia 17 a4 1%
PR E R PERE . UL, B X 2 4% DSP B ik &
SR EAT LA 2 FT-M7032 & 4% = PERE 1T
A1) B I

1 [n] FT-M7032 4b 3 ¥ B 2% 2] i FH 5 2K,
ARICHE G AR R AR AE, TE VR 40 20 i 1T FT-
M7032 5th Fr b SR X e 5 AR i & 4
AREEARRHER b 2 T — i 6] 2 4% DSP 224
O o= 35 S W T AW Sl U K £ AR M R A7 S
ftmEConv , FF-5R AT T AN W] 9 46 FRC B % 35005 A7
THANTERE VR . MR 25 R IR, ftmEConv P fE
Pt 7 FT-M7032 3tk 7 b i HoA i 200 PR e 5
S5, A% 1 ik 7. 79 5 I, d ik
F| 7 42.90% ) Z ¥ DSP WE(EPERE, [FM, BF XS
BRI R AT T VR4 o A, B O 5 22 ) FT-
M7032 WS FR B T J7 W) o ASSCEAERT T
3l FT-M7032 75\ T %8 A8 40588 i 1z T, DA A T )

FI-M7032 9 55 35 5 b A A, ¥ B A 5 221

1 HBXEX

1.1 HREX

A SCHWTFE T B PR T — 4 2 s AR, 4
BRI ARIEE S ILN][C I [H W ]LL],
MAGRE R FLCIKJIH LW IIL], BM
o ARy OLN] LK I LH,JIW L], H
H, N R A RHE B RO H B W, 53 5
FoRaS ] b BN S8 RE , L s A ) g 4 B
BAICIFAT AL B K SE L, €y A K 2390 27
N\ TE Rl L S 1 2 B e AR IE RO C =
Cyx LA HdEE K =K, x L, BRITREBRL
KIUMRIE S, T 58 R/NFRIC N P, W 4 e
ALY o B AN 98 B2 3 5l Ry H, = (H, +2 x P~
H)/S+1,W, =(W, +2xP-W,)/S+1, &F
DL EZOER R, TR 27 ) G rp i 45 BUE X
B/

O'Mkdﬁwwu,kl = 2 Z 2

cq=0 ¢ =0 hg=0 w;=0

F. kg tuni) (1)
HA,0sn<N,0<k, <K,,0<h,<H,  0<w, <
W, L 0<k, <L,

1.2 EMEFREREE

FEL P 3 5 PR R 5 B R e 4 il
PRI . RIS 11 SR e X, 50
Fe B RIS R B AL AR 1 s, 26
— 5 (Step 1) S8 ARHIE B 6 46, KR 45 4 R4
AT R A AR R T 564y A FEFE %0
BRAF BB R ) — SRR
i A\ GEIE B R NERERT R R B I e R i
Wl A B —717, FR A im2row (image-to-row )
VR RS ¥ A FE I — 51, W FR Sy im2col
(image-to-column) #fE ., A5 S i h 2%
W im2row 54 A FEFER CRATALM ] [K' ] 5%
N, HPp M =NxH xW,,K'=C,xH xW,xL,
(7] s AR s B 025 A TR T3 18 5 SR SR FH HL o 1 11
BlAi /R AIN][H LW LCJLH LW ][L]
Fono 5 (Step 2) ¥ B F ¥l
BLK'][N' ], Hrp N' =K, %5 =2 (Step 3)
PATHGEFARAE C =A x B, Horp C HFER/N A
M’ x N, 55U (Step 4) H4 C J B 5% 4 oy 45 11
)% R O,

( In eq,hoXS+hp=P w,xS+wi—P,c *



- 88 - (FE TR SR S AN S

5545 &

Bl RBEERSREZE
Alg. 1 Original matrix multiplication-based

convolutional algorithm
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Fig.2  Micro-architecture of each DSP core in FT-M7032
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Alg.2  Parallel matrix multiplication-based convolutional
algorithm on multi-core DSP (fimEConv)
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1. Step 1: P& cache_flush_all( ) % CPU Cache H
HIN%EE [E DDR
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FEE

3. Step 3: ] DSP ¥ transformF (B, F) pRE#) & B
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7. Function __ gemm(C,A,B)
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9. Call TGEMM(C.A,B)

10. else
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Alg.3  Parallel implementation of im2row algorithm
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. for n=08:N, :N do in parallel
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10. Call im2row_kernel ( )
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— K DMA eRECR S W, 458 5l ~F- e 4t

S5 =20 (55 14 4719 Step 3) : i Hl— 1k DMA
PRECH AM ZS R I, [y T ey, 1 DAL T WITTL]
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Fig.3 An implementation example for im2row_kernel ()
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Cho JIW, I Leq JLH LW ITL], AR BES ) H, 4k
JER BT et , b S ZAYERE (I by, x W, 4ERE
5 e 4ERE) Z RS

ST (5 16 47HY Step 5) : ] — 1k DMA
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4.3 ERREH

XF 1 x 1T EBORUL,F 5 B 5821,
AN EEHATAT A 46 s % T HoAb N 3 % 3 S5 45
R, T ZEXS F A7 ks U e, A SOy 52 B an 5%
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Alg.4  Parallel transformation of filter tensors

BWNFICI[KJ[H W, ]L]

W :BCLH][W][L][K]

Lo AR BB/, 5 C K 4ERE A2 BRI
C, K,

2. for ¢ =0:C, :C do in parallel

3 ¢, =min(C-¢,C,)

4 for &, =0:K,, :K, do in parallel

S. ky, =min( K, —k,,K, )

6

7

8

Step 1: M\ DDR Hff F THAEA AM K F
Step 2: $iHE B HTKR W F, 450 B,
Step 3: M\ AM H11#y B, f& %] DDR (¥ B
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TGEMM SZBU A, 454> DSP K — AL BE N 4 JiF |-
IR /N R 96, A N' =8 x96 =768 B, A fE
{4 GPDSP #Hf 8 /> DSP 4% #5431t 51 4]
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Alg.5 Parallel transformation of output feature maps tensors
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