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Abstract  In the era of artificial intelligence, RISC-V, as an emerging open-source Reduced
Instruction Set Computing architecture, has become a new platform capable of adapting to evolving
deep learning models and algorithms due to its advantages such as low power consumption,
modularity, openness, and flexibility. However, in environments with constrained hardware
resources and power, the basic RISC-V processor architecture falls short of meeting the high-
performance computing demands of convolutional neural networks. To address this issue, this
paper introduces a lightweight depthwise separable convolutional neural network accelerator
based on RISC-V, aiming to compensate for the insufficient convolutional computation capabili-
ties of RISC-V processors. The accelerator supports two key operators in depthwise separable
convolution: depthwise convolution and pointwise convolution, and enhances resource utilization
efficiency through shared hardware structures. The depthwise convolution computation pipeline
employs an efficient Winograd convolution algorithm and reduces data redundancy by combining
2X2 data blocks into 4 X 4 data tiles. Additionally, by extending RISC-V instructions, the

accelerator achieves more flexible configuration and invocation. Experimental results demonstrate
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significant acceleration in pointwise and depthwise convolution computations compared to the

basic RISC-V processor, with a speedup of 104. 40x for pointwise convolution and 123. 63x for

depthwise convolution. Meanwhile, the performance-to-power ratio of the accelerator reaches

8. 7GOPS/W. The combination of the RISC-V processor and the accelerator presented in this

paper offers an efficient and viable choice for deploying convolutional neural networks in resource-

constrained environments.
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FERE /N AR R E R R 32 17 8 Y
AFAE A AT AEAE . AR 5 4 B 5 iy 808 I 4 ] 32
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KSR AL 8 1 VT, R L AF i 25 19 B S A7 il BT
AT DAGRAE 4 A 8 1 %54,
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L9832 HAE. 7E B BT AT . X 2 BRAM
DL Fe g o 77 X T AE. A5 4l BRAM FEA7ifi 58 21
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a0 55 AP 2H BRAM W AT D422 ST 1) B . 3 b
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AT 2 X2 BB BOE A AT DLAE A A — 2H
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A G0 B3 o i R HE BT 0.1.4.5, -,
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TR EURIC N VULV RS UR - 18 AR ik A
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4 ETFRISCVHERIES ERALH

AN AT RISC-V 4b B 4% 3 7Y HH 56 4 ¢F
Bt B A RISC-V MBS e R T
17 4 RB RISC-V 484 B T —E BRI L%,
DU R 3G g, 855 M HNZERIE S R 1B
T TensorFlow Lite JF 1 (%) 45 B2 pR 2, fff i 28 ) 2%
HESR I BB A% B 2l F o s AT AR
4.1 HRELEIEIT

TensorFlow Lite J&—/ % 3 v #ilt £ WX 2% [, 7]
FTFAER S i 28 Il ) 2% A At i 2% 1% &5 bR 8
R, A SCHE RISC-V Ak B g8 | 3E T TensorFlow
Lite FEHEAT Bl 2 2% 1) &8 2.y 1 52 I AL 3 45 X TR
JEW] 4 15 45 R s 1) 8 T 75 B AE RISC-V 4 #i
i 0 R AH G P A E AR 4.

AP EE RISC-V 458 4 & 1 & LR vk, nif
HR I 07 P 5 2R RN 4 e 403 A0 LR L ) 3k AR 4R A B
BMAS FE A I RE. 48 A YT R E o 5 A K
R RFEL L LSRN 5. R B
g4 — ks X 5 s, R 848 4 T RISC-
V 4k B g rhar A7 g S A AE A 2 IR EOE R A KOE
K32 L AL A F B BRI A 32 iR
A 50k B A A7 a8 rsl Al rs2, 3R B 32 fif
(25 3 B 4l A7 it 76 27 A7 4% rd o, opeode Bt 4R
B35 42K R, funct3 A funct? F B B T 40 40 F 5 80
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31 2524 2019 1514 1211 76 0
’ funct7 l rs2 rsl ‘funct3‘ rd l opcode ‘

Bl 5 RAHEA#H

N EINbE RS

Wi e i 45 A AE AU P asm IR 4 B9
07 ACHEA TR R A BB 2 9 AN [] i 4 AU B Al
CH+ 1 #define Z R 35 3% 18 o8 B9 B 50, 72 F2 7
i B M D7t R L LA RR B R 5 R A A
YRR

NS R D BE . A SO R T 17 45 R A
RISC-V $84 JE i — & & T8 4 4, AT AXS Jin e 2%
HEAT R0 B9 T L A st & 2RI B AR 2 R
TAHIRAR A AT AR B, AR SO Y AR I 4 % opeode
Bi¥y o CUSTOMO, 3 M 3 0t — A5 4 B 95 & B 5%
T80 T A R/ funct? 7 Beiff 47 X 3. 484
A rsl FEAE A 1 4> 32 (V54 . funct3 Fl rs2 F
B @ s . HEEERELSEN R L NED
# 2 Fn.

R2 BRECENESHE

74 2R Ty i i B funct7 EASH FEYEE-2 4
SET_SWITCH BB AR 0100011 MBRLOIRESR 1
SET_INPUT_WIDTH PEE 0100101 i A 50 R 98 —
SET_INPUT_DEPTH_WORDS BESH 0001010 i N30 R P 3 B —
SET_OUTPUT_DEPTH WESH 0001011 A T R R 3B —
SET_INPUT_OFFSET WHESH 0001100 KR 1 offset fH
SET_OUTPUT_OFFSET wE S 0001101 RO 09 offset {8 —
SET_ACTIVATION_MIN WE S 0001110 AR Y B ME —
SET_ACTIVATION_MAX wE S 0001111 S Ab O Y Je KA
SET_OUTPUT_BATCH_SIZE WESH 0010100 R BV TR U 0 i R 8 2 —
SET_NUM_TILE KBS 0100100 VR 26 R A T S0 IR 19 5 A B8 Bk —
STORE_OUTPUT_MULTIPLIER b 0010101 Multiplier ¥4 —
STORE_OUTPUT_SHIFT FE At 5 Al 0010110 Shift %4
STORE_OUTPUT_BIAS T B 0010111 Bias 3R —
STORE_FILTER_VALUE 1At B A 0011000 D&Y —
STORE_INPUT_VALUE 1At KAl 0011001 LN &/ —
MACC_RUN THRHRE 0100001
GET_OUTPUT TR [ 5 4 0100010 — R ELE S

4.2 REFAHBERIH

TensorFlow Lite R & F 0] LI N B &
XTI BERELET IR EN RS
BB TR BE A B R R A . 22 b 28 ) 2% # 3 ok 7R
S AN EE B e R T W S e K ) G D S i DR i
FHINGE 28 FEAT 354, S B hn . il T 3 2% i 7
fitt 75 1 A R AT RE TG 1 — UA7 Al 42 9 11 6 B AL
i B AT B T D I A O AT S R R
H 3 T HE AT 43 A R T B 43 R A A
s B HEUCTT S I K i A B AT 9 A bR O A
i 2 i B A i A B R R AR TR AT 0 A R T BT
A E B T RIS A B A o
2 B0 O R TR AT 20 A AR R 2 YR E G Y
EUE. AEBITR R AR INAE 1 PR, 5.6 |
T A FE e G v K TS S AR IR AT L T A PR AR
.

Bt 1 SEPUTERE.

A A BRI RS input SUEBUESE [ filter . 5

B8 params, Bias, Shi ft, Multiplier

it - A B BCHE B out put
Lo Wbadl . 5 B U S AL B B B S 4L
2. FOR EACH & #tk
30 VIO RO A R AR (E base B HUME end s
4 ¥ base % end 3 1B 1Y Bias . Shift.Multiplier ¥
Tt FAS T BCHE A7 it 0 o T 2
A — 21 i N\ B A7 B s
RIS
FOR EACH 4341 %t A\ B4 € Tl % 1 4 A 50408
W — 21 B AR A7 A ) o s 2
T[] — 20 4y 1 540 5

10. KA TF AR RAE S

11.  END FOR

12, HIal— 2 o cd

13. END FOR

TR B AT AT o i B e B 40 AT
i 1 B R A T SR B K A B A Gy
., g 2H iy A\ BCHE O A BRI R R — A T TE N Y
L U7 I B 508 . T LR IR S A 31— 2H S A
it o g 2 8 BCH R Dy — A 3 TE Y R A

© [e) ~ (=2} w1l
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Hl

s, WP E N E R mAE 2 k.
Bix2 REEPUMERZE
F ARG B input, BUE B FE TS filter, 51
ZH params.Bias.Shi ft Multiplier
i Y < R BT A R BN R I out put
L WGl W E T BB O RSB BB B A
2,
2. ¥ Bias.Shift.Multiplier B4 AL & KI5 77 fif 2]
i 2
3. FOR EACH %tk
4. FOR EACH 4541 iy A %08
5 A — 2H i AR A B s v
6 KIS
7. B w1 — 201 ey ) 0
8 END FOR
9. END FOR

FE 1 MR 2 78 BRI B R R
GRAE 2 P T A i, S i R — A
B A7 A 2 m 2 A5 b R E A 2 O ¥ STORE
INPUT_VALUE” 454 #4752 8L Skt g & s JF
WA S B i P START_RUN” 45 4 iF
FTS2 B B rp i I Il — 2 o b R R L 2
W H“GET_OUTPUT $54 #47 52 31

5 REXMRITM

AN AE L BRI FPGA JF & AR 1 S2 8L T r ik
TR R AR OGN 25, B3t T SE S B0 B 1 0 R ik
FHAR O o 38 328 % ¢ B8 1T B 465 UM 28 I 4% 00 A7 350
B SR  oF finHE E E EA  A5 20 0 L | 0 {E 1 B
5.1 FPGA &3

A SO RGE LT 68 Arty-A7, 10
B 6 FT/R. iZIF & MR 1 Digilent 24 @ #E ) . #5 # Xilinx
AN XCTAL00T i i it F#E R AR I
i AR R GTIFE P — A 06 T RE s R
5.

ARSI RISC-V 4k B 2% {# ] Spinal HDL i &
TF &, s 28 W 4 ) Amaranth 8 {44 5 38 15 5 17
JF & . WA AR 3 SR Vivado 2022 30038 i 25
G R A 2k LA B 4 1R A% B Vivado 3817 F 58
Ubuntul8. 04. RS0 2h 45 R % B N 75 MHz, # 7
A B R 0. 151 ns. 6 3 /R T I &R 40 i 1 %
VA AR 00, 4 R 0 1 B8 R o FHARAIR X ts i 45 28
BEUE A I AE 200 LT

AEBHEE BEEEHEEE

ADIGILENT P
3
. =
" ARVAVNET
.{;QHEBEE saEBBE
= : < = FEEEELE] BEGEEE
=0 xm  (E - ZEXZ XFE ETE E
X L E’"}j ﬁ‘i [i E.'[.
bl o Sl o< 5 fom  foH G20 GoD
K 6 Arty-A7 FPGA JT & #
*3 WHERREEA
e RISC-V N - I
T {7 % U5 o EEEE HAAME BMAE BMAEE/ %
Lb 3 2%

LUT 3027 5434 2624.0  11085.0 17. 84
Registers 1747 2449 2261.0 6457.0 5.09
BRAM 6 8 10.5 24.5 18.15

DSPs 4 32 0 36.0 15. 00

AL RISC-V AR B8 2R 1 00 7K 2844
AT TEAIIC B AN 4 iR, % RISC-V 4 3 &5 3 ¢ ]
FUE SE SR AR A R 0 5 R TN BE. FE AR
AT 38 4 ff 1 [ Bt RISC-V b 3 28 25 17 591 24 iy
B RZE R AT S 45 8 F 7 48 4. At b
i B I o 8 ok AT A N 1 32 B8 [R] IS e g
1% Hi R DG G A AR A in 3 #4558 BUAR B 18 S L TE 4R 4
PAT KL B S [l By B o 45 315 [l 3180 0 1) 75 47
. % RISC-V Ak LA 347 PR RE T HOAS RS 27 A7 &
(Performance Counter State Registers, PerfCSRs) ,
W 27 A7 A T WO AR I A SC Ak B R RE A0 15 B
FVFRRIF R0 e 1 B A0 0 A B O 1Y 1 e R
fiE 451 045 4> FRAT UE B AF- i v R A

%X 4 RISC-V QIBERE

i fic B 5
ookt 1
{7 5 32
& A g RV32IM
1-Cache K/ 8SKB
D-Cache K/ 8KB
JE 75 o o 2 &
PerfCSRs %k 8

RISC-V 4b #2855 {d Fl TensorFlow Lite JFE#8E
M2 M 4. TensorFlow Lite J&£ N ¥ F MobilenetV1,
Mobilenet V2, Xception 254 UL i FI T IR JE 0] 40 &
LI 2 M 4%, TensorFlow Lite #% 2 A9 R 2% 455 AU
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B TensorFlow BARVERAR T, ik B 15 11 A9 R
AT B A BRI 2 0 SR S AR SCE R 55 4 i 5 7
TensorFlow JI| %k #f & [ 4% , Il 4R 1% %5 5 Intel (R)
Xeon(R) CPU E5-2678. i)l Zx %5 4 4 CIFAR-10.
CIFAR-10 %4 £ & — > H % 5a P0 R 10 % 6 18R
AR A 60000 5K RN Ny 3232 KK,

%) 28 5 A )1 25 52 85 {8 B TensorFlow Lite f
converter R RUEAT M FUHE 0 S R Ak, B AL T ik
RN JE AL, B AR B2 uine8. F% 4 i {5 ]
Hodl £ b 1000 i A B R A3 e B gy A(EL L Al 5T
JIT A i AN 1Y 3 2535 il TensorFlow (#5884 3C
A )5 19 B 5L 19 TensorFlow Lite #%% 3C 4. DA
Mobilenet V1 51 S i, #i ] converter & 4k I %%
Ja BB SO R /N 37. 32 MB IR T 3. 36 MB,
KN JE A 9 %6, [l B e 2R JL-F- A T .
5.2 fniE=gtEREITAE

TensorFlow Lite J& GRS, AH 3¢ I 12 A 85 £
CH+ i F #4578 & JF & T Al Visual Studio
Code., [0 2% F5 AU KA 0 5% #5 y C A+ B g Lk AT

hn#k. i H RISC-V GCC T H Xt CH++ s k17
ik s M A5 3 PerfCSRs 48 11 K [F] 66 %k
AT FIT A % 1) B B R B B g 3R S Y AT AT ST
T R AN AT 5 SR IR B AT
o M Bt A O R R A N HE
Uiy L LK. FR G2 T B8 IR H . AT LA GE i R 2% 1E
fifi #b X7 MobilenetV1, MobilenetV2, Xception 45 [¥]
ZEGEATHER 0 A S A5 R 5 Bk ] RISC-V
Qb FR G A 2 T — B [ B A T R A AR T
ARSI T Pt 0 T BE AT O 8 4 AR 3 4 1
ENGIE NG TR € N NN D E 20 = 1BV @
AR NER 5 Fron. 3R 5 AT LLE A ) A i i 2
PN R € NG RV Y | BUE S Sl S N )
T LR B, Horp 2 o B i AR ST Oy 128 X116 X
16 4 i RT 2 128X 16 X 16 B, i 45 R Y i  be ]
PLIA E 104. 40 £ 5 B FE B R i A RST 2y 8 X332 X
32 %t RST 2y 8X32X 32 B, IR B 45 AR n 4 kb mT A
SEF) 123, 63 4. AH L T RISC-V 4b F 2%, i 2% 1Y
HZIMEE R E R R A n Tt

S0 2SI B i 0 E ZLR

W2 2 %ﬂﬂfzjﬁd\/ m/}%ﬁzbﬁﬁ/J\// %LH Bm KN/ RIS(PV/&&EE?%%;%H#I‘HJ/ ﬁuiﬂ;%%if;é;ﬂa‘ [/ BT I
(NXCXHXW) (CXHXW) (CXHXW) CLO3 X B 4 J 39D (103 X I J& 44
HBR 128X 128X 1X 1 128X 8% 8 128X 8% 8 13626 211 64. 57 X
MR 64X 32X1X1 32X 32X 32 64X 32X 32 32691 343 95. 31X
A 256X 128X 1X 1 128X 16 X16 256 X16X 16 122467 1173 104. 40X
YERE 32X1X3X3 32X16X16 32X 16X 16 3143 83 37.87 X
TR 3X1X3X3 3X32X32 3X 32X 32 1930 21 91. 90 X
R 8X1X3X3 8X 32X 32 8X 32X 32 8901 72 123. 63X
P 128 X1X3X3 128X 16X 16 128X 16X 16 15848 299 53.00 X

TensorFlow Lite i ¥ % A B4 149 77 it HE 51 5
X E R HWC HEF, sHES 7 X R T35 8 6
P 2 S Y o 2 X R B A R A T T B U 5
TE RISC-V 4 B 25 o 4 g A B E 47 F0040 3L, 5% 46
S CHW HEZ PR A 7 o s 6% 5 % B 45 FR ) 52 B
S EL R (R] O RISC-V ik #25 uiis 1) 50 88 A% X 5%
Ik [0 o0 o 8 48 S B3 B ) e A, — B G Y R BT
3 B 45 R 28 I 4% v A (S0 3 o g SRR I TR
A BB AT RS TS L Relu, b 16 55
TN AN S HE T I 2O T ARE ] RISC-V
b PR IE . DR 0 R o S ) D) 5% ity 39 ity o
F s IR I Bl 1) S S BB B L2 1 R B A
LA, R TR BE AT A3 B A BRI I 4% A TR Y iy
2 g R EE 6 FroR. & 6 PRI HIRRE
SETEAUE A RISC-V 4b B 28 i B, 8 22 0] DL g
PR T SRR A TR A BUZ Y R A B ] R A

T A 3B [ f) L A1) W) B, 2R 6 T AR =B ROR
2 5 8 BURY o B SERF I ) TR 48 BUZ R
BRUZ i M ey AR g ] sk b PR BB s 194 S 39 S
T L

*R 6 fNiE S B i N E R

A EZ%JJLUEH‘J SRR Y S ) S0 T L
7R REERZE SER)2 —
fE/ % di ke / % g ERR SEBRg R
MobilenetV1 10.0 83.7 15.87X  6.84%
MobilenetV2 11. 4 62.0 3.76 X 3.18 X
Xception 18.5 48.0 2. 99X 2.63X%

LA MobilenetV1 [ 4 A 4] . 7 {# | RISC-V 4k
g A BN SRR B R S R RS BUR AR
Bk 7 EE 0 oA 10. 0 %6 A1 83. 7 %0, th gl & Uk . I8 AT A
By 6. 306 F) IO 4 J22 5 1 AN 2 I 8% S A TR
PN gt I o R S T T ) A B DA /DN 1 1
) 58 BT 5, AT A 21 PO /Y s 2 s g Ee B R
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ISEC A 53R 5 e 4l R =SB0 R
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0 e Le e gg i
0 e R

MEBW— HER T
7 S g e P L L

PSR
22 0 245 o A AR A TR R A IR N e

5.3

U BEAE PR AFAR D HE 5 S0l 2 7 100 2% 11 530 0 g 10k ) ¢
# b X S A A 1 G IR B AL T RE A
FRR ). R T IR T AR SO0 AR A BT IR AN B T AR
Fe O TS HAB ST B X e 2 7 BT 8 SOk 38 BT
T4 AW B 2 M 45 0 A% JF 7E FPGA | 52
U AT LA Ak P AR B . SRR T, 33 R AR ST
BB — B CPU #E 47 42 A A W) 1 a2 » 3
BRL31,33]H R I ARM 2244, 1fif 4% 3C R Al RISC-V
0y A5 35 T RISC-V WA R PE AU RGN
R 7 R AR D) A T AR, Sk [ 34 J3 2o 51 4
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Background

With the improvement of hardware performance, Convo-
lutional Neural Network (CNN) have achieved significant
breakthroughs in fields such as image processing, medical
image analysis, and autonomous driving. However, due to
the substantial growth in model parameters and computational
requirements, particularly on resource-constrained edge devices,
the efficient deployment of CNN has become a formidable
challenge.

In the realm of CNN acceleration, primary research
platforms include GPUs. ARM architecture CPUs. RISC-V,
and others. GPUs often require considerable power consumption,
while the ARM architecture is characterized by a relatively
closed design and high licensing fees. The use of RISC-V
processors combined with accelerators emerges as a prospective
deployment solution for neural networks in resource- constrained
environments. However, research in this field is currently
limited. Existing accelerators often develop independent
computation modules for different neural network operators,
leading to significant consumption of hardware resources.
Some studies employ traditional convolutional kernels and
direct multiplication-addition computation methods when
computing deep convolutions, lacking optimization through
relevant algorithms, resulting in untapped potential for

improved accelerator computational efficiency. Some studies

have failed to encapsulate relevant instructions or functions,
making the calling process rather cumbersome.

This paper presents the design of a depthwise separable
convolutional neural network accelerator, combining RISC-V
processors with an accelerator in a collaborative mode, aiming
to address the current shortcomings in research. Specifically,
the paper adopts the Winograd fast convolution algorithm and
module reuse design to achieve efficient computation for
depthwise convolutions and point convolutions. Through the
extension of RISC-V instructions, a set of deep separable
convolution instructions is designed, enabling the processor
to flexibly and automatically invoke the accelerator. Ultimately,
the accelerator is implemented on FPGA hardware, demon-
strating low power consumption and a significant performance-
to-power ratio. Specifically, the accelerator achieves a 104. 40x
speedup for point convolutions and a 123.63x speedup for
depthwise convolutions. Simultaneously, the performance
power efficiency of the accelerator reaches 8. 7GOPS/W.
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