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Efficient Adaptive CNN Accelerator for Resource-limited Chips

PANG Mingyi' , WEI Xianglin® ,ZHANG Yunxiang® , WANG Bin® and ZHUANG Jianjun'
1 School of Electronics and Information Engineering, Nanjing University of Information Science &. Technology.Nanjing 211800, China

2 63rd Research Institute, National University of Defense Technology,Nanjing 210007, China

Abstract This paper proposes an adaptive convolutional neural network accelerator(ACNNA) for non-GPU chips with limited
resources, which can adaptively generate hardware accelerators based on resource constraints of hardware platform and convolu-
tional neural network structures. Through its reconfigurable feature, ACNNA can effectively accelerate various layer combina-
tions including convolutional layers,pooling layers,activation layers.and fully connected layers. Firstly,a resource folding multi-
channel processing engine(PE) array is designed, which folds the idealized convolutional structure to save resources and unfolds
on the output channel to support parallel computing. Secondly, multi-level storage and ping-pong caching mechanisms are adopted
to optimize the pipeline,effectively improving data processing efficiency. Then,a resource reuse strategy under multi-level storage
is proposed,which combined with the design space exploration algorithm can more reasonably schedule hardware resource alloca-
tion for network parameters, so that low resource chips can deploy deeper and more parameterized network models. Taking
LeNet5 and VGG16 network models as examples, this paper validate ACNNA on the Ultra96 V2 development board. The results
show that the ACNNA deployment of VGG16 consumes only 4% of resources of original network. At 100MHz main frequency.,
LeNet5 accelerator achieves a computing rate of 0. 37 GFLOPS with a power consumption of 2. 05W; VGG16 accelerator has a
computing speed of 1. 55 GFLOPS at a power consumption of 2. 132W. Compared with existing work, ACNNA increases Frames
Per Second(FPS) by over 83%.

Keywords Hardware acceleration, Convolutional neural network, Design space exploration strategy, Field programmable gate

array

A, G UCHY 45 54 | 20 )2 U R AE SR ICAE 0 L R R

R S A I 25, (15 CNN BB RE 9% B 20 2% >) MR OB IR

2 R 28 W 4% (Convolutional Neural Network, CNN) £ T SCBEARRAE S8 R B BSR4 R T
FESEEERNMAREST Y E2 AR 4R CNN ML H 55 225 S50 P g n , X 5%

1 58

Ff H.2024-10-21 iR 1& H#].2025-02-22
WAGEVEHE AL (weixianglin@nudt. edu. cn)



Ve Y S, 45 < T ) 0K 98 9RES R ) 8 280 I L s R e 2 I 46 o

95

BT B 0 TR R A B TR AR R T AR R

CNN ¥R & £ 43N 2 v 5 B A1 300 2% o 15 4 348 & W9 Fh Jr
. =0 F W R A Rk RE Y B JE AL B A T (Graphics
Processing Unit, GPU) #1745 £ #f B, i& & % & K\ 31 5H ¥
TR R I R 3 5 o 300 R A5 A T S N A 2 TR % A
B EAEME B S A F. ML GPU F & T B iTH
PR R e L S R i i B A, AR S R
H5 0 AL 4E Al H % ( Application-Specific Integrated Cir-
cuit, ASIC) , H 4 kb 3 &% (Central Processing Unit, CPU) .
GPU 1347 7] % #2 11 B 51| (Field Programmable Gate Array,
FPGA), ASIC J&—Fh g 45 & 07 I 15 11 1 4 1 i i, BLA R
15 1 P BE AN R AL, H L T R, AR L B RN, Bk
3 o7 PR A Ak g N K . CPU IR AT 332 68 J1 A R L RE AL
fiK. GPU BA BRI IFITH AR B 2 T IHRE %I E
55 BN AN L (0 BE AL LA . FPGA J& — Fh il 4 2 14 48
B EE L ELAT TR O AT M RN R R G B4 e A L R R
CPU I GPU B &, o CNN i {455 58 424 T R4 A fn ok 2%
B & .

T FPGA FH 58 CNN HE RS © 2 3) 2 iy,
I FLHAS T 87 B IS RO, . RS Ry A A X 4 s A
ZYFXTFRE CNN B 47 oo 2 04 % 31, B = 58 A A 38
IR EPIIBE S e A R P SN E N i | s R A R B a8 2 Ty
PEERAG T AT X T TP A% 5 A7 45 W e, S B B A K
Xof Ut 5 A SCTHT )RR B RS L B R T — b A A IS R A B 42
%) 4 T 5 28 52 B %€ ACNNA, FE STk 4% 3 .

D BT —Fh B8 IR 47 & 2 1 £ 38 38 4L 8 51 %8 (Processing
Engine, PE) R i SARAL 1) B BB T S5 W EAT T B AT A
BEUR A2 E R DL SRR AT

DWW T —F LA SRR E AN RE SR
F 2 A7t 5 29T R R e B2 R AE LRI X K 2k R AT AR 4k 32
THEE A B . HeAh R T — R s R R B H R
i B M T Xk O 8 2 50U E B 0 DR 43 T A AR PR RIS A
REAE B 2 K EIR LS HUOE 21 AR,

3)3F Ultra 96 V2 ¥ &4k . ffi FH ACNNA X} LeNet5 Al
VGG16 #E 47 T &, 4R E W, R A ACNNA # &
VGG16 AR FE T I P24 46 iy BE i i, 100 MHz TAE
BT . LeNet5 fIESAE 2. 05 W By I FE T 3155 3 23k 0. 37
GFLOPS; VGG16 i #4878 2. 13 W (0 Zh #& T 3 & 3 K 3k
1.55GFLOPS, 5 8l A T.1E # th. ACNNA #y 5 £ i %&
(Frames Per Second,FPS) #2718 83% .

ARICHS 2 AR T MO AR S 3 A T AR it
D55 4 BRI T RS R EAS .

2 MXTIIE

2.1 BRMHMEME

LeNet5 J& CNN fJF i, Z & & 6 T RS 5,
VGG16 M4 S 8mik 1. 38 25 IR i KAE S kA8 T
e UG FE . A2 2% CNIN B30 36 77 3% 25 ] 13 480 95 I 1) 7 R
AR SRR BT ) A R G A AR R,
LR EALLL MB AL, oA . B, ZYNQ 7020

5 XCZUBEG P50 A LA 30 0. 61MB 5
0. 95MB, B AL RE AN 25 J7 P2 8. Rk o & 4 HOBE R
A0 TR fo C E BIIR B RS T B R Pk
2.2 AIEMEHEMES

CNN #% # 38 % 7F Keras, TensorFlow, Pytorch 1 Caffe
G BE BT I RN 2 AR 8 5 I R i B e vk B
BT FPGARE ., W T LS RIE S BT M e 2
) 1 B 55, 75 J2 Uk 25 4 (High-Level Synthesis, HLS) T.ELJj iz
A, HLS THAE ¥ & H B iE = i C, C+ +, Sys-
temC 45 W FR T [ S35 400 T 1 R 18 35 AR, A
Wk, &R AE FPGA b 52 B4 8080 G 535 30 58 83t A B
AT 5 L 4%l BB 1A DA 43 T R R L R 3 e AR
H R BB IT R I . ol B 45 ol 00 245 455 80 32 1 ) 22 ol
T oy 2T AH i O vk N T TR 45 o DL T
BN L2 4R, Chen 548 1 1 Eyeriss Jil# #5178 43 7
R AL AN A T B AR TR IR AL RE R W B B B .
238 A J 0 R RO NN R 4 B R, ST A e R
B, Tarek SFHEH T —Fh Fl H = Mk 45 #F T H SC 3 M Python
) FU AR UL A o B o TR M e R 45 B R
SRIEE T H B FE T B CNN Grinder', H rp f £ — s i
W51 TP I SR T bR Ak 0 25 TR S A A5 AT DA
W9 R 10 R R AT B IR I L A 208 CNIN I B 210 4% 52 14
FPGA F-f5. Venieris 542 H T —Fl &5 )2 1k B 30 1k % 1 HE 4R
fpgaConv-Net™"?, L3 55 H ) A1 A H00 CNN AR 49 i 5t , If
i FH 3 F [R] 25 8008 O (SDF) /9 B s Ak B34 AR POl B R 484
BRI % . Acosta % ARVF P M FEE 4+ A & X CNN &
Bl g B T FPGA B 5E #l i £ CNN fin 3 2%,
Mazouz %542 1 T —Fh 32T MATLAB 4 [ sh L% it &, i
FoE FPGA ¥ 8 v] # # A9 CNN A8 520 0 38 3 A B 3% B
CNN 49 J5 51 A BT B 4E 3R 12 [) 20 3R 3% 100, 38 3 9% 38 5 8
HEFP R IF R K AL B HE R RES A B A R Z BT T &
Wang %2 11 ) TensorMap!™/ , BE 1% Yy 4% ] fin 9 25 1 3k & 1
BRI EL B . Andrulis 2548 H 59 CiMLoop™* , {fi 15 %
TIE AT AR A | AR R e S R B A ) e R A8 A . W S
$H ) Amoeba JIEE #5726 F N % 43 80 5 vk O A0 B0HE T
AE % TE R HEROCR S 00T SR B A R R/ B CNNL
Jia SF42 A XVDPU™  JEF Versal it 1 AL 5] 8% Jin 2
CNN. 38 if 2 Ab 3 | 3 52 UER 7 AE 57 Fo e S8 4 £ A &
TR S B S % . Nag S48 W T — R al B 5 A 158 14 o 3
A VITA™ Ho 38 2o 0 7K 2 e 1k £ o A58 780 o 35l )3, 0 )2 1)
L 2 IEA ML A D SR AL S A RTF A . Xu 4R W
Flare™™ il AR B MR USE — B R M EERERE KA
R T A0 A7 1) 15 0 Ay R AR Ak B 5, o T I A R HE B9 [RD st
S T AL B E SR RN BE PRI AE . A AR OC AR 5 AR SOy IR Y X
tenge 1 prgl,

WA KL HO B AR E SRR A SRS
B, S T PR S MR EE ) . ACNNA il i £ 38 i PE
W5 5 A 25 BB 0 5 M R AT T e LA TS 4 IR
B R TF LA I T R B R G A R K 2R AT R A
BEAL B R 09 3 T 23 V] R 2R 1 T AR Al 9 U R ok 9 R

Mousouliotis



96

Com puter Science FEME Vol.52,No. 4, Apr. 2025

SYTCE W PR TE R IR R T s R AR RE T . ATy
HE I A SR BT TR BE L T 58 A ) i A A
HEAS T AR R R TN A A S 0 A Y 5 R R
P A v A RE A DR T A [ B 3 S AT AR

R AR ARG A SO B R L

Table 1 Comparison of related work with the proposed method

WA ERER
FEF 5% it & . Grinderl 18], Tensor-
Map[n] » CNN CiMLoop[”: , Amoeba 217,
Flarel27]
KR e BB A Z. fpgaConvNet 197,
Amoebal2t], ViTAL26]  Flarel27]
BBt s 8 ik [20] 2 F GULL X
#[21]% T MATLAB

ACNNA

Ba it TR RS A
LT

T ERERTHEE. B @R
i E

ETHAEA Td 582
KREATRM A it
AERAREET &, BA
Tt
REFEHERET . LHFK
PR e

Wi H # R G F & . XVDPULZ)

xR B A R DL R AR R 4
F n

3 MESFIFITAE

3.1 BshiEZR

ACNNA i F JF i #4128 W 4% 22 3 (Open Neural Network
Exchange, ONNXO & 1 34 5 S i A B 3l Az B HE R 3 9T 38
B BT AT R Tl AE R 3 3 R AR T S B CNIN 1
FIRCE . ACNNA [y H 2 AL HESL N EE 1 TR, Al 43 4 4 A
BB RITHR RRE GREE.

WAE =
b * o Sk R
L8 s ERAT
(Bam) (w44 [fﬂﬁ—}f— p ]
= V.
U
sl FUE

?ﬁ BN ® ek ’awm
PYNQ L« Bit %,‘: AXI port
stream

G DN [shanss e PSE%

1 ACNNA TR
Fig. 1 Work{low of ACNNA

1) BEA AT A AR BOFIC RAA B R i E S
o n B R/N B R A 7 4. ACNNA SR AT ONNX
B 25 BT A R B A . ONNIX J2& — AN JF bR ol . 32 35 £ Fh %
JE 2% M HEZE (4N PyTorch, TensorFlow , MXNet!?$ 25) | H A7 %%
U138

)BT E M HLS TH AR5 R 2 7 42 By 2 800 1
TSty By C/C+ + BEARACAS FE o 59, B S 8 - A 7 455
K 35 SEAT 05 BUBUE . AF B S ) B 6 AT B 28 AR R L p Ak i
A5 43 T R A B PR AR A R A B R TR N S A AR R

3) RGZFIT Tel BIANG A 50 TP B 5 5 45 & FP-
GA Bt v, I 2E m e 24 0 LR It SCPF 15 B8 4l 3k S

4) TEFEZEFRH PYNQ™ M- & #4T# % . PYNQ P
BT Jupyter notebook AYFFIRAEZL 42t T 5 FPGA &
R S AT LR I A A R SR X FPGA R
o 28 A

WAL R R GG T B4R B ACNNA B = 30 R 76
Hu A ONNX A58 S i A, 2B 0 By 1) B 12 in 3 2% I 78
PYNQ V& [ 52 3 i M e 1 ) 255 4 21
3.2 fMEBRGLEN

IR B ) RGN B AMEAE R L A7 PE [R5
R BT i i 2 R . R AN R T AR A R 0 R
IEFINEL AR, MR L EFT N ERBERE SR TEE., &
JR G A7 F T A7t 22 i 3 G 09 KRR R A T BN A A o
HE L LA B 2 il IR AT S . AT BT
A7 At B YR A BRI 5 00 R A 5 B0 | 1R Oy 2 S 2 A7 AL b (1 o
[ # 4z # T . PE M54 & £ 4> PE BLIT, 75 W 4% 45 Al
rhoRE B AR ) 95 5 0 0 4 B ARy — 2B B, B 51 S AL 1Y
B AT 4 ) 46 A5 AR v 5 AU 0 2 BB A o L SRS B S b PE
B0 0 B ) RO B AR R T R R IR T R
B4 1,0 RS b PE BROTHBCESE N 1A, B LR RERFK
/INE ZR GE AR AR TR T ] R g A A B R R R T A5 R T
AT RESEAT AR TE . T B0 70 28 A7 ) 5 45 BB K /N A G, 3 B 7
3.5 WHIHEHNANA .

—C I R |
v
HEAE NEEYS ik 454
« T as PE array 1
WE array
& | PERRE] ] #x [
% Eda A7 :
NN > PE array n
paee || LAE

B2 ZRost
Fig. 2 System structure

MG TR BEATHEIR BT, R G0 SN it 52 BT T R AT
R BRI T AR R b4 R A . B IS 4 R FRAE 5 AL
G A7 P A BT A7 I8 FUBUE = PE BE S 52 R0 A5 R
ZH R AE FE D 2R AN £ 00 Y L AR £ 2 2 R A
. B IEPR UL TT 5 AR L o 4 R ST B A A B
TR IEAT 2 42 085 W R R 26, 76 3B 2 RS 45 FE b 22 1Y) 4%
A BRI
3.3 i+E51% PE RESEIT

ZH CNN R EREN TR RS REF R0 0%
PLE B i s CNIN A G 5 9k 0 e T 4n faf 1) 88 40 o5 280t
RERMZERNER. BRZEER CNN 085, 75 i
LA AR AT T o 0 JR) 3B R AE , H03 B2 R BT DL AR O B B
TES AN RRAE B 4% — @ 25 K g, [ i sh &0k B % 5
REAE P B 04 %R T 3 — A RO B, B AN A
T E S5 BN A5 B — A 8 T Y xR SRR AE

PLVGG16 W 4% b 32X 3 45 Bk 18 09 Je KOTAT B2 Bl 5
B, B AL PE S5 M &l 3 BT . A O B g B T
5 AL S A T 3X 3R 9 AR BEERAE,
REFHRKE R 9 B RIEITER BN, A
WHEABRIFTHAT, BRNEREGE TR FAS D, 258
4 BB 3w KOIFAT A6 B B BT B (R 5 22 52 0l Ak 4 A T 53 45
AT R B S R B g R PUT IR =
PR R



Ve Y S, 45 < T ) 0K 98 9RES R ) 8 280 I L s R e 2 I 46 o

97

I %@tﬁ 5 > >D >D—>D—>D> e }
: TET W 'y A 'Y 'y FHHE |
I 26 > ‘
] - ‘
| A \
I B > »D ‘
| W, A }
: X, > I
| [ |
I X S SN > |
| > > Ya
| "’2 A A |
| ‘\/(» = }
I ,

Ws I
! X (; P !
| > > |
| i 'y |
| X N I
| >
I /A }
! X > [
| Wy ‘
| \

\

I

__________________________________

3 BAEAL 33 FARLEH

Fig. 3 Idealized 3 X3 convolutional structure
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4. set_convPE(S,Ro) / * BLERZE « /

5.Ra= R—(R.—Ro)/ * I8 &IH= M * /

6. Pmax =Round(Ra/Re) / % FRIIFATEE LR * /
7.forifrom 1 to L do /x i &HFZE */

8. get_factor(Cylil,x[mD) / * RBUGE B T = /

9. forjfrom 1 to m do / = i Jj i 45 A+ = /

10. while x[j] << pumex do

11. record(x[ J.p[ ) /= idsEnl HIFATRE = /
12. end while

13.  end for

14. end for

15, init Toin=+025 / = H UL RIS 1] * /

16. init pb=—1 / * IH R AEIFATEL * /

17. for k from 1 to n do / * i [Jj ol FHIFATJE » /

18.  T,=-count_spare_T(p[k]) / * TUAAL K] * /
19.  T.=count_computed_T(p[k]) / * iz B f}[a] * /

20. T=T.+T.
21, if T << Tuin do / * ZIHFERF A1 52> = /
22, pb=plk] / * id R HEAEIATEE Pb =+ /

23. Trin=T
24. end if
25. end for

26. return pb
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Table 2 Model configuration
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Table 3 List of available parallelism

# A R AT E 5O AT
LeNeth 2,4,6,8,12,16,20 8
VGG16 2,4,8,16 16
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Fig. 6 Resource usage of LeNet5 under different parallelism
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Table 4 Power and throughput at different parallelism

HA HATE h&E/W  FPS

2 1.946 223

6(1).8 2.143 445

I(‘Ep\;eztf SCE ) 2.050 147
12 2.082 414

16 2.141 433

4 2.003 25

VGG16 4(1—4),8 2.095 29
(fp32) 8 2.058 43
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Table 5 Performance comparison with existing work

o LE BT & FPS
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