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Figure 1 (Color online) Evolution of CNN algorithms [2~5]
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Figure 2 (Color online) Algorithm model of LeNet5

R, ANERALGUR RGN, I RFAEVFBOR, SR 65T 8 B 15 FiL%, 9%
HEH T AR Itk BEAR DA R A T 7 5.

A T IR S FR R FEALAL, 2B T 24 B LS AR IS SR AN AR BE A0 g~ 5 1)
HAMARE; T, T LRI mgsig, Sl 73T @M AR DSP IR > RIREIF N5 %, If
BRI, SR TR s I

v

2 AREFIBHMEZA
2.1 REZFIOEEDH

REEE )5 R ERB A S 3 B EMEE. B 2 NI LeNets HygAL: —JLAE 74
B, s 2 MERE. 2 M E 2 MR, L& 1 AR E. LeNets X F5 FAF IR AR
FERTIE 99.5%. FMELHAM LN MZE R, 2 MERZES TEANMZ 90% UL ERsH &,

TEL R ZHIR S 5 2 ik BRRE RS E & SIEHEN 90% LU L, IR ERZHE CNN
SRR, S AT R S ONN BUAMERE G, — = GHREEH SRR 3 fox, A
FREEUEN (W x Hx C), BRIEN kH (Rx S x O), H A EEG N k4 (W —R+1)x (H—-S+1).
B AN A E T 2 Bl BT A3 N R E B RN S AT T B (B A B A I B 45 R B s 2,
HRRAIE PR R /IS B N ARRAE PR DL R BRI E R e . AR E AR e RIS B, 1 3R7R
R

C—-1R-1S5-1
Ol(k,,9)] =Y > Y Fl(k,c;r,9)] x I[(c,z +r,y+5)],
c=0 r=0 s=0
0<k<K 0<z<W-R+1, 0<y<H-S+1, (1)
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Figure 3 (Color online) Multidimensional convolution al- Figure 4 (Color online) Data repetition in convolution
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Horb O, 1 W0 F G 09kt AN AR, AR o0 B — RN

EWRBHEERE , 2% B REUI0a HM R, XS h A EREER, kKEEN G
JRAN LB TEIR 5. AR 4 PonG RO, SRR/ 3x3, #5008 1, AR IRIEZ A 6 M&
RWCEM. BRCEPZ KN S x R, FEFE 08 1 I, AP E S HIE N S < (R—1). Btk
FE G IR, 8 1 S I, Jel b S S5 RO TR] i A S50 ) K, T R B ARy 9 255K

2.2 REZIEHMRFEAR

ST IPRE 2 IR TE I 08T, B R B 2 SRR d () 2 B R SR AT i, 2R
FVERBEPEIR S I O0AL T 1%« BB T TE, LRI T A6 AL .

2.2.1 HRBEHERKENBEHMERREAR

AR R I AL U B AN TE BE B ARA BT, FERFAT WA S T TR B, 75 B4 & B I 75 SR R 1Y)
SEREAT . AERUR NS FZ AT, Seit AT A R T 5 m AR R R B SRR SRR IR B ARk T A A
HIRCTE, S B RR SE M AR 2R . R T SRR AL R R IR S IR, T BRI BRSO
MBI, DL TV

(1) FRARKE L. AEABRIRIERR R AT, 8 Al FARAL 58 8 s BB i 7 B 7 38, AT RAKOK UK
DI EAIVIAEITES. Bl 5 N LeNet 15K B AN FE B, AL BRI, i 5 \TLUEH, |
JE R B, AL BEPE R 16 AL, IR LPAZ R, B b, BEAE A 96 1 FEAS, HDhFEtmT K
e AL

TE 4T LR BE 5 S B I 2w, A7 58 v DURTRFRAKE] 16 A7 X LUK, S4b, T ASFE ST
R P2 (R SRANR], AN [F] 25 R v S50RG P2 R AT REARAEAN ], DRI R 130 o SCHRF VR RS FE A2 5. 40 NVIDIA
f¥) Tensor Core, [RIF SZRF 16 ALA1 32 AL FFRE BEEIE 55, M 1 Sy RS B AR 170,

(2) K¥gmmite. @ sa B Bl o [E55 777, KA BRI B, g 1 AN ZE
BHEAVIAE, FTLARRHR SRR (25 (891 B AT LA Ho e S 3 fg s 2% Hh 08 SRR I o 002 e 4 i 114
Faiis FN3E, 10 Eyeriss 1%, SnaPEA 11, UCNN 12 1 Cambricon-X 13! & DL F iR TERE: L
RIFMEELMEZ A1, I8 AH N AR v, kR Eis B 43 s AT, SEIL TN A A .
MR R A EIRE, S5 RS0 Re s R He s iR M pe. (B 0T AR B, l R 48 i i AR e it
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Figure 5 (Color online) Relationship among precision, bitwidth, and accuracy in LeNet algorithm
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Figure 6 (Color online) Acceleration of convolution with ~ Figure 7 (Color online) Acceleration of convolution with
Toeplitz matrix FFT

A ATRE S PR RE I T B 0415 R AR gt ARG 38 0 T 726 T4, Scalpel 16 Hrg XA R 4T B 1)
WEPE, 20 T IR R T 3 — R FETRIFAT R SIMD 458, RAI/ 5], —% SIMD 54 Al PAE:
W ABUEAA; SRR AT R, SR s YR 1772, BEAS 56 4 K3 S 4UO0CnT DL B (1) 52 4
Fllf/.

(3) B EHE. fEREY ), BREHE &G TRKWE. SREFAEGIHRER. BUEEH%
i~ VIR ()4 L BRLtE, AEXTE RIS BT R B, AR A M AN RBUE AT R & 4. B
T B 3 N BB HE 79578 Toeplitz FEFE 7R FET 771k 17 Toeplitz 58701 6 Fiw, K
MR NI RG, 53T T Toeplitz A8 e [ N K FEBEAT 7] S0 FEIRRVEHRAE. FET J7iE Bl 7 B,
I GG EE AT FET AR 4, Y G H0E S oA A R e 5. HE PRl e i, PN 28 R kAT
R FFT a5, 13215 EE B X PR 5 80k 2 7 s g, Ui RG] 54, Winograd
AR08 R Strassen S0y 1)) DK —Seihi St 507375 RO AT DK RS SR EA T AR 0 3 ek ofe
BRI, X TR Z IR TUH R R IR FPGA, PRE Winograd HE R UK KFRRE AR S A, @k
SEPLIET FPGA 1) ONN Jnidg it 2.

2.2.2 RkEhESIEEE T

BKBIFESILE 1982 SFH1 Kung $2H 22 Bksh 51 BA Ui A2 Az SRR SS, Jld i Hodfs 72 AH o i o
(¥] PE PRS2 [R)35), R KPR S IO =, AN A 58 0 7 5K, LB/ IN KA i e 5 ) 155
DU N KB R a S . WAl 8 7R, Google TPU SR T eIkl 244 25): B —4> 256%256
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Figure 8 (Color online) Systolic array in TPU

BRI BRSBTS AN O P B0 A 70 59 [ S8 3X A k sl B S SR AT 0T SR F ksl B 27 B RE A 1 Tk
Eyeriss, ShiDianNao 24] 2.

2.2.3 ETHEHBVREZEIIMRFEAR

FEALSEH) von Neumann 7K REAEH | TR THE B ITTA 2 2k, 2O #0020 i A7 it B2 7 (N AFERSE
17) e Bt o, RERIHT I RRE R E KBRS, S0 SR ik 3] — e R,
VIAETT A O BRI VERE IR, DAL, OB AF A 4544 (W1 ReRAM, STT-RAM Z53E 5 RAEAEAEAS) LA
PAAE T8 (I =4eHEB AP 5E) 3BT FEN A SRTE. ReRAM BUHRFA HIAE XM 25 S5 K A0 2 LUy
FEREVEIT, AT DLR 2 PR TR FE 2 SRR T SRR (2 ReRAM T2 MR R, fE1ETHE 517t kG
JERZ IR ReRAM BEFIFIARSZ BRG] . YA S 5 /745 (hybrid memory cube, HMC) 1E A% 1) =
HeMEB I Z L DRAM T4, A B S mvERe . BRI ZhFE 5 /MR SF. NVIDIA Fl Google &)
A SRS T & S G# (high bandwidth memory, HBM). HBM #4522 /7 25 & M
MB 3T GB 4, AT LK BEANRBE 2 S BRI fr b, i S AN FEZ R T 10 SR I 2.
BR, Z4EHES A MM 5 S ERE R L, FETH AL R AR I I, AT SR K.

2.2.4 HbmERFAR

(1) ShARIGEEACE. STM SLHL T — M ERM A M H VLT DSP+CONV Afi4F I #s, F o
FARZN AL EERE (B R DMA B1T) M0 2—AN T DMA 1) R 3% ] e i A5 i 2 125)]
A[IEN % DCNN 251,

(2) FRfE N THEL. IXMEOR — RS T ZE MR A 2, A 18 AT Y Flash HORBUH A A ik
AF (W SRAM) SEBLAZfig TS IR B, Mythic Bl H 2 —. 772N TR B Ax 2R 776k 85 1451
I B iR aa B, el B A A P 5 R ) O R DA e . B PR N 4% (1) O JE, AE AR AT BBt
FEIE IR B ) () H B 5

(3) TR ERAS . IR 5] R RERT e s TR B R R AT 5 TR ) FPGA B ASIC
AL E g AR 5 e A A3 38 S Ak, AT PAAECHR FH ey SR B ME e A0 2K & FE I P Ak B 2 5 38
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AEFRER BV F AR, K RTL JT AR 8K A AREAL T8 5 5 BT R, SROR AR 1 BB it 5 J 391,
WA LS &8 ML Cambricon AbFESS 26| Intel Movidius #1258 W 25 11 SR L.

(4) Br L2 SRR S, TR T AR ARG K. TE RSN, [F — S5 A
e s GEHE B AR R (TSV) 55 BT XS PR ThFeH EEAEA.

2.3 REFIEHMEFS

2.3.1 BRABEHFEE CPU

{7 R0 O PR A 8, CPU 75 5 (e e AP R R, 7 S AT A2 g5 R
2 STELRR I SR, 0, Tutel 0 Knights Mill AbFEESRIN T8 “TTAKSRE" 303 129 TR #6R
R ST AR ERAIPERE. 580, Tocel 113 BT bbb A B VR 5T IR O . (ELJR, 8 AR B
PO AT R AL CLT, 5 R MDA 58, JUDRE . TBL. PERESE AT 2 L T SLI PR

2.3.2 ERAIERE GPU

EIZALEESS (GPU) REfSHR AR K AT THERE T Hete, (5 oy o 28 I 28 Bl I ek - &5 1) 1 k.
Oh %5 291 BLYE 2004 Fuh D&M s AL AR HE FRIRAE, 7£ GPU EIEM A M4, Coates 55 [30)
FEH M GPU Inid 5 EnT LR 22 ) i 90 £5LL E. NVIDIA [ Tesla V100 WE T 5120 4>
CUDA i, $#4# 16 GB HBM A7, HRE BEVF w1 B8 AIUURE BEVF s e R 20l IA 2 T 15 TFLOPS
7.5 TFLOPS. HARKCEM &, (H5 CPU Zfel, H Ik 45 b 38 1 3 FH M e AE A A 151 H wp BT 5 B 431
K, GPU TERHTIRE 2 STy, ReFETIsA =T FPGA Fl ASIC.

2.3.3 AW HIE &S] FPGA

FPGA 1EN—HMEkRe . RIHFERI AT 4w fe s, 5@AF& CPU Al GPU ML, 754 T @A Thie
B4R, MEAEE O HAERELL o . 5 ASIC MItL, FPGA BREIEAR A 3446 e H AT B Js i o % A
W, RUE T R A R0 YOS TR B 2 I R R R 54k, FET FPGA HITRE 2 21 s 7 4k
%, W{E FPGA SR 2 )2 B BY | o] A EHR AL HE A NeuFlow 52| 454 Winograd 52K H
AT PR S B R B R R 1) ONN s 8 21 25 78 2017 4F FPGA 2l I, Zhang % B3] $2 1 7
—FpfE CPU-FPGA FLZENAF L, JBI P FET HkSEEUN 4 B 48 X 28 34T S5k s i) 732, %05
LR AYOE FET B A GE g 2] FPGA E s BT T EE L (overlap-and-add, OaA)
[ e BRI AL DL Sl i A =), SE8 CPU F1 FPGA 2 JH] s R His a1,
i CNN ¥ i SR EUR D 39.14%~54.10%. {H/2E, FPGA tHAFAE— ek i, b FLA {0 4 A2 75 0 iR
R — AR B A RRE S (HDL) TR, B — MR, 3 BRI TSR
LA, AR At T 3 2% LA B ) SR REFE R LR

2.3.4 THEMBRE ASIC

FH B T80 FH 28R AR RE AL, T RIRIE 2 ) & R O A 22 AR A Tl ik L. Pham 45 34
FIFH IBM 1) 45 nm SOI LZFEXT FPGA SEHL NeuFlow #HT 7 ¥#4l, AR NeuFlow F] ASIC 5
B, HAEREThRE LKL B 490 GOPs/W, it KT FPGA SEILK 14.7 GOPs/W Al GPU ) 1.8 GOPs/W.
FERA R 5 B38| Eyeriss 101, TPU RAINE#ELE . EIE B 25 # hEtERE ASIC. RAFIXEE ASIC i
FrAERNBRVR B 24 ST 2RI, BERE T CPU/GPU/FPGA, (B EATHIRIFAE AR 2. (1) 7§ E
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® 1 REFIEHMEF SRS

Table 1 Comparison of deep learning hardware acceleration platform

Hardware platform Advantages Disadvantages Technical solutions
CPU/GPU Flexible programming, For general-purpose computing, = CPU/GPU + function
supporting for multiple algorithms, high energy consumption for expansion/specialized
and have lots of technical accumulation. deep learning acceleration. processing module.
FPGA Configurable, short design cycle. Relatively high unit energy Customized for algorithm.
consumption and delay.
ASIC Customized, performance, Long development cycle, Customized for algorithm.
power consumption, required manpower and material
and latency all have advantages. resources; not flexible enough.
Imitation Low power consumption, Low precision, Imitate biological neural
biological consistent with neural limited by current technology. networks, using new
chips network prototype. technologies and materials.

PEAN R ; (2) ASIC 755 HoAhu@E A8 v E LAERT, = REFMMRAERE; (3) TREEFA L, R
T ASIC Py .

2.3.5 HEMZELERSH

D5 A5 (R Bk i 22 P00 246 085y S S AR AR 31 O S ORTE. 2014 4, IBM R AT 1 ki 28 1 2%
& F TrueNorth 40, TrueNorth R Crossbar Z5#Jf] SRAM, BEARIHFEILE 65 mW, MERETHFE LTz
mT G g mR R AT T AV R R IR L E R Zeroth ARERRS (1. G AW E R IIAREE Y
ZE ARG I FLSR AR 2 TO AN, (HR BAENLAS 22 SIAE 55 B ROAORS FE DA S 2R I SR B, A HL e DAAE
2 T AR B STz ST

2.4 NG5

T I PR 2 ST I B AR S~ & B0 EG 3 b, JRATTEL S 1 AN [FJR B2 25 S A I ~F- 5 2 [A] )
HMAL, 3k 1 Fis.

SR L SR IS B0 T R 5 5K, ASHEARS HH DA T S5

(1) BEXHER 27 S0 (R RE A sk 5, 76 52 FH i 475 94 7 Bl H AR A 50T, DLV R RN R &2, 4R
Pt IS ThRE T — 14, JF HEHA & N AR AR RIE .

(2) VEREAN T Be AL PR AZ O 1 FODN S A A AN PT Bk, 358 5 Bl % H i e PR Re TH S 28
S5

(3) BPXS ALY AL, FRESE 1 9 rh R 2R HE I o, T 1 #4E 2R 0 N P S RN OB, B B e O K
Ok 2 e AiEe FH T SR T TS R e R L IRREIR, ORI 2 (W I F T AR I T L.

(4) FET S BIELEF G TR BE S S s, s DA [ B 3 2 &b B 7 ek IR BE 27 ST BRI R 3K, Rk
£ /& CPU+GPU/TPU/ASIC/FPGA/DSP 1% i th A7 5.

w
Pt

FiEAmE SP HIRE S S EH R
Tl RS S AT (DSP) (RN A, e HWOE A v R i, DU

il
)

o
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Figure 9 (Color online) Requirements of deep learning hardware acceleration

(AR PR TRIARRH DB TF 8 SRR FE 2 ). R B A2

(1) DSP 1EN—Fi 715 S8 510 L F A 348, 7 TRERI 0% 7 TH BAT W IR 3. %5 Fh & 4%
ETFAE 5 A BV AR RE WS R DSP S S

(2) B & DSP HA MF 8 AT KEMFTAESEW . BN ERS, (AR
e R AN A R

(3) DSP A5 540 . LR IEAE . R HI S DI T —1k, fERTHUR. 4G Bahdfs . HiATLE
R, VAR 2N SR 2 AU 2 T T IZ IR .

(4) DSP @t B 5 G- SR, @ R G T E A E A R T &, BRI ATTEAN I 2 8 A Ak 3
FERAE R (R B0, SIX IR BB 25 2 SRR O BHAR (1) i £ e, HH?XTLM%%’XT A RGRi RN
g

DRIt 5638 FH 1) & DSP (R B 27 ST B A IO A A 2 iR B8 2 S A () R a3 AR AT
ST 24 BT LR 5 SRR R 2 ST R A [ B DSP P ST AR, R LA BB 520 I DSP
J R PRI 2 S N 5 . FRAE T, B H PR ) e @ F SR B K ) i DSP W TR

3.1 CEVA

YERNAL S DSP IP | 7, CEVA BIVRE % 2] g i AF 5 BB A A0 B : 78 XM6 G AL
g 12 (At b, d@ it CDNN T A (EFEHM T H AR ) SR N\ U2 M 4. XM6
WY XM RFIMESG ) B AL FE 228K | 38 L DA B A2 1AM 24 STRE Nk 2, 3607 A it
HHALSEN . 1A DSP — AT PL— RSB AN A& (vector) [FRVEF RN (MAC), BA% WL SIMD
Befi AT RSB 2, 128 A MAC A P I 128 AN B, MAC Ry AL 5 32 7 8, 16 Al 32 fif
(RBRAE; AEISATIRE S S) BERE, H1 95% MAC HIF) .

CEVA 5 HE 10— 3% - LE ik 25150 F NeuPro 431, HEE# N 10 iR, %R 500 A4 4t
5 4 FoO R, B A ¥ H NeuPro 51 %M1 NeuPro VPU 4%, H+ NeuPro 5% i & 4% )2
FRORE AR SR, AR AR . Al . WAL AR 2%, NeuPro VPU T2 @ 8 F gw AL ) B DSP, it 5ok
FE T RE 8 AN 16 AR, MAC B ICAEE AT IR 2L E] 90% LA L. NeuPro [ 4 #ts Fr g
PEREN 2~12.5 TOPS.

3.2 Synopsys

Synopsys X FE % > HH AR ZR I 28 (1) SCRRES D LUELRL. & EV (embedded vision) b2 2% 4244 Al
CEVA ] XM6 FIZEM2810L, K TS A EE CPU 4M%E CNN N2 A48, Synopsys 7E 3L T H /TP
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> Synopsys designware EV6x processor
g C Lution& g =1 Scaling
E4 U@L = 0 Vision CPU (1 to 4 cores) CNN engine
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NeuPro VPU || £ E [ Core4
z29 connected § T [ @oics
g .
© MAC units || 2 Pooling l Core2. Convolution
@ Corel
- | [512-bit
| MSS/DMA k):'Q 3 C:(>| MSS/DMA | 32;’“ vector Classification
i3 T T |=8 i3 i3 ¢4 1| psp
Local || AXI || AXI 35 S | AXI ” AXI ” Local
memo master || slave g master || slave || memory
- - @ S d deb Streaming transfer || Cluster shared
| AXI interconnect | ynciantaebug unit memory
J:
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10 (M E) CEVA NeuPro {kZ&ZEH 431 11 (MEIRFE) Synopsys EV6x KR

Figure 10 (Color online) Architecture of CEVA Neu- Figure 11 (Color online) Architecture of Synopsys EV6x
Pro [43]

Be& 7 A RS, 0 SoC B4R Z A EDA FIETH. 1 11 FiR, EVex AFEERY 2 54 2 A% 408,
AFE 1~4 AR CPU. M5 CPU #VEL S — 32 frbr & HL oAl —A> 512 A7 iR & DSP,
XHF 8/16/32 Ak EIE S, HhAh, EVex AbHLER B AT R CNN MEE#, #5 CPU Al CNN i &5 A
PAIFFATHATAE S, FLIEE HERE KT 1000 GOPS/W.

3.3 Cadence

Cadence A F] SR HEH R 8 48 2B . T AN 3] /v] 28 81k 4 R FH 1) Vision C5 DSP,
BEHFRAEE 1 KPR DSP?, HAk R4 12 Fizr. Vision C5 DSP 2y VLIW SIMD %
Btk 24540, BAT 128 B 8 i MACs (5i# 64 % 16 2 MACs). #fit DMA, LK AXI4 § @0, H
Bl 12 FTLLE Y, Vision C5 A DLSZIL AR W2 2 BT EOINIE (B . A= b Z A —1
JZ). Vision C5 DSP I IIFEIZAR T I (A4 M IR 8, 3+ H, AF] 1 T 7 =K 100 A i f AT s
1 TMAC/s T8 EES) (FHEEE Vision P6 DSP #5 4 £), BT LA A4 1) AlexNet CNN Bench-
mark, Vision C5 DSP HITHAIEER U GPU Hi$em 6 5. [FR, Vision C5 DSP IB$E e X
LM BRI, JF HILE M T HRALY Vision P5/P6 fRFF—2L.

3.4 STM

STM 7E ISSCC 2017 #2H 7 —FhSCREMZ M 2% 5% 1 DSP+CONV S &% 2°1. 4ol 13 fir
7N, SRR NER A 2D DMA PLA IR SRAM, X 4 AR (1) SR 7E 4 T A Do 48 Hh 2k 47, T DSP X
PO WM 2 SR HEBR R LLAMNA SCRE, DSP B IWis RSy 32 A, IE{E I REIA F] 2.9 TOPS/W.
3.5 N

PAEAM R T JUREE T DSP (SRR B S ST SR, HoAth) R dn =il Al ARM 5%, JL DSP iy
E5 UL EJUR R —E, ATA R . il DL LGS R X b, aTEACE H, 25T 3@ DSP 1)

1) Synopsys. DesignWare EV6x vision processors. https://www.synopsys.com/dw/ipdir.php?ds=ev6x-vision-pro-

cessors.
2) Cadence. https://www.cadence.com.
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Figure 12 (Color online) Cadence Tensilica Vision C5
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Figure 13 (Color online) Architecture of STM DSP [25]

TRIEE 52 SIS T IR HEATT LAy PR,

(1) 3B DSP+ & HIVREE - 2 I s 1) A 22 HoR. HAT&AS DSP | REAHA 7 241
DSP, Ul E3CH) CEVA XM6, Synopsys EV6x, Cadence Vision P6 A STM. IXFhhiniE /74 n] PLEF 2
ARIBARER, ik DSP # # Hit rT LU 4 FIR 27 ST s &5 oir 1) A%, CERIE A SR B A Rl A
FHERSEAIH. H2, BT DSP WA B AR AR K B n) s S TG, N )& H AL B ES i B KR )
BH G, BIR T FH AT LAFEES TAE (0 EV6x), {HRE B4R 1145 24 B g .
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% 2 FT-Matrix DSP 5 CPU, GPU [##tbE
Table 2 Comparison among FT-Matrix DSP, CPU and GPU

Chips Convolution: 144x5 Convolution: 16x5 Matrixx matrix: 144x144 Matrix X vector: 144
CPU 0.0013558 0.0001026 0.000802 0.0004747
GPU 0.0002323 0.0001902 0.0002809 0.0002488
Matrix 0.000218406 0.000005787 0.000026067 0.000000541
Matrix/CPU 6.207704917 17.72939347 30.76686999 877.4491682
Matrix/GPU 1.063615468 32.86677035 10.77607703 459.8890943

4 ETXE - ntEAEE DSP BREZE SR

EFXE 3.5 /AN AR B @ ) i DSP RS 2 ST 7 VA R AFAE A 2, FRATTEE 7 AT LASHe it
0 R AL I @ 171 DSP R I I ik, 12OV s - L ALE A & DSP &
LR, ARFE FT-M7002 32 hLi@ A A& DSP (- &, 456 Ham R pgdEhl. Uifr. sl Hdai
T Thak, A A vT C B 0 Lo R, SR L e, AT AT S AL 1 FH KRB B R R 2 = s v
T AT AT DALE AR AR RS I8 BRI HR T, SEI0 i AR IR 2 = I

4.1 FT-Matrix @A [EE DSP #i

W - G A (FT-Matrix) 38 715 DSP & i B 55 BHE K 22 i B B 2B B THI 1) JC 4R 3815
FRABAN P15 AL BB e R BT A Rl & DSP % (44, 5T FT-Matrix S 3 ZKIEH DSP 77 FT-
QMBase 7F s [A 5 DSP (32 {7, 4 #% FT-Matrix). FT-2000B 75 5. W& DSP (64 17, 12 #% FT-Matrix),
PLA FT-M7002 ¥ 55 a5 DSP (32 i, 2 #% FT-Matrix). 3 2t HIAS [F) B B RN v] 3 B oK 22 B
S T TR, AN L, FT-M7002 DSP fil, 4%+ & - THALEA R & DSP IR 2]
PIIBLE 5% N

FT-M7002 4 VLIW SIMD Z5# I XUZ AR 2%, HAR REEM K 14 B, 2, B4 DSP &%+
4 1.25 Ghz, CPU #ZEM 1 GHz, A AZ Al e S /- Pud@E #2110 (0 RIO, PCIE, 12C 45), A
5K RIS IS BE /7. FT-M7002 DSP fg % S SRt S Fh 8 A5 5 A BBV, 8O FriR FE 2
ST BRI O B (A0 AR AR DL G RRAG JE AR FEER (). & 2 B 17-4790 CPU, GTX970 GPU
A FT-Matrix B FIEE 2 MERE T Bt b, Horp ) /T 3 AT N ACER 88 AT BRI ST 75 B[] (BTN ),
X/Y N X MXF Y BHEEENMEEL WEELA D RRR 144x 144 I 5x5 FIBRL 16x16 HI%
A~ Bx5 BB A 144x 144 FEFERESR; 144 x 144 RFEFEAT 1441 1 [A) S AH 3f.

FT-M7002 DSP E & 523 Fa i T B, IR4EWE 15 Fraci) 3 Fgmfesifl: trvk C e n LUE
b C YaiRas B A2 A B EE AR O =R 4, 3RS P AR T I A R A YR R 4 S AR T I T
W1, AT DU Vector C SRR E L KRB MERE, SCHUE SRR K FE, W P & B e E e
[k gE, tnl LR DSP I 4wi5 5 g fe. R DSP R &Ml gwfett, i B4 by IR i SR b e R
5 nI A T, 1T DAy RN 2 B R B 2 2 B

4.2 FT-Matrix BREZI MRS R

FT-Matrix &K REEUIE 16 A, % DSP KA 11 KHHBIEA T (VLIW) g8, Hd, 54
TRR AT & EIR B TE S, bREALFE T SPU AR EIZ B AT, T8 T B e bR B 4003 15 17 2
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M i

|
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74
4
14 (MZEMFE) FT-M7002 DSP %1%%843 15 (MEFE) FT-M7002 DSP B4
Figure 14 (Color online) Multi-core architecture of FT- Figure 15 (Color online) Software support for FT-M7002
M7002 DSP DSP

| Instruction fetch |

| Instruction dispatch |
Scalar v | Instruction pipeline control |
processing unit Vector processing unit
K= Scalar memory ) Scalar/vector s (VPU)
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DMA [maco] ([maco]  vector

Vector memory v processing
[mact| ((maAct|| " aray || MACI

Scalar/vector
K= shared register

| Mac2]| || mac2| MAC2

16 (MKHFE) FT-Matrix #ZIERLEH
Figure 16 (Color online) Architecture of single core of FT-Matrix
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AT RIS EIATI R SR T RN T K. DSP R LBk AM S8 8N 512 KB,
FRH Z AR (16 /> Bank) BIZLZU 3, ][R S REF A ) S 5000 11 22 00 B 245 58 load /store #1E
PA S SPU Al DMA (¥ &4 15 1], v VPU 24 K 2048 ALKV /77 %, W2 16 1> VPE [HE I
AT SIMD T8 TR, AT HUN (B AL BT SR, BERE 15 B EL AR KI5 12 B 8. br i A7 fl A k)
T B A7 s AR T P S R o 7 A o B0 0 RE 8 e RO A B A7 A B S OB, B8 M 47 A B ME 4% B
HEZAL RV (DMA) /& DSP 434k H1 L EE a5 77 30, DMA #3128 5818 5 1 ] 56 i DSP
FIT A A i B S5F 22 ) o R B 9%, S 2 Pt s ) S 4 %

4.2.1 BERREZFIWEEK RISC 555&

FT-Matrix KM B ECPFHIA 2K RISC 154%, HAMRZAIMT 11 %54, ROREE
VBT, W 3 o, REEIE A TS R R IR S S S I A T R I 2R R RISC 484, A, FT-
Matrix SCHF 2 MRS FE A THSE A 2 AR EER U 47 SCRF 16/32 L€ sis 55 LA 16/32 A s 5 SOk
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% 3 FT-Matrix 5§55

Table 3 Instruction set of FT-Matrix

Instruction type

Main function

. Flow control

Scalar branch, vector branch, wait, nop, etc.

. Scalar load/stroe

Scalar load/stroe of half/one/double/quad word with linear or circular addressing.

. Scalar MAC1
. Scalar MAC2

Basic operation (+/—, X, /), FMA, dot, complex multiplication, square root, elementary,

functions (sine/cosine/exp/log), format conversion, floating-point logic ops etc.

. Scalar BP

Fixed-point +/—, shift, test (==, |=, >, <, etc.), logical ops, bit ops, broadcast ops, etc.

. Vector load/stroe 1
. Vector load/stroe 2

(16x) vector load/store of half/one/double/quad word with linear or circular addressing.

. Vector MAC1
. Vector MAC2
10. Vector MAC3

© 00 [N O |Ut [k W [N [+~

(16x) vector basic operation (+/—, x), FMA, dot, complex multiplication,

data format conversion, floating-point logic ops etc.

11. Vector BP

(16x) vector fixed-point +/—, shift, test, logical ops, bit ops, shuffle, reduction, etc.

Ao,

(@) (b)

17 (FIESEREE) FT-Matrix & H05EHTeEmET

Figure 17 (Color online) Matrix multiplication on FT-Matrix DSP
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8/16/32/64/128 SrLJE IR EVIAE, LK 32/64/128 RLRLEE A1 B4, FT-Matrix ££ 2 538 F (1) &
AL BEIB BRI, AL 1 RGBS SRAN e PR B 2 2 HE R 5 5K

4.2.2 FREEXKIE B

FT-Matrix DSP B¢t 126 ] DR — M s =)k 2 m Bis SR Io TR <, 1235 % T LUK
— MR E D T8 R R K Ty 16 [ R R, D Ui AR = (
16 D), BRI i 7 IREE S ST RIRCR. B 17 Froms il | 4k 1 BEAT R M SR I Y SE LT,
B, M AR EALAE T, FERE B ANSE RIE A AR R AT Step 17, MWAEFE A 10585 1 47
AR 1 AMp B, AR R R Y ROy 41 16 TR E, RS B A 1 ATHHT
FEFEASR, 85 RAFIHE C JEFERIEE 147, Step 2 1, MIERE A 1955 1 47 FRECH 28 2 M dids, @il
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Matrix register ~ Write matrix by
array in DMA column into new area

Read matrix by row
from original area

C3 C2 C1 C0 C3 C2 C1 €0
L0{Eys Eoo Eos Eoof 10| Eos Euz EulEog
L1|Ei; Ey; Eyy Ero L1|E; Ey; ElE
L2| Ezs Erp Eny Enp L2|Ers Enp Ez,liEz,o!
L3|Ess Esp Es) Esp L3|Es3 Esp E3,1LE3.0|
Original matrix a3 2 Cl 0 a3 2 Cl 0 Matrix after transpose
3 2 ClCO L0 | Eos Eox Eoy Eoo |Rowlcolumn LO | Eo, ool Eor Eno G @ a
LO |Eos Eop Eoy Eo, DMA read Ll :EIZEE E;_l E“] COVERID o s El,z! EH! Eio LO | Esy Exo Erg Eop
Y ERAER SRR L2 | Exs Ern Eny Enp L2 | Ex3 E2,2|E2,1| Eyp L1 | By Eoy Evy Eoy
L2\ By By Bo B, L3 | Es5 E32 B3 Esp L3 | Es3 E3,2i£3‘1i Esp .DMA write L2 Esp By Evp Eop
L3 |E33 E3p Esy B . 13 | B33 Eas Eis Eo3
C3 C2 C1 C0 C3 C2 Cl1 C0
LO| Eos Eon Eou Eoo LO| Eos Eo2 Eoi Eop
L1| Ei5 Eip Eiy En L1\Ei5 Eip Eiy Ep
L2| Ex3 Exp Es Enp L2|Exs Exp Bz Enp
L3| B33 Esp B3y Esp L3| Es5 Esp B3y Esp

18 (MBI E) FT-Matrix f DMA M5B B 154

Figure 18 (Color online) Matrix transposed transmission of DMA in FT-Matrix

BRI M4 S — 4 16 SR R, IS ARRE B R 2 AT R, 5L 2 T
{E C SREISE 1 ATHILE AT, FEUAERLLE C AERRRSS 1 AT h. MRS, Step n I, I3 EI%:
FEWE C 9% 1 ATHUR. 15 Step n U, IR A O 1 ATROHRAE, SYRIXE A AT HEAT AR
. 751 B 24 O T 5

4.2.3 %I)kE DMA =527

FT-M7002 H ) DMA £} FT-Matrix 42456, BAT 3 KRIBERIHRALRE /1. SCRE2 L) Hk et 2
Bttt FEREAES, DUSERE 8 B, XSS DREAEBEAT IR B o 5] SR NI, RENEIGE & B Hh 7 i
Bl A7 s 1), JHorh, R A LA ] AT AR EAT AT B AR e fBt, BEMG SRE STRF 2RI ARE, SHATE
S PR FEE HR AT B . DMA G B R eI B A, R EERE 8 ANTERED 32 fir.
TRIEDN 8 BRI AR R 2 A7 28 SCPFSEBL, Badz AT BN 4280 . R PR B L AR A 18 P

4.3 TAIEREMNETEREE DSP RUREFE I MR RE

FT-M7002 DSP A IR B 27 S I SR AT LA RGCRAR L 7 S 0, BRI AR — 28N 2

(1) X5 FRE E EORAN R ) — BB B 2 S HERR SRR, (AT 8 Ak EN 2 9 ARUEILIERRYE. 10477 DSP
0 16/32 ALAREEE, X REAF BRI IR —FiiR 9.

(2) JEH] SIMD [ DSP AT A, 2 BIVAFE L IFAT T AR, EIEA FIFATRE . A
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Figure 19 (Color online) Problem of sparse matrix in deep learning hardware
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E 20 (MEMFE) £F FT-Matrix AR ERRE S I MEEREN

Figure 20 (Color online) Configurable deep learning acceleration based on FT-Matrix
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M7002 DSP+ & FI P Ab R 45 1) 75 SR SE IR BE 2 2] BLiis 58, R Al PSR = 2K i L, 5
ST FT-M7002 DSP A KB A S AL PR T2 B, A BRIK Fr b B sl R TR 2.

(3) FEIRPE 2 SISk h, ANVERBAF A IE R AN, S0k g W A I B %)
FRE R ARG R L, FERE AT L g 0 ) R, 0181 19 P, Bs A A7 0 b2 BB A (9, AUEn 7
VA HIXMERE, 2 BRIE A FH AR BR A1) 17 e AR PP T R AT T SR PR BE. S SROKT SRR R e 1) T 4
HINTF A BIE, A2 IX A 17 AR A7 22 KR BRAR B0 s 446 14 T 10441

(4) SR> —BERRHERISNER AT 4% L, AFIT DSP 5 CPU S8 HABAR RS (1 bk F) T A%

BRI, JATEEXBAEA R, £ FT-M7002 S54JEAt 2 b, $2 0 1 anf&l 20 Fros i m i & 2k - 38
[f) 5 DSP IIREESE SR AR R K F5-20if% . b JITIES: FT-M7002 DSP HI45H; VPU i
MACs JEI W BCE 175 30, ERE A I AR RE T R DI iR B 2 51 1 T InGge A s —— Jhkb B 31 B A6
X R, A PE [818) MACs W] RUBEAT ik B QA A R0 Bda sl AT X R P 2 3] it AT
INIE. DMA ESREE S SR T, T ROk SRS ISR (AT e I SRR s bR Jp A
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Register file Register file
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A A Y
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S g reg | MAC2!
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A
X
A
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reg | MAC3

21 (MEMFE) £F FT-Matrix VPU RYAIED 22 (MK E) MACs fiitaiEEMxitt
EIEES Figure 22 (Color online) Comparison of MAC structures

Figure 21 (Color online) Configurable computing array before and after optimization

based on FT-Matrix VPU

BN/ AT H RO 2R A S R At H I 0 e s DU Ay e 4 I PR RE B AT A PR 46, A8 A T 47
M2 5], SRR AR SRk BT ML UG A7 AR R AXT bR e 260, SR CPU 5 DSP 2
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(1) SEILEE /NPT EORE S, 72324 16/32 AL iSRRI, 390 8 A7 SIMD 12 5. SR FE 2% 3] Fh X b
FEE SR AN v R HE R AT s

(2) SEILAT I E L A KPR Bt 26T B R AT AR o0 VPU, BT 0] E A [ T SR )
Wit FEHEAT R FE 5% 2] B i iy, A4 75 2 m] DAY N B 0 25 75 X MAC [ 504 i s
X, W E A ) MAC s, SCELAUE H VR L IR B ) g prig H oo, il 21, VPU
H) MACs 7] DLdik 2R #E 45, D)9 il RURIR B2 2 23 B IR A X —— BRob PRSI TE SR 5, %
KT, [F— PE [H]f1) MACs nJ PLEAT Bk X A ) B n 3, 6 R T 9 e Bk SN BE B (R . &
PR IBKSHRE S, TR BE A 2] Sk v R S A AE A AR AT e, AR O BRI i 0 i 5

Kl 22 NEAS PE W, 3 A~ MACs HoGHIRAGHT S g5 taxsth. B 22 72350 3 49 FT-M7002
F)3fe BN e R TR I, ARSI FE 3, 3 S MAC BocH N SO CRE M load #4F) FREL
Bl IR a5 5 Bl 2 A7 S0 (s I B A R AM); 1B 22 A3 2350 25 3G ik B 51 e 2 1)
MAC 76, HAEEHF R sre2 SRR IC (B R 182 BEIR AT AR Ao 78 W
W, srel 22l MACT #t, MKUGRE MAC2, MACS, 4395 MAC #ocH ek w dkiriikia
B, FIEIB E S5 RARAFE MAC W AC ZRfeash, AR W MHATE R AC NS ST FHE
S IXAE ALK e 45 4 8 B AR AR K £ S, BRAR DRI 5 A7 DA S FF A7 48 5 B B i
R D RET 4.

(3) SZHFM B AR R DT = a5 T D SRR A P i R — R R R IE & 4 HT FT-Matrix 4
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Vo a4 5[ 1] o]1s] Address=0x1000 vo |2l ¢ 8] 5[ 1]o]is]
~ S TS~ /
= ~ — ==

Memory o /—/’\’Vf\\ = _
«——_— &~ ~
(s [ [ Bel [ ][]
Instruction: ~ VGather V2, ARO, VO ARO: 0x1000 Instruction: ~ VScatter ARO, VO, V4 ARO: 0x1000

23 (MEMFE) FT-Matrix H[E2 Gather/Scatter 1§%
Figure 23 (Color online) VGather/VScatter instruction of FT-Matrix

#* 4 F[FE SIMD EETH MCPC #£45% (SIMD: Bank = 1:1)
Table 4 MCPC probability distribution of different SIMD widths (SIMD: Bank = 1:1)

Banks MCPC < 2 MCPC < 3 MCPC < 4 MCPC < 5 MCPC expect
4 0.7969 0.9844 0.9999 0.9999 2.1249
8 0.5008 0.9101 0.9902 0.9993 2.5934
16 0.1948 0.7688 0.9629 0.9956 3.0515
32 0.0293 0.5456 0.9073 0.9866 3.4508
64 0.0000 0.2740 0.8041 0.9682 3.7608

I KA SIMD 45#411) Gather/Scatter 484 SEIUX AEIE S bEFIBE LT /7. Gather/Scatter 1T 1 7]
P AEHE AN — 23R 51 45 7 ) 2 A ek, I — AR 5| Bl M E A2, )G, B X ARG HATUIFE,
H AT REWE 23 B, ST Gather 154, RS IGX 20 U A7 bk )%, I H. 560t 31 1m) & 27 A7 25
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LA ph APPSR BE B E N 4. E FT-M7002 ' 16 [A# PE & 16 Bank [{ AP KRR
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[Al Ik, Gather/Scatter T84 7E FT-M7002 BRI TE A, $&E 1 F i BEAC I 14 BE, FF o8 g 1%
FRBLSCRE, H 2 5 R IR B 6 B () AT T AT R T Wi 2 AR DR AR TR A

(4) BHREEHEMFL DMA. Wi 20 R, #1688 DMA Kikih, EERE X fEEE ot N &
B NIRRT BCk B AR RINACEE R, WE A SN IER A ST
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4.4 TR AXI #EOWY
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Deep learning hardware acceleration based on general vector
DSP

Huili WANG, Yang GUO" & Wanxia QU

School of Computer, National University of Defense Technology, Changsha 410073, China
* Corresponding author. E-mail: guoyang@nudt.edu.cn

Abstract As deep learning (DL) plays an increasingly significant role in several fields, designing a high per-
formance, low power, low-latency hardware accelerator for DL has become a topic of interest in the field of
architecture. Based on the structure and optimization method of DL algorithms, this study aims to analyze the
difficulties and challenges in DL hardware design. In comparison with the current mainstream DL hardware accel-
eration platform, advantages of the DL hardware acceleration based on general vector DSP are discussed. Besides,
acceleration techniques, such as vector broadcasting and matrix conversion, are described. From the viewpoint
of the shortcomings of the general vector DSP discussed herein, optimization techniques such as reconfigurable
computing arrays that take into account the general vector calculations as well as specific DL acceleration are
discussed in depth.
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