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RIE BT Fr, DB B, X N TR RERE — B CAAR 5 2 B 2, A DL S I
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Artificial Intelligence
Machine Learning

Brain-Inspired
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GPU (Graphics Processing Unit, EJEALBERIT): AL - K454 %, CPU &
AT — 25 T8 2 HR T EENAF A 4% TP B OB, AR 48 2 0 Bl HEAT AH RL A R AE o ANIZANF A
ATLVEH, CPU MEZIRTIIFA R REHREH, R EPAT M. 840, 73k
WA an %o IR I BNEE R EITIE R BIE AL, ) CPU HUTSLIERS, CPU K 4E
KB B TR) 78 i /48 2 IR U A b, 1 CPU AR . A7 Ry i 8 26 A4 XA AT B T FR il
P, DGBRE] AL ERESRIVERE . 1T GPU 4 HIAR XS (61 B, DR 1) Sh A4 P DA R 5 2K
LHHE. ZRAUKL, 15 GPU M FE R & T CPUs [N GPU A 1 N5 KA
FRIEERE S, AT CAGRR L o S SR I SR AR, BTN LA RE R g .
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P02 SO R SO G ] HL % DL S A7 2% 2 A (R 4%
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Ho. BEHEIALRS. HETE N ALS KA S WR SRR R 3L T FPGA 1R
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i 1 Th#E.
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W@ H T E il KRB IEm A, N — DR ERE MG, %
AR BT i R I RO R R IR FE R 2N 2% 25k, 1@ R E R, TR RN
B, X ACERESITHARE S RS IR MRS MR B RAR . H AT T b A A g
Hiik ) GPU SRR 52K, Google ] TPU2.0/3.0 132 FF Il R385 TR X 48 sk
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RESSLSE A — MR AN Rt 7, PRI, 9750 AL SRR R R b RE TH SR A HoR B
2, — 5T B SRR AT e 2 (1 I 2 251 LGRE S0 1 IER S A2 AL RE T s o) — T 41 3¢
FEF OB 5, 1 HOY T REVS SRTTVERE A6 A HF B A1 2NEh M (R ) DAE 2 Bl i 4l — 4>
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MRS G EALEL 5 Ae ) R A, 5 20 R 26 76 A 101 26 7o

B, HEIIAELZ A A ERREMAEM L, AN AN TR GERHRR AR A IFLE. b
ML)\ TFER, Z A2 e FEEE IS N TR AT s, 7Rk X
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. 2016 4 Alpha Go i s E B LBLRE T, AR ESE N TR AR L —mi . I
MEE R THAER RS A5, B LA RSk O & 2T 1E.

TENN T GO R R ALS R, WRBEZLD T 2R, B ExK,
ALG R IR RERT G4 1 T IR, R R DR & 2 .



1Hinton?E (R1F ) ZFREEXIER

TR RCRAGS T, BMERRTEITHE

2 BMEAHCUDA ( Si—i 8281 ) 8, fﬁﬂlﬁﬂﬁ%‘m ; %ﬁ Google BrainF1.6 54 GPUFFA -SRI
(EEGPURESEMRIEREAIEE  TAAREDAAAEST GPUBRHTIHATE I\ =me

S, FiHEE, JIDNNER | 7EiES
el ARSI leath.
@ SR
© -
iR Tegrall R |, fEARE
FORTFRTF A TRIEERIGPU , INS
EAARMEARTENAIT HZ
— . AT ERESR L. BEAAHENNTELIR |

1HGPUZEMgPascal ; IBMA&

i #H—{LTrueNorth,
AL H

Vo KRS

=

T
TR
TPU2.0%7H , IS8 7 1)IIER388E ; DIANNAO ,
HEEHEXRTVoltaZBigHE#GPURY FPGATG R TE AIE RN FEASICE:
BN | BBIO70R0E ST ol Sl
AFHATSH, )
B2 AlSR4RIHTE

(1) 2007 FELAAT, Al &R 72— EHEA KRB s BN BT 20 5%
BHR RS, XAEB AL &3 E R A g R, @A CPU 5 A BRI AL 2

IVAEIE -

(2) P& miE A, VR. ARWEREEATI IR SE, GPU ™ il S P i R [EI A
TRIL GPU [ IFAT VSRV IR B 3 BN 3 R BE S KRB JFAT TS 3K, W GPU L
Z RIS CPU MEIRFE 5 S BOEMIE B L mT DR s L H e, Rk ah 558 GPU
BT N TR

(3) #EAN 2010 FJ5, =VFEZHET, NTERMAF TN 70 LodE 2 - E A B R
& CPU Ml GPU #HMTIRGIZH, M—DHl T AL S IR, MIfifEA 7598 AL S
R S R .

(4) NTHEBeX TS A I ZRA W s 32 7, 3EN 2015 455, GPU MERETI#E
ECAS T B RS s (L AE CARIE & 32 B 2 M IR, L SO A wER B N LR B & A s
PSS I SE 4 R AR AL P 28, FETHBCE . REAEELAEVERE AR B — B4R Tt

1.3RE AITHEEARER

HAT, FRE N TR R80T A JE AL TP B B, KIIBICR, EfE CPU. GPU,
DSP 4bBE AR Bt ih b —EAN TR AT, 4 RHR 7 A B Ak AR FE AR TP AZBETHE
FEH FQH BB T HRORHI MRS SR, AR RERINGE, ToBE Ny E 1R AL B 25 Uk SL 3



BIEH RO T AERPE . AT R SUR A N HT B HTIE AT ATk R TR B, AEdS b
R 2 W, [ AL B AR )7 5 [ A1 58 St FAEN TR BEIX— apr 388 LA AR R ik i
2 b, Rk, FETHOSEORMN AT, o EAE N T R A S BT s KA R

W TR ERR AT 7, B AT AR H AT 23U G858, A F S
o AL BN IS AT B 25 S il AR IERE . P, REWLE AR BN
BB AU, A T KEMATERO TGN A, Wbk, SR, HRERL

&

SN, B A A R EDERIE SN A F R T I, S LA B OB R
FREIUR . B THO AN AR, B AHE N IIE RO R, P E BB S
AL P GUSHAIRNBE T T HAT 2 540 7 BERT AR KIS, 2017 SE A — L iR A -

FTBATIOL, RSN TR REVURER TAS RS, O ERE 7R E5)
o



2 technology

RN




2 BARE

MBS A Hh AT LB, N TERES v HATE P A AR — R 8%
GEH RN, DA EERRE S, L 3 MESRRLRS A ONAEE, B GPUL FPGA. ASIC,
B CPUKIH A FEE AT EARIE M s 3 — Pl B 22 i (1) - Vi A2 TSR0, SR P R i e
LR RIS TH 5 RE /7, LA IBM TrueNorth (85 7 A

2.1 4548 crU RE RN

THEHL T 1960 AR IIFFMHEH CPU X ARG, 241k, CPU MBS, #it
FSIMACRKAE T ERMAN, (R HIATEFEA—ERA RN, @% CPU HE
2RISR XS E L. RS CPU W45 M Al 3 R, MBI 3RAT AT A
B S ORI ALU S GEHEESRI0) ARSI TN, HAb s
MIAF AR RO T ORIESR 2 REDE — 26 3% 25 A P 3RAT o X0 P PEE M X TR S A 1
FRGUARF @S, FNT UGBS IRTE CPU 8 (BT HALIN T AT FR 2 I 26 80 SREETH
TR . (HX TR AR ZRZ MR ES . FEiFEEE s H 5w
R, ZFEHBAAA LN . JTCHREETFEIRH T, ikl e R B 38 T+ CPU A
WAF I AR RN PR AR S PAT L, XA OL T E CPU R G A 38 2 AN ] I Bk (1 30 -
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2.2 F1TIEITEE GPU

GPU 1E s N IFFAT I v+ SR AL B A%, M EL CPU BBRZHR, (A A bE A sk 2505
G e R ] R

LG CPU Z Fr AAE & N LR AVEMHAT, L2 BIE T Hak SR 2806 5 4734
TFI7 R, RERFER SR AE . SZARKRE, GPU ARA&EIMTEN, EAEE
TEEEE RIS 7 AR L CPU B %% . Xf E GPU Ml CPU #E45# B2, CPU
KER 7> EAUNIE S 28 FI 27474, 110 GPU 44 5 2 1) ALU (ARITHMETIC LOGIC UNIT, #
IS T0) T HOR AL B, IXRE R 45 M A 0 25 SR B B kAT AT A0 B, CPU 5 GPU 1y
ZERGT N 4 FivR . FRPTE GPU R0 LIS AT I Z M T 8% CPUAERIR T L5 0 &
b5 BEERAIE. AMD AR AW GPU KIS AT 4LM 1S RE, T v J H
5 GPU (B GPGPU, GENERAL PURPOSE GPU, i flit5 B ALERSS) C A inid a]
FAT R 7 BT B

Control ALU ALU

ALU ALU

CPU GPU
%] 4 CPU & GPU Z5#axttt[E (5|F B NVIDIA CUDA 3#%)

GPU WK FEPIRER] 7308 3BT Be, R PRSI 5 Fos:

B — M GPUW999 4E LLHT) , # 4 ThEe N CPU 4y 85, SZULAE R fnik, UL
GE (GEOMETRY ENGINE) Aft3&, Hegtes) 3D KRG A H L nE/EA, SEA R 4Egmfekr
P,

%A GPU(1999-2005 ), SEIE— B BRI A IR IR R e . 1999 4, Jefh
BRATT “ L RNPIT R BCEER AT K" GeForee256 EURALHE i, #4558 2 1) i i
EHEPATERIT, AR E CPU MFEHIE S A A4 H] B oM ZE4E, ¥ T&L (TRANSFORM
AND LIGHTING) %5 CPU 73 B ok, SE | R4 4, X GPU HIEHBLIFR &
GV, GPU AR e, 1250 BRI CPU. 2001 ARS8 ATI 43 il 4 Hi 1)
GEFORCE3 1 RADEON 8500, KEJEME{: /KA E L vim AL B A%, B T T0 A2 m] 9
ek, ARG RBEAERAMENE, (2 GPU KB IAmMEETIR AR .

AR GPU (2006 F-LAJ5E) , GPU SEIL T (E M mAE A EE 0, " LLEER ST . 2006
RIS S AT 7 34 H T CUDA (Compute United Device Architecture, 115 40— B 4542 1))
IR A1 CTM (CLOSE TO THE METAL) w8355, {875 GPU 4T 8% BIAE = 1R IR
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LANGUAGE, Hiiz&iES), 5 CUDA 4hE oA e+ FANFE, OPENCL FEAA)
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VGARS| 28— 1R " i~
e EHEMNGPUSEHSE , 3L

. BAL\BTREE R — ey e

SRR, VGAR:S3 %‘2&;%?&@ REAHEIEEN b
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AMAHENHT , 85 4 IMEAITIRE.
(EFILORVGAIEE, 19808 S

EHARIATIS B GeForce370
G PU Radeon 8500 , HEL T TR AR
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| ATSTitsR AR ”

BHRERATIASICEHHE ERAREHT

ISR AR ORETh OpenCL (Open 1 gk #EHCUDA ( Compute
FEITES . Computing ._ Unified Device Architecture , —it
Language , FHUE gigmsety) , SHEREAGPURSH
BES). FERE.
2FEEFEIERRH.
5GPU D A& RMER

HHT, GPU CL& K JE BB AN B . 8. FACEBOOK. . TWITTER Fl
FESE N R HAEAE R GPU 0 A USRI & 3000 4, DACSGZE 43 3R AN ISR AR 25 55 B FH T e
BeAh, RZBIREFAHBAMH GPU & KT NERE . ANk, GPU MR H T
VR/AR AH K

EJE GPU A — W RIRIE . RIS 2 S0 N R AN HERT P 73, GPU P & 1E 5%
gk AR = AEAEHEWT TR0 T I A BEAT AL BRI %, IFAT IHH RIS AR SE 2%
K

2.3 ¥ EHILH FPGA

FPGA /27 PAL. GAL. CPLD %5 n[ 4t s 2Ehth bt — 2 R4, H bl
BEN FPGA e B MR SUXLE [T RS LA R A7 fif s 2 I R . IX B AAN & — IR,
et P AT LA FPGA e B R— /M il 85 MCU, A 56 58 J5 AT AR I B SO I — A
FPGA JC & il — /N & S it 25 . L, e BRM ok 7wl is REEMA L, Ok T8
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FPGA ] [Fl i BEAT B4 JFAT AL 55 AT V5, A8 AL BRRF 58 S P I A S W A28 A 280 32
Tho XTRAREEZH, B CPU FRER ZE /NI pH ] 1 FPGA 7T LU i g e F 20 Fe
B, EARA R R, DOBAED> B R O R ] e s 5

BEAh, T FPGA B RIEE, AR 2 I Y AL 225 B ASTC #f D SEEIL &2 A A 2 1
YEHOR, FIA] FPGA AT LMRITEHISEBL. IXANRMEON SR A DD RESEOUAIRAL B 1 B8 K=
] [ FPGA — R VERA Ot ZIFEREHI/E A 1B ASIC, {87 f RIE AR, IR
FEE N FE R ARTGE, TEAWISNBGEREIL T, R FPGA &7 H % T E A AR
L E SN TR RO g i ik —.

DA, WA REMIN S, FPGA B AEARAEMLSE . HAERSREMT, AT H
J6 (41 CPU %) PUTHEETRS, #MTEAIRLAA M. Riga . SMigS K Has L3
PR b PE S 5izAT, T FPGA S/MEHPICHIIIREAEEmAE (BB I 205,
ATEESRS, EHRILENAE, TR AR KRR AL AT I hHE, S BRI RERELL .

HI T FPGA B4 R PG 1RF i, PRI AE AR 2 U B A ASIC (%5 . FPGA 7EA
TR RE I ) N AN B 6 BT o

GANGLIONAGAE A FPGA VIPREAENFPGA
fHEZ MRS SCHIRE . SynopsysiEd  HICNNLEISZ,

%;{‘EFPGA?E’
VHDLEﬁﬁS 7——_’> jﬂ-ﬂ_'\lzljlj_go
IEEETRHAE.

FPGARSHHIMELE
FPGA 205,

INETR YRS

1.AlteratHOpenCL , 32

TEfEkCatapultlig Eﬁ%ﬁﬁ EFPGA
T« LI T EPGATRIE 2 HIARUSIORTFPGA  EVRRIRBPEIATEFPGA

POCNNEZME. HCNNE R, THSGOPSHIIESS.

&l 6 FPGA £ A T & ESUsAI R A
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2.4 £EFHILE ASIC

H AT AR 22 SRR TR RETH 55K, 1 22RA] GPU. FPGA 5 A& &I
ATV SR R A SR SEIUINGE o 2 7 Ml BT KGR 2 I, A X 6 A R s
Ji Al LU SR L TR RE H0  CASIC) AR B A M. (2, i T IXSE AL v stit
IZEIFARL TR MRS 20, BRI RARAFAEVE RE . DAB4E J5 T R BRIk . BEE N T8 RER
IR, IR H 28 R

GPU {ENEGAEHEES, Wit Wl 1 RO AR EE A (K AT T 5. Rk, 78
LR TR 2 ) A, B = AT R R B, MA R TRk R IRT I
PRy PREESE I B YN GRAHE T PR AN THEIR T, GPU fEIRFE S I BE IR B misk, |
TR ANHATHERT &, TR A AR S 2k . B, Tk RIS R B 4
. GPU KA SIMT I 5, WEMARNT . B ATRE S I ik ke e fase, #
RIE S S BE R AEKIARE, GPU Kikf& FPGA —FE ] LR BRI L5 /. 55 =, 18
ITIRIE S ) kR UL T FPGA.

RE FPGA 32 & 4F, BE2¥ M E RN 25T FPGA “F &k, (HHEBEAR
BITAT & HRES SIEETIT R, SShr A WA 2 /R 8—, BEARPETRITE
RE I PR T SEBLAT EAGAFE, FPGA WA KB ARAmRL MR A BT, (R RN IT
HITHSLRE ) (2 EKEE LUT & 4R3%) #Rimi (KT~ CPU M GPU " i) ALU AL 6=, tHE 3
P8 PEA AR . VSRRl AR PE, FPGA RS KE R T E M Lk 5%
28, H=, EEERIFEARX & et A (ASIC) R FEEA/NERR; S8DU, FPGA Mg
NE SR, ERUBURCR S B0 B FPGA A iz i 1% F e il Ao

PRl BEE N TR R RE N HEORR H ik, BLR AN TR REL HIU A ASIC k3
BHIZET A, 4TE LN TR E ASIC BRI B SIS, MRS A bk 5
P A AP AT AR YE R A R AR 1 s, a8 R 2 (O B VR 41

®IAIERERATH (BEEKER) HAERL—RK

B B4 &
HLHiik Tesla P100 AN IR FE A 3 I R v I B A B e 4
43 TPU T AL L% 2 2] ok B A3 1 s s A

o IBM TrueNorth i Ff TrueNorth A2, IH47 B 7 sORAAE AL IS B, SCFF SNN
{38 Zeroth 5 PR 2 AL fifs B R seit,  30kF SNN

YR R AT SCHE A B 2T SNN G
Audience f 22 A A DU I, B TR RETAL

R o E MRS 45085 B NPU
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H-F 2B LA A LT N LB e AR AL NS 2 ST 0
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ASIC B HAEFE A N THERIIN AR, B, ASIC MMERRTHHER R . Filinse
FIE L TR E S I NE IR BT S A Tesla P100 4 b 5 & 3 2014 4FHEH
GPU RAIM 12 1. BHONHLEE ST @ BRI T TPU KB 1 M e 4R TH 25 A0 24 T 24 B0 4%
JEIRERRIE 7 ERIIKE. QT CPU B T 44F I KIS —FF, AN T8 B8 ASIC it
AR RIS a4 ATREAF 4 TS . 4K 44 45 54 1 AlphaGo 8 H 725 170 AN BT AL 2R
#& (GPU) H1 1200 /N b BEZE (CPU), XEE & FHE GH A5, EERA& K%
M, AR Z 4L KT RA4EY . MR AEAS ), BORTRE R R —
I RN, B IR 2 KRR .

0

B, PSRN TR ST . WSS, THENBT NSRS TA
P SV BE SR M5 285, /DM 18 RE TR R 1504 7 2251 NI S T RE 77 A
NTERETHRBE ST . 00 SE R 9 ZOR DA RN R8s e AL S 5 18, IR F AN AT RE 2
EARM b, WA IUEA A BB FBE R 5 508, IR R R AN TR BB #5K

HET N TR RL S MR RIT AR EEIT FPGA KIFEH]. SRS H
IR A AR T A 3 A5 1Al

FER T T RIEARTE L . RIE I BIE RIS E, Al B A & R ZEAMNE RSk
THOLF, MA R AT EMRER) FPGA )7 RSEIE 2 fil I N TR et i Rl e —.
RSP A AR Z E AR A R ERE, AR BT CURE A R T
(Deep Processing Unit, DPU) H&5f, A LL ASIC 4l DIAEE 2IHE T GPU BIERE,
HEE— = il 22T FPGA ~F & TF AR R . X b )8 i BAMKIE T FPGA F
&, ERMERN VIR ES RS, LREI k. PREIEN, 5LHK FPGA fniges ™
anAHEE, R AR A H .

REES SRS, AL G TR ASIC #it Bt T4 s, kg, ThEEMH
AR EEFR b T [A) VAR B 2 ) BEA s wefre .

2.5 R R

IS Py AR FH 2 B )38 - VAR 2 28K, TR R TR TR A28/ B, L IBM Truenorth
NAREE. IBM B RN RO AE A B SR THE e N . A s e fE i R4
BTMAEGHRPET., BHAEl, Truenorth H=/2 28nm IWFE L EF A, H 54 124 AR 4%
(s MR B EE A 4096 MR IAMIZ L, SERHEMLIHHRENSCY 70mW.  HI T #1285 fil
EORME A HEA LG, IBM RH S CMOS T 23 A AN L R A7 f##% (PCMD
(e AR S VE R SE B TR B A, R T R Mk A R

FEEN, JFEREINE T O 2015 4 11 7RI 1 A E 0 U 4
LRI IRNUEG R o A% R RN STRP B 22 X 28 RN A2 p 2% GREEFIZE 25D,
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A BEAT KA 22 0 0 4% RSN o FRCo i TR T T [ 20 0 () T EL e, B AN FH I
MEREFFERF R . B AR 28nm RALC At A i, 7EMEREThAE L AT Truenorth.

T, N AL R RIBETE B AU R BR T IR 2 2 505, TR AR S A 4h
PE SR B T, AR IT R HUB K S LR R A5, EL R A Z B &
' ReRAM S5 87 &A1 R mfefit 8 B o XSO R MR 58 A B, B R B HY 3 A7 —
SEMIZERE, (HRAIIRAE RN A A T e 2l R LA R 2

2.6 Al SRR S L
B P B, AT LRSS H PAR JUANEE A

® CPUIEMIMERE, (HIEE™E, B, AR

® GPU EMIMkss. R, MR, fealda MR G, (HRERethrett
Bk

® FPGA EATIRAERE. miTERELL K I gRfEERstE, AAXT+ CPU LS GPU A3 U & ik RE B
REABILSS, (HXPAE T 2R

®  ASIC A LLBEAY 13 P AT RO R AL, TSRS 547 I ERE . DOk, (H
ASIC &7 e MBS & 2R B G BORKIBHR I TR, i B >
SRR AR, AR 5 S A R AR AL, FPGA REAR PRECAZ28H, 1&  #
WAEAL, ASIC & Fr — BUE il W T BEAT A2 2

HATET B, GPU B & CPU 5882 AL LN, m/sREEG . B35 REZN
SVEAE FPGA UL K ASIC O F EIAWRAL, i izl B8 B2 w5
GPU A K I AF R SRyl o KGN TR RESEIN #2885 1 R e ) R AR AT 1)
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FERALREIRILT 2016 5, SHRFEALSD, BUAG NP RIBETH AT IR R AT . BRa 58 ol
#, AR TITERRER IR S B2 im LU RENLAS N A% O AL BEERS Fr o il

HEL. BRAQHE. EREE. PRER . JTREA IR ERE R, NEER Al
O P U — S BRI B A D

[&] 7 Cambricon-1A (5|FHBEM)
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ZEALFREE (NPUD RA T “BARINENIAT I 420, & I TEERNR BE 2% =) Bkt AT 7 Ak,
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Sensors

Main System
sensor IEEEY
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MIPI/LVDS

MIC Host
Array ADC — Processor

Switch

3G/4G/56

e Modem

Communication

& 8 &£/ T NPU RIHZ MK AL IESE (SIHBEEM)
o M FLHER AN (Horizon Robotics)

MM ARGLT 2015 48, BERFEAL R, IR N RT B BEREZ - AW FL e A st AR
o

BPU (BrainProcessing Unit) s&Hi~FEHLAF A H FE MR I 2N T8 Re AL B 28 4244
IP, Ff ARM/GPU/FPGA/ASIC 528, (kT HZE M. ANKEGHHRSEL FAR. 2017
G, HBT R R B T R T AR R NN TR REAR T S, HAE RS . HRRATE. A
S B AT, A BPUN A “#35” BTt N BB, TiitAE 2018 4
TR, RESCHE 1080P AN BB, FERbENALER 30 I, IUERERECEAS B bR,
L — BPU R H TSMC 1) 40nm T2, X T4&4 CPU/GPU, fesn] LLEETH 2~3 A~
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RERHLROLT 2016 4, SABAEILET. HiEHRE 5 HHEAR A RO AR THRIR L2 2
BRI FE B IS, IRERHE T 2018 4 7 A 38 R W .

RO HIT KA T FPGA HIMZ M2 PRy DPU. FIH A AL, IREATF
KA T WK DPU: MEHL - A A R /R 8K, Jhrb, 0B AR R A X B A
W25 CNN T R /RZEM L AL EE DNN/RNN 281801, A28 3k 45 46 47 i (1)
B 28 I 288 AT AR B AR R o . AHXS T Intel XeonCPU &5 Nvidia TitanX GPU, M.
A ROR B AL B ESAE T SOHRE b iR 189 55 13 £%, A 24,000 £55 3,000 5 ) E
ERERL. B 10 IR SR ) B4 2 A P 35 R A ]
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Peformace
| = |
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10 ERE+ZEEE GIREEM)
o R¥IPHK

RWFBHLT 2018 4F 1 HAEAL UKL, BEE QU6 N ELFE T H6 R 5 i tHE FR TR ik vt SRt
K. AFBITH AL E LIRS (Tianjic) FF&, $FS7ETREREHE mAC i ola
WATHINLZS 2 ) 5% CELFE CNN, MLP, LSTM ZEMIZg4utl)), BAgas i H i, &
FR AT ikt 2 W 2 50k S B EtHE . @ 2 ARSI T BRI AR5
Mo AT HAE T SZRFH Caffes TensorFlow 255151 6 ELIEIE AT 101 28 W0 25 F okt 56 4 15,
FRKEVR S . Tianjic 7T =i B &R H 5, BiJIN TR RERI % th
FHET



o IR

JESEFRA T 201548 11 HAERCAR AL, = —FKIE S S IR . 8 92481 C11006
ST ASIC I N L RaE SRS, Wil 11 s, B8 T b 20 0 25 A BRLAT 1 £
TG, REWSIESECRE DNNIZH AN, BT Rt Re B JEAT TR, IR M3 my N T4 REIR
JE 27 S TR B BN RS R A B

& 11 crioo6 s/ (GIHEEM)
o HF

H ¥ 2017 4 8 H Hot Chips K&x EEA T XPU, iXJ&—3K 256 #%. 3T FPGA =it
B F . SRR FEE R (Xilink). XPU R —18 AL &LF45K), 14 GPU i@
FITERT FPGA W im SR FURRERE, XA FEHIRE Y- >)F- & PaddlePaddle f# 1 & I AL AN
k. EANH, XPU KGR EEER, BTN Z AT, & B mACEAERE,
FHal R FAL CPU IR IEE . (H H T XPU A BT R BRI A2 7T 2 RE /7, 1fTX 23 & FPGA
I AR . B H ATALE, XPU MR IR R R4S

o Hy

JELIEE 970 #E B P22 I 2 Ab AR NPU SR 12804 1P, &l 12 Fros. LB 970 R
¥ TSMC 10nm LZ I, iH 550 EE, DR E— 08 A FER 20%. CPU 4E4y
TiTHN 4 %% AT3+4 1% AS3 R 8 0, ReFEIEL E— AU 153 20% 19427 GPU J5 1K
M7 12 #% Mali G72 MP12GPU, fEETEALE DL K e 280 OGS Fi b7 T 73 B T 20% 1
50%; NPU R HIAI#shit 5424, 5 FP16 FHLifia Stk aE v LLAH] 1.92 TFLOPs, #f
HPYA Cortex-A73 /%0y, AEFRFIFER ALESS, HRLIE A 50 fEREROR 25 i HERE LA

& 12 1291 970 ML AL IESE NPU
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® X (Nvidia)

JARIB QLT 1993 4F, WAL T 36 E AR R M L hihi . FAE 1999 4, b
BRI GPU, HHE LT IACHENEIEHAR, MRS T I 75

TRBES SN F A AR S ZI 2R, M 9ek i) GPU & F mf LUl R B AL BE 28 I FAT
185, WL CPU tREELE LA, BRI oA 26 80 40 N L RERE 78 & FIOT R & 1) ik
E M Google Brain S 1.6 /i1~ GPU #%1)Il 2 DNN B, 7615 35 A1 G R 5 54T 15 B
KEIHLLK, R TN AL T3 a4 39534 .

® AMD

FEE AMD S AR LIRS R 2 B AT B T RIHIE &R BT 1
4bFEZE (CPU. GPU. APU. EHCEFH. HM-RERE), USSR ELIN AT F A 3 45
fRRRTT R, AFIROLT 1969 4. AMD BUINEARM P —— WAk, BURFHLEEIAS A TH 2
F—ARALIETARUEN . LR SO RO IR T

2017 4£ 12 H Intel fl AMD B A7 #5 BF-HE H — 3 45 & 9o /R AL B 28 AT AMD B S0 /Y
SECA IS F . H AT AMD A5 &F X ATFIHLES 2% > 1) 75 4 A8 Radeon Instine JIEE 1, FFiK
R4 ROCm %%,

® Google

Google 7£ 2016 FEEAMIF K —Fi 4N TPU M4 H AAEE R4t. TPU &8 T AL
o] N MRS S R o BRI BRSSP EORE S, Uk D SR AR T S A BT 75 o A
FRE T, SR MR EAT IEREANBCE &, XD 4R L 2% 5 2 B A
REAE O FIg TR, BET SR L A9 B R BRI A5 . 7E 2016 4 3 FATIR T 2t
AR 2017 4 5 AFTICT WA RIB R VESD, &R A T 4301 TPU &A1 .

Google I/0-2018 JT & # K= lim), 1ExURAG 1 =N TR RS 2] T AL B TPU3.0.
TPU3.0 K1 8 ALK B TH R LA SR i, R FE MR AME AT LUK T 2 T
PO, [FE IS KBRS BT, R RESRE S BRUSE, IR LN, B
DR RGN IR . T3 REIN R BB = 100PFlops (BEFP 1000 JIAZIRTF it 5D

BT i SRS R IE A ], WA NT RN R R & . o
r B A SRR R, AR N TR BED5 T AR5 1 Clarifai 23 "] A “L3E P A L

MH-AE 2015 4 CES L, mdml Ol 17— 3B SoC B KATHLAS A ——
Snapdragon Cargo. il ATE Tl MV DL A A daxd 40 HE . 3845 DL AR 7 Kk L,
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NG I AT DUAHE AR T AL S UK RE 7). IeAh, mid M5 820 5 gl M AT T~ VR
Setg. B b, wEIE QAR A AT DAAEAS I SE IR E 57 2T IRS B e 4 oh F

® Nervana Systems

Nervana 37 F 2014 4, /A &4 H #J The Nervana Engine /& — AN IR 5 31 4 ] @ | f
PLALHT ASIC 3 o X5 S A SEBLAG 2+ — T4 il High Bandwidth Memory 81 Y 47 1
AR, RTHA F A m A R EE A, 24 32GB [ F L& A#A 8TB #EAD (1) A A7 17 [ i
. iz Hardeft— N N TR RERS “in the cloud” , AbAITRA ARIZ 2 tH 5t iR H H
B SRR S LA . BT DR AR A RIBUR LA BT A FH B IR S5 o ARATTFRD R 2085 ks 2 f
1E Nervana =~ 5 7E AR B J LA A TS DR KR B bR AR 2

® Movidius (B Intel W)

2016 ££ 9 H, Intel KEFHHIWIE T Movidius. Movidius & E T A & i P BER 5 A0 BRI
Fre HaHi—MR1 Myriad2 #L5CAFE A 32l SPARC AbFEBE N E#=HIE, &1
DSP 4b 3 35 FIRE 0 128 PR SR AL B T TR SE AN B S 5 03X 2 — 3K A DSP 42 g BEAiti )
PLBE A ER A, TERLGEAH G IR L FH AU iR O R RE EL, 7T UKL SE TH % &% B LT BT A 1)
AR RGP

120 E 8 K8 N I FE Google 3D T H ) Tango FHL. KBTI AL FLIR & GELL4M5
GHL EEREIRIE RGN BB G TV AHNIE =M.
® [IBM

IBM RF-CARTEE AL watson, &N TARZ HISEPRMN . BRibz 4h, G380 T Z0m6
Friit %, BP TrueNorth.

TrueNorth & IBM 25 DARPA [ 5L0IH SyNapse MJf#i iR . SyNapse &F5i2
Systems of Neuromorphic Adaptive Plastic Scalable Electronics ( 53 v 1] ¥ A] {145 HL T #1482 &
4t, 1M SyNapse IE4F&RAMME D, HZAMN BFR 2R BATHID - WK 248 REE W EITHE
WK R 251

® ARM

ARM H#EH 400 A 220 DynamlQ, @ILIXITHE A, Al K FIHREA EERR =31
FERHET 50 £,

ARM (113 CPU BEKP R 2238 3 9 A [ 8 70 e B 3 (0 05 QR 2 AN I B SR R AE —
RHAESE DL ATFERH AL S . S Bk A DU b L B i % 8 MZ
Lo [N T AR ALE H QRS B IF AT, ARMIRRGHEE — R IV
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® CEVA

CEVA 72 &yET DSP 7 IP ERip, A ARZH =M. H, EUEAITFEYAL S DSP
P2 CEVA-XM4 /& 58 — AN SCRPIR S S S W AT g A2 DSP, 1 He R AR 38— AR A5 CEVA-XM6,
HAETBMHMRE. FomRTHERE 1 DA FEARA BE

CEVA fRiH, BHEETHL. VR ZeEMELNA, i ANl B SR 2 Holk 557
1 H AR

® MIT/Eyeriss

Eyeriss 50 F/& MIT (—ATIH, AR —DAF, WK@RE, R, )R
FRESAL H— DT A E

Eyeriss /& — MR IR E G A ML (CNND g SRR, %S W 168 M4
O, BITHEREE A M EE (neural network), ZHEN—M GPU I 10 f5. HEARCHAET
/ME GPU A% O ANCAZ A 2 TR A2 804 OB (Bhia /R i 1 38 2 AR K & i I [A) 55 g
B): —f GPU W% Ll L B —id {24k, {H Eyeriss IR MZ-OI0A & T 5 CHCiZ
(NS

Hil, Eyeriss F: 20 fiE NIRBIANE &R0, "IN AARERTIL. Filalsg. fl
L YNNIE ikl & BN (K7 PRI E S Ml

o R

1t iPhone 8 Al iPhone X & Ai< b, SERHHHR R A1l ALFREREER T —
ANE LS 2 ) BB —— “HFR 248 5] % (Neural Engine) ”, FHFbIEH K E = nl ik
6000 121K . X BRI Froks BE 06 sk 3 SR B 2 AE AL PR 75 BN TR e AT 5 O R B0, bR an T 56

P AIE R %
e =H

2017 F, SRS TRIBE 970 &), R A&, b I xthstey, =Eos
W TR Z MR AN TR RS Fro =B RIFEARR =FAH Eii &R TFHLH AR AL
BReS . I BAATER N L e & AR AL %% . = BIEH B T Grapheore. IR
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AMiner Xf 4 ERN T8 REL 7 AU R AU 1) 1000 NFEAHERS AR HEAT 1 Gtk i,
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@ Jeff Dean

5% [E TR B £, Jeff Dean J& 4 8K K i
(Google Brain) . 4+ #i AL &= 2% > IT U5 HE 42

TensorFlow. ##) % R4 R R R SR

FRANHEEQIBEANZ —

Jeff Dean 7E3 S AR R F it EH IR A T L2 =4E 2 J5 (1999 4B) N T Ak
F, BN TIZAFRRFNR T — ERREEKEREY, fh—E %A a1k A —
— VTP FISEI T SCEEAS TR 3 72 S VR 22 0 AR S S R R e it

W=

QRN 5 R Y8 Adsense—VEAB LR, ERWAS AT IR 5 1 A

PRI R . RO AR ARG, MAEAK Pagerank MR, — 2 MNRILTS
Bl /N

2011 4], Jeff Dean 5% BIA T FAIE T “HHAM”  (Google Brain) 1X—35E |4
BRON B B A s M A7 fr) B 258 T
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MBI R T RTHL A S IR BB TensorFlow. X EFS UGS AT AR KINEL T B HE
48 MapReduce 5 HZ I H . 2015 4F 11 A, TensorFlow 1E:XFFIH &AM, HAIC&&IRE
AT R a5 G va M O HESE

€N

‘ -

EFEAE N, 1993 44170 NVIDIA (43R AR
SR EZ ).

AT 1984 FFAEAREN XM KBS FHL T AR 22, H 5 728 B A K 2 B A+ 247
1993 &, #1537 NVIDIA.

B R
1999 4, JEHEHEH T &RE - ANEFEAABS (GPU); )5, GPU FMCATHENLF I
AL F CPU (PR gekbE 3 5 — AN S B 5 8T,

2016 4 4 H 5 H, NVIDIA Jeffiif EAAHEHH A GPU &5 F TeslaP100, {SSHNE T 150
AR, AU TR ], B E R TeslaP100 42 H i N 1k i KA FH 88 .

20174 5 H 11 H, £ GTC2017 k4:_t, NVIDIA %45 T Tesla V100. Tesla V100 3% /T
G 120m TZHIFE, N7 58 B 3] @ FEAR DG Tensor $JT, 1E 815 “FJj 2= KR
FORE T EEERL T 210 124N @A, 5210 4 CUDA Ky, HEURERERF iz HMEREE R 15
TFLOP/s, XNV riia HAEREIL R 7.5 TFLOP/s.

JPR AR B T2 g T LA AT AR AR A
FAZ o W TU R 355 A 485 5 2 A N Y
REFLIRAN LN o

Vivienne Sze T 2010 4F, WA T4 EECS i+, 20174 7 AE4S, FEREET%¥
BT 282, ST RE 2 R RS HIBA .
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Pfkik, 5UAriRssh GPUAMILL, AESEHl 10 fEHIRERL.
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TN KB R R AR I . RE T 300 Rt Eie
L, RFEZANERS W RER R, LK NSF
CAREER award, H[E [E 5 HRF} 2 4 20l o0 kR
EEVEMI RS . 2014 ££3543 IEEE Fellow [115€

N
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WHR T 2002 GRS MR 22 AL TR R 422400, 2003 SN TE A 1L R WIN LK
FIFEALR, 2008 FIRAFL G HIN, 2012 F_FFIEHTFT

2012 3] 2013 FEHAME NN AMD, f1 57 2 A4S AMD Jb 5 R H O IBF SR

2014 AN K F 2 EE R R BN STFEN TR R (ECE) 4T IE#HI%.

W E A

R I = B AU A EE VLST %L, Pt sk, RN ARRR T
H A1 B0 7000 B S B A N A7 2, BRI R R G 50 . sl R T I H T
ARIK S AN SRS BT H/ 2R BT HOR DR P 7T 00 H AL XA A BR R 3D Bk
HLBR %) EDA/ZER, FEfF2e 4R CPU/GPU/FPGA I Skttt 5. S FH UK Sh A 72 01 H 35

NLERE (AD FUHTBYZERY, QTR 22 ST 2 (1T SEALZEH), neuromorphic 115l bio-
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