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Figure 1 Three research methodologies for artificial intelligence

IR 28 AT T — et e WA A 4% (convolutional neural network). fEMFHZE 4 (recurrent
neural network) KA HAICIZM 4% (long, short-term memory neural network) 5. 32 U I I
W, OGN RIS R R, A RAE KRR AT 5 s 26 A R 3RS KR R IR )
fif TR T SERLAE ST IR (Moravec’s paradox), Feft 1 MAMIHE TR 515 BRIA XO8 R, KRERKEE
NS IUE 25 258, IR B W 2R, Pl Bl R 1217, Xt —Mhgmpe, R nr DL 9 #E
T SUREER R e, IEEPFSEIL B, 5KEALEESS (tensor processing unit, TPU) A2 A i+ 58 2
FEEUA, B R IALE R A0 RIS (R 1A B, 18 SRR IHAT IS e

(3) AT F SUHERIE RIS R MRNN B R BRSSP A S . BEARE MAR 2 BAR Sl (oMt iy
PARR TV, AER R T — AN RH H E I RESE. BRI B B HeR MRS, £
O RS L T AR T T N RE S, WL R AL B CanE. BRI BIREE L %,
LR NHREARGGAE L, HENEERERIR A N E L KR8 R w RETT 2 — 2
L LERFEIZ) W] R AR S 5 TFE S (field programmable xor-gate array) .

AR I FU AR A R RKE% 1) 70 W, AT 3 ORI R T SR BIAT D9 32 SO R e A2 — ATk )k
2. HERREE S 2 07 MR 3, N REAL T34 3= SUa W47 9 £ SGE I RIB B X — B B 32 244 F
% & WIS I SR U A% R AR R HCE MBS B X RV T AR R 2 —, Wire < B 98 &
LA SRR BT BEREHEAT A B, 728 B8 25 QU TR ZEMH P 353 TP 3R BOCAE BN
RES ANLEZ). XAt a ZENME R (08) B BERIE . RPN IR FE 2 ) A SCE I R A 4 4.

2 MEBHAETRREFIEMAITESRG

TREEFREAE N 28 52 H AT AL RS LU AT HL30h 5 Ay A\ i 1 5% SR ) — Mt B ARBEAT — M 5%
Ry = flz), WEFARBIGE —MHEWNEER o = f/(z) KWEARK PG KR, WBAFEE
ST o]

(1) anfr i SN o BB y = f(2) AR AEREE?

(2) afrr i A f7 () THEL SR o BOUHERRRRE?

(3) R B i 22 I 24 5 A AT LA BE A7 R HUL 5 OR 2

(4) QT ESRB f (z) O EVEERE 44 1) AR
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H(x) + KL(x,y) = CE(x,y)

2 WA = Bl ¢ BOFTHER) K-L 5%

Figure 2 The possible K-L chains from input « to output y

(5) AT a2k B I S BT VR B B AR HE?

2R 1 AN, — AN WIS 1 PR R A TT DA EWUBAZ 1. ISR o I R E I — S, B8R
(1) y R A, XA A EUE R AR TR (] A). R o BN BRI R AT R, (H 2
y ACEHH AN (] B)? B A 55 B WE— N AE?

RN R o, B R T LA S,

H(z)= —/ p(z)Inp(z)dz, =€ X.
p's
FIFERT DAV y B H(y). [RIEE, ATRAE A o B y 1 ELHS:
CE(z,y) = — /Xp(x) Ing(y)dz, =€ X,

Hdr p(z) fq(y) ralie o fly FIMERSAAREL IXE, CE(x,y) 5 H(z) FREME XN K-L #5E
(Kullback-Leibler divergence):

KL(z,y) = /Xp(x) lnzgg dz, ze€X.

ARG, ATCME ] K-L B R A — WU R R EREE. 61 A 2 BR8N 0, €3 y TN
0, K-L BEEN 0; B B o BIR508 1, B3] y BN 0, K-L BEEDNY —1. RESXATEASE, 41 B LE
Bl A B

X 2 AMFUEL Iy By 0 KL BEEE KL(y, y) BT URRHTR o BRI, H (R 2
FEESIRERR I RZ RN T K-L B 9 e 4.

HIR K-L BBy “He, EREIFAR L =MAEN, WAt i T — MR, v =
f1(x), y2 = fo(y1), KL(z,y1) + KL(y1,y2) HFA—E KT KL(z,y2), BNERIRRTLIZE KT, “4F
T RN T R TR W] 2 PR, R T NREEZ LS, AT DL B SR AR, A

KL(x,y1) + KL(y1,92) + -+ - + KL(yn—1,Yn) + KL(yn,y") + KL(y',y) < KL(z,y).
IXAEFRDREE EMRRE 755 3 AN, 2 it DATAR B A 8 X 4 2 A ] LB A5 B8 4 FR 40L& B30, 2 DR A
BEAERK, MK K-L BRI A WL AR5 5 /).

T 5 4 AR, K-L 853 [F AR AT DA R 0 W B A SE B — AN WS () oA, B G ) &R 4% . =5 ()
HR R AIGE BN RE. BN BAR I SEIRES 285 B SRR R4 A N3 R B, FRAS R B R K-L R 551t

1) https://en.wikipedia.org/wiki/Kullback-Leibler_divergence. 2018.
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AR &, TN BEAE B0 — 2P R ORBE S R . 35—, FEIR R I S B o S P R 45 2R
AR A ARSI, Bl A B AR A S, FEIR LS ST TSR, R AN SR i
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PEFCM SR, 1 BRI A AR S X Sfeich 4 SR RS EE S M BB K. DR R el 7 A AN B B AN B 21
B it s e gt e i 1 mTRETE.

H AT R 207 A5 E rid, WA INT16, INTS 45, A% s — 28 Fh, 4 Flexpoint
S, BHEGEIAE T RN, A RES RS AR RO ZEH, R B E] - Fh g (AT LG T %
KL BRI 7 58, AT ARV mUFIE i e 2 ) FiE LS. X B A — 1 il Gustafson 55 2 K 1]
f¥] Posit 177 5. Posit 7&K E X IEEE Float H)—FhF mi bl 77 %8, ARSI RIIVER. — Rk,
THEAEPFRENE RIB B A BRI, PRI AR AT —Fh g 5% 7 SRR AL SR BEAT RAE, 58] A RS,
HERFOR PR IGE R, A SRS VXA SRS, ST EX GRS T &N, R BEE PN
— A E RBURAE — 8 VE AT I SR, R XAV B TR . R RO T YRR R
IRV, XA [ X T AR BOEAT AN R BE FRIR A 30 BE v At AR 2 Vo B AR P 2 TR B . AR i
T AR 734, A R AR ML AE N2 AT 3R 1) A5 6 BT A 7 S B 22 F9 LAY, Posit 20 B2 AR AE XA
JEN BT (. Posit FES i G i tH 2 78 SC R _E HEAT SRABE, AR T DX 18] ) 30 ) 2 A e SRR L
Posit £ SEEUHH I 1O RAE % L R K

o(z)(1—o(x)),

Horb o () AURZRAEE FERBURAR Y, bR IR 5% ] TR B2 Sigmoid pREL:

14+e2
K 3 BIR T Posit HIRAERE BE R EUR A7 pR AL
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Figure 3 The sampling density and cumulative density function of Posit number system
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Figure 4 (Color online) Principles of Posit design
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AN 1, DLEHE. WORFEINES 5 AN HURR, B ARG 16 NGRS Z <8507 Hidd AN AEREA 1
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Figure 5 The comparison of computing architectures
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Domain-specific architectures driven by deep learning
Liwei MA

BitMain Technologies Holding Company, Beijing 100192, China

E-mail: Liwei.Ma@bitmain.com

Abstract Deep learning (DL) is one of the most exciting progresses in the field of artificial intelligence (AI);
moreover, its new computational demands are driving new architecture researches. This paper firstly points out
DL requirement essence by analyzing the stage and tasks in AI development, then discusses DL domain-specific
architectures (DSAs) from three perspectives, which are the criteria of computational structures, the basics of a
numerical system for computation, and DL DSA potential research directions. Furthermore, herein, the Kullback-
Leibler divergence was utilized as the criteria for DL computation architecture complexity and accuracy. Besides,
Posit was employed as a new number system to rebuild DL computation and scientific computation and to
establish the late-development advantage of digital chips. Finally, it was concluded that DL DSAs are one of the
critical DSA research areas.
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