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WE YWz HERR, TeREMHNEZERS R =, BULERHELAF R RARERF K, &
VRFFEARBFEART R T ERGUN XA ER. A, XM EAN—NEZRH
RUMERGHE (. THRETHZEN) EGAT, HEARNT 2 HEREYFEN 4 XTFAL. K
XBEBTRBZHERANFARMA, ZIBTHFTERE, WRTRBEZHE ARG S EMNNEF Y
Rz FRE, FARE, BAXE, RRERAEHNRX A, Fit® T RE=WHFHELAFFTEA:
(1) AR TEHRTHEEFMEEL T EENZ AT EERS, A HZE T =it ETkH <A
FPHREZHNERTFEENSGE WEZERER; 2 2B TEREGG LA LA T ERN T
SOCE A%, BI DIP %4, (3) X # DIP &, Blek 9 X 4. (&8 . L e it HE 548 = 8, TR
T, BB B RHEZA PR F R AR EF KRS von Neumann K R4 4; (4) B EEF
JRREGHENELBEENZITEN ERITEA.

XiiE U HE, APWR, RAERE WERAGH, 2 X AR, WHENKEREN

il

1 35

W ETRER, wE L2 RRTFORAE R R, SRRy R AE Y TR, AR AT
T ATt HRR AR ST . BBl BRI S5 A 2 s R i 1 & Ak 2 A SRR AR 55, A At i Ak 55
(IaaS)\ “FEMWST (PaaS) M HIEAFRSS (SaaS) 5. [N, o THEAFAE O Fh R ) At 22 ok, G
o CRImp L PR 5 RGRCRESR” (XA H i R, SO TR HERAGH RN —AME
i [3~8]

B BT & FEA PR, AT LR I 2 H P A6 5 R GRCR K.

(1) 73Xz 8z S s PO TS 20 O AN 73 X (ROBURE), B4R & — A>3 X
ZATRIF-OREE R AR5, EHISS 1 BRI AR, PR T RGFIAIR. 70 X (partition) R AEEfE A M
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RS BOPLEE. SR 70 X S B — N B iR S5 1 /2 Facebook. fE & tHELSEEH, BHIEAIHI T 10%
K15 X = FAFEIL.

(2) HEAME . 2B FEAILE A S i oo T EALE MU, BB 2 PR A R AL
HLIO~I L s D20 Tof o5 45 R 80D B HoRSEEL. R RMLA B TIL = 0808, 1RTF RGEFIAI . HON T &
B P A, 2 IR 55 AR AR o B, X SRR 1 BRI 2R SR SE 9 ) = iR 95 24wl th A Beik 2
20% ~ 40% FAIBEIEA A 2 18],

T REVTERETFEGE 0 X MEIME R TR, ERHME X R Orfs AR5, UG E
P ZIBRE SR R I . AR 2 R G, HEER SR RGN (disorder) 54
SETE (uncertainty) P E—/ NI 2 (/N R, ATTIEE S i 36 =, FEORIR T P AR IR R TR, 327 &

RIS = T R G 2 BN A AR TORTEF? - T RGNS | BHPURRLSE 4 28K
FPEL S AR = T AR G ZER T SR R AR, SERERSREAS BT R T X 73 mTRR S ATt sde
i L. AR 2 THE R Gt — Rl (B A« RGeS A /N, M SRR BT I TR E ,
PR S ABARM B IRAE WG, AF 2R RS

2 REBZS5EMELEMTXEHILEER

Bl 1R 7RIS X a (M. WER R ENEE, RAFRES. SR R —1
FERHE R ML (virtualization), 2 H AR &8 2 A BT RENILZE — A = il 1o o B
(datacenter computer) 1o, 5 RGHE, W = tHERIFAETTIRM s B ERIHENL S B B
LA 3 E RS A, B R A 45 2003 4E /A4 VMWare 5 XEN BRI
FHERME A 10141 DK 2006 4F Amazon S E T3 2RSS (EC2)2).

Kl 1(a) IR T — DR OB 3 MU, BEANHURE N R 2 AN B AL = — B
BRUE. A1 MR R TS ERNER, £ — B3 EESLE 3 AN EIIHENL, 817 % 31
FEFMLIAE L 450 RGN A, X Le v H ELAE AT 3 /3 4E R IS5 (Web)« Redis ZEA7RS5 (Redis), A
K g um A dE it E AR % (Hadoop) %5.

AR REIMEEARE WA EE R R, — IR Docker HIWRAT 51 K% (container) TR
W Jx B21519) 0 & Amazon G AFMEH T TR 1HEY (serverless computing) FAR. & 1(a) 28
2 MHLEERE R T 24 ER A Z R, Bl Linux container £ R (LXC), H = 245 A&7 —% Linux #
ERGHRRE N 2RSS, BNERSIT SN, 5EUNEREL, & aB0R 0BT
AN, HARITEHEBRA, IRFERRATER. B 1(a) 2 3 MIEEER T Amazon ARHEHF AWS
Lambda TGRS 8 1HEHOR, B2 — P4 B B M BoR. B TR E A P AL B RALECE 3, T2
AR B E (BN Lambda), 25 w42 ek Hot R RIS 9. 2P I 20 R B
(41 sort, wordcount) FEE AR/ #HAERA (W Linux) 5E1TR A (40 Hadoop).

KB EAL (8% Lambda BEL) BOZORUEA RS (isolation), BL4E (1) 15 XBEE: — M
FOTHSEAL A HRAE AN S i oA R 30T AL R 5 3G (2) WBR@ e — A R TE S R A AN 2 i Ho A

1) Amazon AWS Lambda. https://aws.amazon.com,/lambda.

2) Amazon AWS EC2. https://aws.amazon.com /ec2.

3) An update on container support on Google Cloud Platform. https://cloudplatform.googleblog.com/ 2014/06/an-
update-on-container-support-on-google-cloud-platform.html.
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Web Redis Hadoop Web Redis Lambda Lambda
oS (0N (N Container Container Hadoop
VM VM VM Linux OS Linux OS
Hardware Hardware Hardware
(a)
Web Redis Hadoop Web Redis Hadoop
(N (N (0N (O (N (oM
Hardware Hardware Hardware Hardware

(®)

(©

1 (REIYE) 3 X ERA
Figure 1 (Color online) Three types of cloud computing techniques. (a) Virtualization cloud; (b) partitioned cloud;
(c) low-entropy cloud

FEMERALIZAT; (3) TERERRE: — AN M AT SEAL A BTV 5 SR AR M HA R AU SEAL RO T 55 A0 e
AERE, Wt U, — IR AT A REE S AR AL . 2 HUVERRE, SitE
FRCEEEAM B 18 X IE R, IR SR, 1 RERR B AR R, FIRE R — AR S, M A
FHLIZAT 10000 %, PERRIE BN/ T 1% 16 RITHERT Ay 7 £ 0.01 x T #. (AEELZ TR =0t
-G b, MRS E SR 2. Google IR B, HATHE G PERRB B mIL 600% .

REFI 2= BE MG AR L SRR /NECHE 7 () an WY E587), (BB 0 KB 7 B (497) 4 i v v 1 WO
SRWERE, PAK S5 s KEEAZ 48 5 70 4) A2 58 I ORAR 2 In) . — AN RS Fy a7 5570 Y P o A e 1 2 F 7%
HE =R 6 E, AR 2, 1 H S YA E, TERE IR K, F RIS AS AN 3 fr .

REXT R IMEFE G X 2=, B g dE A N AR A O ALRE. 1 1(b) o T — A Bl bl o LR
SN 3 A IX, ralisdT & H T ERIE RS LA Web, Redis, Hadoop 3 MRLA. KEHE T H AR AL
& Google #&H! 1 Map-Reduce 7 (Xf R FHJ§ 8 Hadoop®). BigTable 181 (% 1) 5 5. FH Ay
HBase™ ). Pregel M9 (% RLAITFIRMHI )Y GraphX O). Sy 7 GRIE P 06, S B R Hdls R Gt AR
X7, B —E R AT R — B AU L

BESR RESUAL AT DU TH AR, T 70 X = A T ORBE T RS, se ANRESR G ENTRIAR AL, St —Fiosn
M= A R? SRR, AR IEAES IR T R THREEOR, DHEZRE 70 X = M
ez AL AL, BE SR 2 AN B S B0E AT RS O BN B DR R RS R 2R, SCEARAIE A P R
Bl 1(c) R 1 E BB BRI AT IR = TR R S B 570 X o USRI = L)
BRI 2, RIAEAE A R AL 5 25 2, 2Rt ae g st = — 28 o o SEHLRO AR B2 0, DA
[FJ I DR B FH P AL 5 R GRE.

3 REZHERGHERSER

AT = E RGO LR DR IR AR IG ) R I 75 B R I R GERCR, — DN EERRRAFAE 4 KL
WA (disorder).

4) Apache Hadoop. http://hadoop.apache.org.
5) Apache HBase. http://hbase.apache.org.
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o M TLIF (intra-workload disorder). 2 1 FKICF & — R G NS TET, GG SRR T
PAIA € 1 21 X SRTE P ) SR, BIME0R S S0 2B A S LB BT A R 2. — A
I T ek H T BENLECR A 28 AR E TR FNEE SR & E3AT, " RIIAT IS TR AN E ).

o BT (workloads interference). 5% 2 ZEICH &M ELZ AN FH A B [ AH AP B ) G
P IXZRTOFF I A2 BERAAE S, B  S0 FH B 8, A91 arhe J82 FH 7 8 08 28 A Lo 5 P o LA B TRTIZ AT
S WE AT R R T, — NI A 772, Ja it BEREEE v AR
TR ERBMRSS B, 1868 B IR 1 P ARG SR AR 2.

o RGMEE (system jitter). 5 3 KICFFRMEME BN H1E R G BTN ERGHAA-THSH
FERPATHRITCT, KT AN R . — /N 72 is 17 i B3 R TR 6 #kis
7. XTI P I T EEFAE S, K B A BB a0 AL B TRIS AT, JFOCHIRT RER) RS Me A U (40
KB BIN), AR 22 35 A JR i M P i SR I TG

o BAHIRIC (impedance mismatch). 28 4 J8J0F7 A& N 785 B B0 AT 2 BT AN UL I, 3 A%
TERFE UL B BRI, — NI B R B T AL A, TR A A SR AR A
1TAEM. 73— SR BT A RS R Bk = MPT X 8 e 1t R (5 SR, 43 75 A K 14
DU AR . X T AT N TR ok, AB S 1) I 2 R G B W R Tt (co-design) SCH¥, fii43
I P FF R A R G ) T RN SR (40 SRR B T DataMPT 22]), dE 4Rk, SRR ST
H N, R R RGBT A4 GPU, FPGA £8 s #if.

B3 TG AR B 1) R R i EH B R . O T RO AT, R L PR RLIX
3REFIUR, ME = THE RE T LM PR FFRBE . 187805 BIRIER 4 AL
B 7 2 RER A THE U R EZ S AL, —AUHE =0 7L r F 2 H b5

3.1 RAFPAFRREEEIXE

A 2= B FH P AR B DR IR S 2 3 7y X . FH P ARG LR R B s TSRS & i 2 I P 7 oK 2
TR SRATIF RN, IS P AR 25— 05k, USRI 0RME. 2tk 54T Mk AR IS S B 5 45
T —RBE: FERTHEIE T, F PRI 2 DI RE R AMAE R DI RE. Fk b, X4 5 _RIRZ I E
WEITR B ZH R ARG “af R, BAR SRS RO ai 40 1 32 25 A,

N T w Ak ARG AR, Amazon A FIFEH T =G4 (Amazon triple) [23):

(FFARRREL, 15 R B AEIR B AE, SR /T BMERER A 20 tL).

— NI ERS IR P AR = 4N (1 M, 100 ms, 99%), REH RA LiZRE RN CF—H
ANFERAER, T H 99% BI1E K I RS2 ] /T 100 ms, A7 2 H 2456 75 K.

Google A KB T F PRI R R AER (tail latency) BUAR 7). ERZ EE =i HRS (Ui
F1EE) b, WEDEE 100 ST 1000 MIF A KEEGRRIG BB AR, WA R 1% KA K
Wi )9 ZE IR HY 100 ms, FeZ4h R AVIEIR T 100 ms FIMEZRR 2T 63%, FEAZ AMEE R R
A 1%. wnfa il B AR LA BONIT AR 2 v R R BRI AL I E 77 1), Google HIFAIAK 1P, « N —
R RS 75 BUG U — 1) LI B2 (consistently responsive) KU R G, M1 RA T BHX
KRG, N RFAA TR /3B 1) FireBox IUH Bl 5T 2020 FF =R RS, — TR EHFR& MR
HEIR.
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3.2 NEAFLMFEENXZE

TFR AR = TSRS R B R RRRS. i T <HI P RS0 22 A DD RE = AMEAE DI RE”, JTR —1
T FIR S AT ZARBUILINRE, I A ORAIE 1% 55 (A 0 S S8 S8 FH P AR 6, A0 10T A HERE . #2578
BT ERH AT 6 E, ZIRFHPERATE, tERIL TARRIS R LRI, JHk PR fefa e
() 25 T SRR 55 JC L PR HE

BRSETHER )~ 7 BA RN, 7T CAE =TSRSS B RO A B B, @it v Z Ak, ok
g R P ARG ME RS (H IXREA A T EE SR R JRATFE B ML R SO G, BRI R
MARMBRD X =, PRSI, TERE GG RS T AR/ OB, & S i - 4%
RIAM TS R 48, MEREDL AL R & T EL U, XM 21 G AR BOR S AN SR I R & /b AN A
AP e R A A T B T IER B = 1 6 B, KKy R tH S B T

3.3 ARBBITHES

B A2 s g i R s B A\, R AT RS T & 2 P RIS = RS, HEES R
(3L BRI 2 & A DUSEIER S M R Guis A7 805, lhn, 35 [ 2 44 B IR S5 7 Twitter £E#
Mesos 24 JEE IR 7 G, BT 7L 80% K CPU N A7, {HZ6 K384 i 8] SEBR A A 2
20% H) CPU Al 40% BIMNAE, #83id 50% ) CPU 1 30% MR AEFRIR SR 7 181, X b sz B 4 FR 9B 22 T
& (overprovisioning), RIAE 25 vH 5 28 45 0 10 B sl S o 7 SR PP R . AR 2 IO 1% 2 35 2 X T e 25 T
FEIR 2.

AT N FHTT R BCR, RIS AT R R RGBT I A et BRI (utilization)
PATRCE (efficiency) FIRERL (energy efficiency). CPU FHZEZ CPU HTHAT N AR R G KA
Ry B Ti) i DAL IS T AT 203 2 R Ge AT I FH B4 310 11 S B el 2 B DA 3R 4 RO WD B2 . BR300 R G
A7 VL FH 15 21 1 S BRI B2 o DA 2R 48 1) T #E.

Bl 2 7R T 1945 FF] 2025 RIS VERETH EALE B L DIARFIRER Py SR AR 5 R &S, aT AT
RE|—AN PR, 1E 2005 FLARTY 60 A e s rh, YERe (BFPis 5 A FIReR (s H
) FEAR_LREF T FPEIK, (HM 2005 FETF4R, REROl K B8 TR K. iHE 2 i REaE A
JeHA N, 7 2015 4, mERETFE ARSI D4R 2] TR 6.85 T JIMLIRIBH (6.85%101°) [F7K
S, ARAE B R E R THSTHE SR Hadoop 1 1 PB EUEHET MR SUNA BB EE L 576 1LIKIEH (5.76x1019),
R A2 DA FEAR I N A7 VT S5 FRIN Spark B FHAESE 250 Ffl 1 PB $EHE T 1R 8UCE TR 4320 2
Yaa B (4.32x10M) [7KF, SEtEeit SRS 4 ~ 5 MEENER. SR H RS0
1T BRI B R F T 25 ) 2627 R —R AT H RG T B2 M.

3.4 MEHZEIRERN AR

R 2 T 5 AR G0 7 B SRR A SRISOE BC L 3, PR BT e s e P T4, il 25744
TS H AT AR, XEWE = TH 5K EE 78 70 R 3 MOIEE AR 1, 2 V5 R e R I RS AR /.
P H B O MRHEE TR bR BERRAR S0 2 1 KRB 0 SHLER ), 3k
RS LR ZHE. N T I IsFE EARER, =M RGO Z A T GPU. FPGA . #iZ 2% 4k
ARSI AR A 128~301 ) iR w] LA S FRAE I Azure Cloud BRI S LAHIE T FPGA
IS B B AR 2 TS 2R G T 2 PR Y D R AR AT, A2 N2 RE A3 21 70% DA R RIRR
AL RE.
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—’-.
1.0x1018 —e— Speed (Operations/s) o =
f’_.”—-

Linpack 6.85x1015

—=— Energy efficiency (Operations/kW-h)

15
1.0x10 —a— Power consumption (W)
1.0x1012 M Spark 4.32x101!
M Hadoop 5.76x1010
1.0x109 A
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1
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2 (MERFE) SHETENNREE. 8. DRNALEES L RiES

Figure 2 (Color online) The trends of speed, energy efficiency, and power consumption of the world’s fastest computers

4 RBSHERRERAER

HHERGE RILET) BEAT, & THE R DR N 2 P RIS AN 2 4038025 75 R 1) B 27
Bl M EZE R =B R G HIL &M 42 M 2N LR R RGN,
FEARTF PO — D FE AR R ST S5, B3 5 FLAs P g2 i i 18] 55 2 1) (5 R PR 9 1%
FESS AR (8]), FEAE F BT AT B O BE AN R G HOR, ShaS X 73 L BRES . TSEtiZAH 1R,
I, FHETAHIR S5 HOR:

o SEHTIFHEME (production computability) M4, B E THHALSE =1 R G H e FRIE R IE
IR/NT P A BB AR

o THEIN A A A A], RIAE—TH AT 250 FH SR A I 8] 55 58], & AR SRR 9 AE T B 728 TRz AT 55
HIAA =S 8], B phase space in cyberspacetime.

o mUFR RGNS A THRAE I E S A, B Ao L B AR, I DU AT SR S AR

o BRI von Neumann P RE5H, I LETHFT 4 AONERAE, A0S 2N AHSEIL I SLAR 55 A2 A1
X4 WS L fR2GAL.
o FTSASIERL ISR S5 B A

4.1 SLHATHEM

BT PR R DI R—RAFAERIThRE”, — DRSSt E AR A K R AT e
T 2 B AT T R SR 2 T 5 S — AR (0 25 8 PRI R AT S, AR SET AT A (pro-
duction computability): —A~z k552 AR, S8 RER /N T H PR EIE. £ 1 A TIX
3 R RIS

FEGE T HAURLEAE R T B v TR, B R w5 (Turing computability), it Turing-
Church B RRZE H 1 B RAVEE AL, PAR AL ) RRA%E P RAN AT B8 e R sz P R v ok R 3 ok
Rl . e 5 BARSATO R, 5 SSHLZ L AR R G K.
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F1 3 MAHEMZHR

Table 1 Comparison among three types of computability

Computability Deciding reason Example Concerned
elements
Theoretic Turing computability Halting problem Problem
computability is not decidable
Algorithmic Polynomial time Gaussian elimination Problem &
computability complexity to solve equation algorithm
Production User experience Search engine service Problem & algorithm
computability (tail latency) in the cloud platform & system

BRI TR (algorithmic computability, tHFKA tractability) — R IER L2 A H 2% 2 T (7]
4. B, Linpack B H Gauss Y ICIERKM n R VE TR, HEERIRER O0?), 2%
BRI, PR SE AT TSR, SRR SV BE ST AR i 1) R, SOOI AR o il R B0

S AT SR R 2 R P ARSS B AT B, AN O RR In) RS B, 38 S ST R I
2% AT EEH XN it B R H PR Z R ThRERAMFAE R DI 1588, 45 th S Al v B
RS TR0 € X, FFRF TG R < PR 22 ORI 3R, 4R S BB B v SR A, {5 22 1 B
R4S 288 5 (1 FH P AL

LRESITET 6, —MHEAES y = fo) BPATRIEIFAR —AVE & RS EMA «, F—
MRS y = f(2), FEFE DR 6 BT 1000 R, BERFATI EBA & — A5 &, T2 A
AAHENE (uncertainty). R TFFAL S HAT B T FRON I AEIR, H4 KT HA G 00 GlE BN
99 T 43hr) HIIERFR AR IER (tail latency) [7).

SIAAEMEN. SEMERREE T, MR FELXERESTRAS S, itFEES A £ S |
PATHS, S BB IRHI BT RGNS L BAPURIC 3 RICFIREmYaE, 573 A 1) 99 |70 R TR
ANT PRI T, 4 A &S 5.

SEH AT EAEA R T R AT S SRR AT o B e R AR S R G L SE R 2 H
FURES T SR B AT S S AT S 1) B NI Gray Y TeraSort 7] @ B2 ek, SEH A
B T R GRS, T AR GBS AT TS, R T — MR SE A R SR
BR P SE 1)8 S AT S 1) A, TeraSort il @) bR S bREE, 3 — 20 ) B S T o SR 1

KEGRHERFBIRE. XA A8 ER 213 32 Gray 7 1994 AL IRH. fhikfile T — AR ERE
¥, FEAEAR 2007 2R EE 2 HT— B4R X AN FEUERR 7 b0 £ KR FER, TR 5 ANEIR
(AR 0] R, kBRI S =1 R 4

(a) BHEHET 0 S S B R AT TR 252 “nlibE . BERAET U8R — R o2 TR
KA n A FEREHRAE, X o DEERE D BIR B Ak A5 Sl IR B30 HF e 1) 8 i
N B2 AEAE = AR TSR,

(b) HHEHET )82 B HIE T THE (tractable)? & %2 E M, BUAAENEHET (quicksort) &
5, SHMERGE n NEBYHE, THHFREN O(nlogn), BAEDL NHEFI N O(n?), #2220
HRE.

6) http://sortbenchmark.org/.
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(c) TeraSort [M#: GEFRLE 1 min WHEF 1 TB ##5? X 1 TB #di tH 100 125610 KMk, B0
AT 100 . XA R Gray 76 1994 FFH- I, MBS AF it a2 08 HT 1.1 GB 31
¥5, KH quicksort SFIEAEFFATHL 528 B2, TeraSort 0] I7E 2008 FEIEAISF| T ik, Yahoo A&l 7E
3.48 min SEf% T 1 TB BARHFT . B JE, 4 OB IS HERE 7 A I R 2 T 100 TB. 4K It Fad sk
PR¥EE B IRAF], H Tencent Sort RALE 2016 FHUAF T 7E 1 min WHEF 55 TB kSt HEF 100 TB
AT 1.65 min.

(d) TeraSort [ISEH AT THE L )8 ReB/EBA TIELF ML EER A E RS B, 7% 100 TB
Kl 1% 99 B RIER/NT 1 min? XA H AT ENEZR. ZNMHES (a), (b), () A
AR B, XA AN e Sy B T TS R 1) & 4% B 3 SR HAR B P AR 56 R, B b
JRAE 1 min SRR, 38 =, XA I A DG ORI L, T A2 O0E 99 B LR AEIR. At 2 1, Wk
ML 1% BB, HEP AR 1 min, 20T D2 0. SR AT v SV R SO T Sz v A P 6
U E AR E. F P RIE B e, HaT DL R — A E . BATE UG @S
HATEE B IR — PR E 0 2 B AR B A% BRI . 28 =, IXA A H S0 5 )
(FEFF) FASE (quicksort), K0 R GE, HARF AT B R EHA 7 L= 50 2 1 R 40 58 o
HeF 1 HAT 55 TeraSort ] 85 T LA F #8/0 TE  FTIRA R RN RS, A — 2 & it H RS

(e) ¥ B TeraSort HSLHH RISV R &L, 176145, 25 R sE R ) R (FIan7E 1 min WHET
1 PB, 10 PB, #£% 1 EB), BJEREFEMN JouleSort (HF/7 1 TB TE X/ EHGEE), HEHAN CloudSort
(fFEnHEFE BHT 1 TB REERZ D30, 5%, WA CEEM SHBFRS X o6 il T
1 PB #5110 PB HEFF, AR #EE = T 1 min.  JouleSort HIHIFIETESE 1 TB HEFHAE T
168242 J [IREE. CloudSort MIfRIFic% 2 100 TB HEFWHE T 144 376, %EIRA 50 min. 5 Tencent
Sort ZZiHEF 100 TB V7 1.65 min FHEE, 18 FH 2= 1H SU4E 7 H P AR

SEH TR R E N A H RAN —MEAE E. BEAHE T HEIFEYE, Gray 1 TeraSort
Feife, DL RS O PR S S R IR BRAR. X AR AT R R R — AR EBR R R
LTSI A] . BERE . BARZIRR, L 99 B AL IARIE, 58 OB HE T 1 HAT 5. flin, Re S E L =%
B E S L, 7 99% MIEHLT, 1 min W5ERE 1 PB EHEHET, feFE(KT 10 L, AN T
100 £ 70?

4.2 TEENZ5 DIP 8

HEZMHP 2N NAE AR RS EHATI, FREEAS N AT S (instance) A& — Mt
HALS . M HEALS B R RGN 4 Bt B RIZEIE TR IR (Wb BEES) « fA6E 20U (0N
TE INAE BEAD) . JEAETEUR (W2, EEE). Ja =F ORI, X 4 FEtii G R A m— "0
Y73 (A], FRONTHEB 2 (cyberspacetime).

—ANTHEAR S MTT IR 285 o, FLAS R I B RGBT T B 2 TR i — AN TR, BRI AT S5 AR
IE. ZATHREARS AT, X R T B 2 v ) 22 AN A 2 ).

DIP 8. Bt HEARS A ZSCHFTHER. 46 H P ARRBEER TR, R4 S feigscil
A BISEAATHE, M HACY S B4 DIP B8J): X4 D (distinguishing) B## 1 (isolation). flLseft P
(prioritizing). WAL, S BEMSTEIZITI ZIASHIX 7 BE . 5tk A A =SIE), BIMES A 78 S B4k
AT B R U BN 2 ()R 2 ().

7) Sort benchmark home page. http://sortbenchmark.org.
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X 73 48 Rt ae 8 5 3 X ) H 2 RN T FAE 55 B RG AV ) 55U, R B4R — Mt RAE
25 [RRE 2 1) 5 Sl (R AR 3 TRD AN A A . AR S AR A2 H8 mT DU AE 2 (), B 28 6 AH 23 (B A — o, TR TP ek, DA
R GHZ RIS BN A ARAL BE.

DIP FEAE VRN MR B EAE S A RSCHTHER. B4, H AR a It RS A e
SIAESS A BISEH TR ? “THEARSS A RSHATHERY R SR ERN NIt H RS,
AR ZRGTHER S AR (RIRGTIRE). DIP SEAE U, ERIUES: A BISEHI Al vHERE,
“IHH RS TRE A% DIP G877, BIIX 4> D (distinguishing)« F&E 1 (isolation). fiL4ft P (prioritizing).

DIP S5 AU A A2 DIP Ae IR fE =it B R G IR G e s i i) S At Re 7). fEaTHR R
i, TTIAT NS — BAFLE, TOVEMRTH bR (H I 28 G0 G5 B 3 T8 5 (1 e i 3 B, AT T 54T 55
1) & A AR5 A2 FH P AR 56 R {EL, 38 A2 7T RE Y.

DIP f5AE%Z 3 7 AR A R E K&, BRI ER . CAP EH . JERES IR
2.\ Rice EH. BTN E B RGNS R, J5 A2 AR (145

ERN I E R IRYESS R, 1974 R R B e B4 1 1 TR AR R 850 SCRE B AL I 784>
A, JEIRS T IBM 370 KREUHLSZHREREAL B3l XA RAE 2005 -4 Smith 5 Nair A 2RE S &
iRk D01 kSR8 S 94 FE ML TAE. 2000 fF5EH B4, 2002 FHIE ) CAP & 22 35 Ui BHAE
A R G A BE[FII SCHF— M (consistency) T (availability) 73 X 45 1% (partitioned fault
tolerance) X 3 N ARG INHENESR LR A, (EAREFRIN LR =3 . CAP ) JZ 5 | MR H B
MR &5 =iHE RS KB RGBT, Herlihy 52 44830 H0 0 A1 -8 I 61 3738 196:37)) 2004
SRR IR EF /R 2. Herlihy 5 Rajsbaum 81 7E 2003 4 H N 71%, 4 T loop agreement 4347 2\,
THRAES I B2 02K, KBTS F e BB E 1 iR, FMa i RSt 2009 4F, A AEH
[FIAIBAKS: Herlihy 5 Rajsbaum 145 $ 887 K 4836425 (8] 1) rendezvous tasks 7328 A @igh i, If
W H gk e BT R 4EE Y nice rendezvous tasks B9, X6 T AF ) F 22 A& w] DURE B b 43 A 20
THRAES 70K, R EAT ™M H X 43 TF K.

XL WL, AR AR RG], BIERG DR, AOSILE |G HAERERA
Fa FAE A, ] o S ER AT T AR T AR A ) BB BT, IR RIE A IR, A R 2 A
A AT Be 4 3. DIP G AR 407K 17X 26 AR A7 AR,

Rice & FN M S 4s 1 PR, Rice & BEH— MR ZRRAE: A R E RHLTE S AR LI BEZA
AfRER. B, SHMEEIAEF UM P, B S L= {(M) : P(L(M)) = True} /AR H5E /) 40, Rice & #
LORTEE Nt R GRS (RGIRE) W BAUNG, Pt AT E R A 4 MR ER
DIP fg ) rl e A fiide AN E BB, 55—, DIP A5 AR JF 1A BER 0 200 TS i o1 53 A M 55 1
FHAEIE], FEHIT D, 1, P. A BEAFAE RGNLHIFI T RE, 15 2T RG] AEATHEA 2 B BT T, #2
55 (enforce) DIP. 25—, EfMb e S CAP wH O INHA H T AR KA NIRE S %I, H%
ABEATHERBE. %=, Rice &H AT HE WAL What B8, A2 How MR,
B R Gt ] EARSHE ML R, T “Exactly how a Turing machine M works may be decidable” 49, D, I,
P R JER RV =R RGN BNER R GiThAg, P a] a2 T A€ 1. 500, R sese TAER W] (W,
AL 4.3 /N, R R G0 FEEe L ERR Y RO 1 DIP Be/y, b R fREE P RS 5 R g R A .

TR 2 f B, o DL R Z B R S = X =L IR =

RERME Z (R 2 2 AN AT L = — A S B oGt L. R — AN B ER A b R
FEF BRI E (time sharing), XFONETEY] A (time slicing). z s O tHSALE AT AR
IF BCEA R IURE, 2 T B LI — LR

1157



REMBE: [l E RS

@) Time | ®)
Web REGH JSETI)
OS1 0S2 0S3
Partition 1 || Partition 2 || Partition 3 'Hadoop
Partition 1 Partition 2 Partition 3 Space
(Computing, storage,
© Time | (d) communication resource)

Web RECH Hadoop
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E 3 (MEEKE) ?ReS5RE=NEAETELER
Figure 3 (Color online) Comparison of phase spaces in (a) (b) partitioned cloud and (c) (d) low-entropy cloud.
(a) Partitioned cloud; (b) phase spaces in partitioned cloud; (c) low-entropy cloud; (d) phase spaces in low-entropy cloud

I3 X = R S — AN S — AL, R EFBRR A MILE (space sharing), XFRAZEY)
(space slicing), BRI 24P FH 32— Aot oo vk EHL (1)), (0K 22 0 200 b Ot LRI A
EAGEW LR, BRSNS — AU SR LR O 2y X

IR = R SR 2B — AR B dE Ok BN, EEFBOR T ILE (spacetime shar-
ing), XFRAR V) (spacetime slicing). B SR FRELS LA B (bus cycle) ki ZEHRE, A
T [ B R e FH P A4 56 FH B R F 26

Kl 3 EAL T 3 ANRIHAE 7 X Z AR = AT IO, BASOR SRR 3 8] Dy 1 9 HA S A = 1],
P20 T 3 AN RAE RGIAR ). I 2 (R s 8 07 PRV BSE A L 1) SCRF F R 5 e e e =
B e Ak e S A TR U I R B R S AR

4.3 3Z1 von Neumann &L

IR DIP F§A8RAL, M4 = HH R G0 E A A4 REVS S MR A DU T, BEx By ih SEAE 55 LA

oL WATHEAESAE Do E TR EHAT. 55 A 5 B ILE W R AR RGE, #R 10 A A A 3
FiER. R, RALEX D DNAEREKRBAMES A, ESF B, K ERGHAM. NAATERERS &
FUSEAE LMSR]. AR Seh (a0, ibAES A U5 RETAESS B V7)) dxE DLSEEE.

HAGIX LR B — AT, 0 THEAT S (EAERG MU, 2 U5 inl RS A 4, FETHENLR G
TR — IR ). X2 PR 2 von Neumann /& R 25H) (labeled von Neumann architecture)
(3 R R UL 4 BOR TR = a0 i AR RS, TR AL 0, (X 43 6 A AR A BE
(V7). 1X 6 SEAAJE: Web, Redis, Hadoop 3 ANRHL, BAK OS1, 082, 083 3 MEME RS, B—4W
AR, FEAE T WA BRI, #8377 EAARIARSE, AT RGEX 70 BB e X AFiE K.
Blhn, AT 5 B 2k Hadoop NI AR K, fELk Web [ N AF1E K AT 3 5 s AL S 2.

o [ R e T SRR S0 I 2808 XA bR A5 A 1 SR B2 YA BB A8 T 40028 0 SR L B0 AIE. SEBe R 9,
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Redis

B 4 (MEMFE) #3% von Neumann FELEHZAFTERE

Figure 4 (Color online) Accessing memory in the labeled von Neumann architecture

FEGRE S 54y X ZAH 24 (10 F PSR TS T, SRH R4 DIP 68 1 R254K von Neumann A& R 4544, I
WK CPU MR B X S 4 15 B 55— DU 5o s B, AT SRS IR RV 1
A7, 35 7 TiE A A7 e 1) ] B 5 VAT AR S R D7 VR MR BE R 74%, 2 B 70 T H) e SR T V2P R 1)
380%. WL, RFEX 7 (D). AIEE (1), BMERA et (P), Wl DL R 3T RS, 7677k
Ft, Intel AR HHEH T AEALIRES ) WO SRR AFFT R 4R Cache Allocation Technology (CAT),
FH PR 2 ST IR AL B2 %, X 20 R s A7 I ] 142431,

4.4 BEREFIHHMZHEMEIZIHRA

N T RO BB RBCIE I TE R, E R B T SRR AT iR T S e M2 b P RS, 5
CPU I GPU #HEL, BERSEE I THH 5 GBI 14445] — A B 32 5 (R A 2L 25 7T AT IS AT I 2 A 1
IRy AR, &N Z P 4 51 B 5 3R, Google A Al it K3 T 1E o i HAE H O ff
FHH gk mALFEES” (tensor processing unit, TPU) I E 5 HE 2o BT S 29

ARG LR S TR P AR T (A SR 22 N 2 A B, I HIG e SRR 1 14 e
ihn, F P A] DAk S48 AR K Caffe BY TensorFlow 25 2R FIHESE4% 5 DNN, CNN, MLP, LSTM
SERMIRREE SN, I HAAT IR FE R85 2] 80% HIBRRE/FIERE.

Bl 5 SR TR 2= s FH 28 A0 R 22 Y 28 AR PR 28 B W [F] 52T (co-deisgn) FEAR. FHRHARFE 22 2
N, o ERREEBE AR SO T Cambricon #1245 45 44 461 H A il LHIX MBS ST T
gt 153 TE R A AbFR AR IR e, (B R0 RIS 5 JE R v AR 1. ARG = WERE T SCHF Catfe 1
TensorFlow 7R 2% > AbBE % BREUFE DLPLib W7, Bk TAMIL A (1) F 7 ] DAk S 3R 1
Caffe B¢ TensorFlow N HIHESE S S5 & AR SIS (2) B RS AT BRI T F TR 7l
1) 79%, R ERER) 79%. XFHPEBETT (co-deisgn) BEARKS f 2 FHEEMNE = F H DLPlib
Hah5E M Caffe 8% TensorFlow N EF TFEJF A8, 7E TensorFlow X CPU & F A48 #2411
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Figure 5 Using the Cambricon neural network processor in low-entropy cloud

FKEAN R EFEAL b, DLPLb £ R M Mg AL BEES, St T “TKE + JEIE” (tensor+filter)
%, RiE T b P 15 2 79% RIRREEPHERE.

5 %518

DU HAGPAAE 4 REFUG, MITAETR . T, R0 A ALTURE. E17T2 X100
RDUERG (AR B ZIER X ) Toidk RN 2 H - R IR 2 4828803 7 SR i B R AL 3RAT
ReX BTy TP E MEGEAR TSR G0, HEM3R I TR = T R SR AR, B
R ISR G TC 0, £Ei 2 1 AR I RTIR T, 327F RGRCR. IRE = T L 2 A X
SRR, A O EE I PR  TPRBCE S BT RCR . BHER T R A G A BN - Rait
ARG

B R T TSR AR S FT U S A A A = SRR S5 B R P ks, AR SO Hh ST AT T SRk A
&, ZlE T ZEATE) R P RIS R DI RE R AR Th AR fUSEERA . SR DIP S5AR, DAZm
R R GRS LIS AT T SRR T8 70 B A AR SCEHE T ARZEME von Neumann 16 R854, 1F
SCRE DIP BE M = iHH R G sk

AL T AR FR L AT AT AT UL R R G R PPN 45 2R, IR ST R Gttt 1)
AR AR IR IEAEREAT T, R 2 8% TAE R EIRN I AL RAT &1, 4

o H RGUBIIREHA T X, e 21T Shannon 5 B AFERG AR . IE A0 € L.

o THEEIN 25 5 T ST 55 A0 43 18 0 fi] Vi (E SR 6 ARRLE ) 221

o miMHIRE VIR RARF MR M. Hil2f 5 KRR THERE: Btk kit 5.
HIRMIAR ST« KEE B 5L .

o DIP S AEAIER, B & RIESZIE.

o HRZEAL von Neumann & R E5H A EALE LS IRAL.

Bt RO ELTFHE A AR F AR, MATFHE TN RE AN E S RIAR X
BRI B &, R ERMFRITELAF TR T ERBA S 52K D H A A S 5k A
&
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Low-entropy cloud computing systems
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Abstract Current cloud computing systems, whether virtualization clouds or partitioned clouds, face the chal-
lenge of simultaneously satisfying user experience and system efficiency requirements. Both the industry and the
academia are investigating next-generation cloud computing systems to address this problem. This paper points
out a main cause of this problem: existing cloud systems have high computing system entropy (i.e., disorder and
uncertainty), which manifest as four classes of disorders. We propose a new concept of “low-entropy cloud com-
puting systems”, and contrast them to virtualization clouds and partitioned clouds, in terms of user experience,
application development efficiency, execution efficiency, and resource matching. We discuss four new features and
techniques of low-entropy clouds: (1) a notion of production computability that, unlike Turing computability
and algorithmic tractability, formalizes the user experience requirements of cloud computing practices; (2) a con-
jecture, named the DIP (differentiation, isolation, prioritization) conjecture, that tries to capture the necessary
and sufficient conditions for a cloud computing system to realize production computability; (3) the labeled von
Neumann architecture that has the potential to support the DIP capabilities and thus simultaneously satisfy user
experience and system efficiency requirements; and (4) a co-design technique allowing a cloud computing system
to adaptively match deep-learning workloads to neural network accelerator hardware.
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