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WE YWz HERR, TRREMNEZERS R =, BULERFELAF R RAREFK, &
VRFFEARBIFEART R T ERGTUN XA ER. A, XM EAN—NEZRH
RUMERGHE (. THRETHEZN) EGAT, HEARNT 2 HEREYFEN 4 XTFAL. K
XBEBTRBZHERANFARMA, ZIBTHFTERE, WRTRBEZHE AR S BN T Fy
Rz FRE, FARE, BAXE, RRERAENRX A, Fit® T RE=WHFHELAFFTEA:
(1) AETEHRTHEEFMEEL T EENZ AT EERS, A HMZE T =it ETkH <A
FPHREZHNERTFEENSGE WEZERER; 2 2B TEREGG LA LA TITERN T
SOCE 4, BI DIP %, (3) X # DIP A&, Bleb 95 X 4. (&8 . L e it A 548 = 8, AT R
T, BEA B REZA PR F R AR EFRKAREA von Neumann & R4 4; (4) B EEF
JHREGHENELBEENZITEN ERITEA.

XiiE U HE, APAR, RAERE WERAGH, 2 X AR, WHENEREN

il

1 35

W ETRER, wE L2 RRTFORE R R, SRRy R AE Y TR, AR AT
T AT HHRR AR ST . BBl BRI S A 2 AU R i 1 & Ak 2 AP SRk AR 55, A A At i Ak 55
(IaaS)\ “FEMWST (PaaS) M HIEAFIRSS (SaaS) &5, [N, o THEAFAE KRR ) At 2 2 ok, G
o CRImp L P RS 5 RGRCRESR AR H i R, BOv TR HERAGH RN —AME
i [3~8]

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

(1) 73Xz 8z S et PO TS 20 O AT 23 X (ROBURE), B R & — A>3 X
ZATRIF-OREE R AR5, EHISS 1 BRI AR, PR T RGFIAIR. 2 X (partition) R LAFEfE A M
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RS BOPLEE. R0 X S B — N B iR S5 7 /2 Facebook. fEztHELSEEH, BHIEAI AT 10%
K15 X = FAFEIL.

(2) HEAME . 2B FEAILE D i o T SIS MU, BB 2 PR A R AL
HLIO~I L s D20 Tof o5 88 R B e HoRSEBL. RGBT L= 0808, 1RTF RGEFIAI . HON T &
B P A, 2 IR 55 AR A o B, X SRR 1 BRI 2R BORSE 19 i) iR 95 24w, th A Beik 2
20% ~ 40% FAIBEIEA A 2 (8],

T REWTERETFEGE 0 X MEIME R A, ERHMED X I FECrfE AR5, UGS
P ZIBRE SR R I . AR 2 R G, HEER SR RN (disorder) 5 AN
SETE (uncertainty) P E—NATEES2 (/N R, ATTIEE S i 36 =2, FEORIR T P AR IR TR, 327 &

RIS = T R G 2 BN A AR TORTEF? - T RGNS | PR RS 4 28K
FPEL S AR = TH SR G ZOR T SR SR AR, SERERSREAS BT R AT X 73 mTRR S Al se
i L. AR 2 THE R Gt — Rl S (B H A RGeS A /N, I SRR I BT I TR E ,
MRS ABARM LB WIG 0, AF 2N BT H RS

2 REBZS5EMELEMIX R

Bl 1R 7RIS X a (M. WER R EINEE, RAFRERS. SRz J B —1
FERHE R ML (virtualization), 2 H AR &8 2 A BT RENILE A = i dlds 1o o AL
(datacenter computer) 1o, &5 RGHCE, W = tHERIFAETTIRM s A ERIHENLS A B B
WL #E RGNS AT, RO R A 45 2003 4E A4 VMWare 5 XEN BRI
FHERME A 10141 DLK 2006 4F Amazon S E T3 2= RS (EC2)2).

Kl 1(a) IR T — MO BN 3 AMHUEE, BEANHURE N R 2 AN B AL = — B
BRIE. A1 MR R TS ERNER, £ — B3 EESLH 3 AN EIIHENL, 817 % 31
FEFMLHAE 450 RGN B, X Le v B AR AT o /3 4E R IS5 (Web)« Redis ZEA47R55 (Redis), A
K g umdE it E AR % (Hadoop) %5.

TR REIMEEARE WA EE R . — IR Docker HIWRAT 51 K2R E (container) TR
W Jp B21519) 0 & Amazon G AFMEH T TR IHHE” (serverless computing) FAR. & 1(a) 28
2 MHLEERE R T 24 ER A Z R, Bl Linux container £ R (LXC), H = 4K &7 —% Linux #
ERGHRRE N 2R, BNARSIT S BN AR, 5EUNEARMEL, & 8B0R 0B TT
AN, HARITEHEBRA, mFERBRATER. B 1(a) 2 3 MIEEER T Amazon ARHEHF AWS
Lambda TGRS 8 1HEHOR, B2 — P 4ip B B ML BRSO TREH P AL B RALECE 3, T2
AR TR B A (BN Lambda), 25 w42 ek FoH R RIS 9. 2P I 20 R B
(41 sort, wordcount) FEE AR/ HAERA (W Linux) 5E1THR A (40 Hadoop).

KB EAL (8% Lambda BEL) BOZIRUEA RS (isolation), B4E (1) 15 XBEE: — AN
FOTEEEAL A HRAE AN S 0 oA R 30T AL R 5 3G (2) bR B — A RO 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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1 (REIYE) 3 XFHERA
Figure 1 (Color online) Three types of cloud computing techniques. (a) Virtualization cloud; (b) partitioned cloud;
(c) low-entropy cloud

FEMHRALIZAT; (3) TERERRE: — AN M AT SEAL A BTV 5 SR AR M HA R AU S LR T 55 A0 e
AERE, Wt U, — IR AT A REE S AR AL B, 2 HVERRE, s8R
FRCEEEAM B 118 X IE R, IR SR, I RERR B AR, FIRE R — AR S, Mhd A
FAHLIZAT 10000 %, PERRBE BN/ T 1% 16 RITHERT Ay T £ 0.01 x T . (HEELZ TR =0t
-G b, MRS E SR 2. Google IR BIR, HATHE G PERRB B mIL 600% .

REFIA 2= BE M AR L SRR /NECHE 7 () an WY R ), BB DR B AR 8 (497) i v v 2 1 WO 1
SRWERE, PAK S5 i KA AZ 48 5 70 4) A0 88 I ORAR 22 1n) . — AN RS Fy a7 55702 Y P o A4 3 £ 2 F 7%
WE =R 6 E, AR 2, M H S HYERATE, TERE IR K, F AR TG A5 A 3 fr .

REXT R IMEFE G X =, B g dE A N AR A O ALRE. B 1(b) o T — A B8l bl o SR
SN 3 AN IX, rlisdT & H BRI RS LA Web, Redis, Hadoop 3 NRH. KEHE T H AR AL
& Google $&H! 1) Map-Reduce 7 (Xf R85 Hadoop®). BigTable 181 (% 1) 5 5. FH 2y
HBase™). Pregel M9 (X REAITFIRMHI Y GraphX 0). S 7 GRIE P AR08, 3 B R Hdls R GeAE AR
X7, B —E R AT E — B AU L

BESR RESUAL AT DU TH AR, 70 X = A T ERBEHT RS, Be ANRESR G e TR AL, $2 i —Fiosr
M= TR R ? SRR, AR IEAES IR T R THREEOR, DHEZRE 70 X = MR
ez AL AL BE SR 24N B S 308 AT 180 O R B DR R AR 2, SCEARAIEF PR
Bl 1(c) R 1 E R BT BRI = TR R G B 570 X = USRI = HE L)
BRI 2, RIAEAE R AL 5 25 2%, 2Rt ae g st St = — 23 o o SERLO AR B2 0, DA
A I R A FH P A LS 5 R GRCR.

3 REZHERGHERSER

AT = E RGO LR DR IR AR IG I R I 75 BB 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 MHTLIF (intra-workload disorder). 2 1 FICF A& — R G NS, GG SRR T
PAIA € 1 21 X SRTE P ) SR, BIME0R S A 00 2B A S L BT A e, — A
BRI T ek H T BEALECR A 28 AR E TR FEE 1R & EBAT, & RIIAT IS TR AN E ).

o 7 E T4 (workloads interference). 5% 2 ZEICH &M ELZ AN H B2 [ AH A& B ) G
P IXZRTCFF I A2 BERAAE S, B  80 FH B 8, A91 arhe J8 FH 7 8 08 2 A L o 5 P o LA L TRTIE AT
A2 WE AT R RI TR, — NI A 772, a5t BER B v AR
TR EARBMRSS B FIR, 18E 8 B IR 1 P AR SR AR 2.

o RGMEE (system jitter). 5 3 KICFFRMEMF BN H1ERG . BTN ERGHAATHSH
FERPATH R, KT AN RGME . — /N7 as 17 i B3 R R 67 gz
7. XTI P I T EFAE S, W N B B a0 L B TRIS AT, JFOCHI T RER) RS Me A U (1 4n
KPR BN, AEAT 22 35 A JR i M P A SR I TG 7

o BAHIRIC (impedance mismatch). 28 4 J8J0F7 A& N 9785 B B0 AT 2 B A AN UL I, 3 A%
TERFE UL B BT, — NI R R B T AL, TR A A SR A A
ITAEM. 73— S BT A RS KRG Bk = MPT X 8 e 1t R[5 SR, 43 75 A K 14
DU AR . X Fp AT N TR ok, AB S 1) I 2 R G B U R Bt (co-design) SCH¥, 43
I FH R A R G ) TR AN SR (a0 SRR B T DataMPT 22]), d sk, SRR
H a3 N, R R ARG T L B AR A4 GPU, FPGA £ s #if.

BTG i R 1) o) R R i B R F . O T RO T, RS PR RLIX
3REFIUR, ME = THE RE T LM P AR FFRBE . IBA780% . BIRIER 4 A3,
B 7 2 RER A THE R R EZ S AL, —UHE =0 7 F 2 HFr.

3.1 RAFPERREEEIXE

A = B FH P AR B DR IR S 2 3 7y X . FH P ARG LR R B st SR & i 2 I P 7oK 2
TR SATIF RN, IS P AR 55— 05k, S B 0RME. 2tk 54T Mk AR IS S B 5 45
T —RBE: FER RIS, F PRI 2 DR AMAE R DI RE. Fk b, X4 5 _IRZ I E
WEFITR B R H R ARG “af R, BARN SRRSO M a4k 1 32 2R A,

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

(R REL, 15 R B AE IR B AE, SR /N T BMERER A 20 tL).

NI ERS IR P AR = e (1 M, 100 ms, 99%), 1REH RA LZRE RN CHF—H
ANFERAER, T H 99% BI1E K I RS2 1] /N T 100 ms, A3 2 H 2456 75 K.

Google A KB T F PRI R R AER (tail latency) BUAR 7). ERZ EE =i H RS (Wi
F1EE) b, WEDEE 100 ST 1000 NIF A REEGRCRIG BB E R, WA R 1% KA K
Wi )97 ZEFR A HY 100 ms, A2 4h R AVIEIR T 100 ms FIMEZRR 2T 63%, FEAZ AMMEE R R
A 1%. wnfa il B AR LA BONIT AR 2 v BRI R BRI AL i E 77 1), Google HIFAIAY 1P, « N —
R RS 75 BUR U — 1) LI B2 (consistently responsive) KU ITTH R G, M1 RA T EBHX
KRG, NN RFAA TR /3B 1) FireBox IUH Bl 5T 2020 FF =R RS, — B HbR& MR
HEIR.
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3.2 NEAFLMEFBENXZE

TFR AR = TSRS R B R RRERS. i T “H P AR50 22 A DO RE R AMEAE DI RE”, JTR —1
T FIR S AT ZARBILINRE, I A ORAIE 1% 55 (A 0 S S8 58 FH P R 6, A0 10T A HERE . #2578
BT ERH ST 6 E, ZIRFHPERATE, YERIUL TARRIS R LRI, JHA PR feda e
() 25 T SRR 55 JC L PR HE

BRSEITHER )~ 7] A RN, 7T CAE = TSR ST BRI A B Be, it v Z Ak, ok
g R P ARG ME RS (H IXARR A I EE S R JRATFE BRI R SO G, BRI R
MARMBRD X =, PRSI, TERE GG RS TR/ OB, & S i i - 4%
RIAM T R 48, MEREDLAL R & T EL L. XM 21 S AR BOR S AN SR I R & ik AN A
AP e R AT B T IER B = F1 6 B, KKy R tH SR T

3.3 ARHBBITHES

B A2 s g i R s B A\, R AR & s 2 PRI I =i RS, HEES R
(3B IR 2 & A DUSEILER S I R Guis 17 80%. lhn, 36 18 2 4 BN IR S5 7 Twitter 7E43H
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 M 30% MR AEFRIR SR 7 181, X b sz B 4 AR 9B 22 7
& (overprovisioning), RIAE 25 vH 5 2R 45 10 B s S o 7 SR P R . AR 2 IO 1% 2 35 2 X T e 25 T
FEIR 2.

AT N FHTT R BCR, RIS AT R K% RGBT I A etk BRI (utilization)
PATRCE (efficiency) FIFERL (energy efficiency). CPU FHZEZ CPU H THAT N AR R G KA
(B Ti) B DAL IS T). PHAT R0 2 R Ge AT I FH B4 310 1 S B ol B2 B LA 3R 4 RO WD B2 . R 28 R G
A7 L FH 15 E1 1 S BRI B2 o DA R 48 1) T #E.

Bl 2 7R T 1945 4FF] 2025 RIS VERETH EALE B . DIARFIRER Py SR AR 5 R &S, nT AT
KBNS R, 1E 2005 FLARTY 60 A e s rh, YEfe (BFis H AL FIReR (B HIEH
) FEAR_LLREF T FPBIK, (HM 2005 FETF4R, AeOl K B8 TR K. iR 2 i REEE A
JoHA N, 7 2015 4, mERETFEAIRE D4R 2] TR 6.85 T JIMLIRIBH (6.85%101°) [H7K
S, ARAE B R E R THSTHE SR Hadoop 1 1 PB EUEHET MR SUNIA BB 576 1L IKIS S (5.76x101),
R A2 DA FEAR I N A7 T S5 FRIN Spark B FHAESE 251 Fifl 1 PB $dEHE T 1R 8UCE [ 4320 {2
Yaa B (4.32x10M) [7KF, SEtkeit SRS 4 ~ 5 MR ER. SR H RS0
1T BRI BRI PRI 25 2627 R —R AT H RG T B2 XA,

3.4 FEHZEIRERN AR

R 2 T 5 AR G0 7 B SRR A RISOE BC L 93, PR B TR BC& s e P JH4. il 25744
T H AT AR, XEWE = TH K EE 78 70 A 3 MOl BB 1, 2 V5 R e R I RS AR /.
M H B O MRHEE TR bR BERRAR S50 2 1 KRB o SHLER ), 3k
RS Z R ZHE. N T I Is FE ERER, =i RGO Z AL T GPU. FPGA . #iZ M 2% 4k
PR ARSI AR B 128301 iR w] LA S FRAE I Azure Cloud BN S LAHIE T FPGA
IS B B AR 2 TS 2R G T 2 PR Y D R AR RO T8, A2 N2 RE A3 21 70% DA AR
AP RE.
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—’-.
1.0x1018 —e— Speed (Operations/s) R =
f’_.”—-

Linpack 6.85x1015
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15
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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 RBEHERRERAER

WHERGE RILET) BEA T, T8RS DR N 2 P RIS AN 2 403805 75 R 1) B 2
Bl M EZERZ =it E R G I &M 42 M 2N LR R RGN,
FEARTF PO — A FE AR R XN TSR SS, B3 5 FLAl FH g2 i i 18] 5 2 1) (5 R PR 9 1%
FESS AR (8]), FEAE F BT AT B O BE A AN R G HOR, ShaS X 73 BB TSEtiZAH 1R,
I, FHET IR S5 HOR:

o SEHTIFHEME (production computability) #E4%, B THHALSE =1 R G H e PRIE R IE
IR/NT P A BB AR

o THEIN A A A A], BT —TH5RAE 50 FH B2V A I 8] 55 25 8], & AR SR PR 9 A T B 28 TRz AT 55
HIAA =S 8], B phase space in cyberspacetime.

o mUFR RGNS A THRE A E S A, B A L B AR, I DU H AT SR S AR

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

4.1 SLHATEM

BT <P AL ZE R DI RE R AR ThRE”, — DRSSt E AR A K R T e
T 2 B AT T SRR SR 2 T 5 S — AR (0 25 8 P AR I R AT S, AR SEHT AT A (pro-
duction computability): — A~z k552 AT TR, B8R RER /N T H PR EIE. £ 1 A T IX
3 RIS

FEGETH HAURLEAE R E T B v TR, B IR v, (Turing computability), it Turing-
Church B RRZE H 1 B RALAE P, LAR AL ) A% P RAN AT B8 e R sz P R v o R 3 ok
R R e 5 BARSATO R, 5 SCHLZ 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

FYEA TR (algorithmic computability, tHFKA tractability) — R IER L2 A H 4% 2 T (7]
4. B, Linpack B H Gauss EICIERKME n M VE TR, HEERIRER O0?), 2%
BRI L, PR SE AT TSR0, SR SV BE ST AR i 1] R, SOOI A o il R B9

SEF AT SR R R P ARSS B T B, S AN ORI 1) RS B, 38 O SR A I B
2%, BANTFEE XN =it B R H PR Z R ThRERAMFAE N DI 1528, 45 th S T v
RS TR0 € X, FFRE TG R < PR 22 ORI 3=, 4R S BB B v SR AL, {5 22 1 B
R4S 288 5 (1 F P AR

LRERITHET 6, —MHEAES y = fo) BPATRIEIFAR —AVEE. RS ERMA «, F—
MHEAES y = f(2), FEFE DR 6 BT 1000 R, BERFATI EBA R — A5 &, 12 A
AAHENE (uncertainty). FFHEATFEAL S HAT B TRV IHAEIR, H4 KT HAE AL GlE BN
99 T 4rhr) IR FR AR IER (tail latency) [7).

SIAAEMEN. SEMERREE T, MR FELXERESUTRARS S, itFEES A £ S |
PATHS, S BB RGBT 40 RGNS L BAPURIC 3 RICFIMEEmYaE, 573 A 1) 99 |70 R ER
AINTH PRI RE T, B4 A &S 5.

SEH AT EAEA R T R AT R SRR AT o B e R AR S R G L SE R 2
RS T SR B A S S AT S 1) B NI Gray Y TeraSort 7] @ B2 gk, SEH A
B E T R GRS, A AR GBS AT U, R T — MR ST R SR
BR P SE ) S AT S ) A, TeraSort il @) bR S bR, i3 — 20 ) B S T o S 1Y

REGRHERFBIRE. XA A8 ER 219 32 Gray 7 1994 AL H. fhikfile T — AR ERE
¥, FELEAR 2007 2R EE 2 HT— B4R X AN FEUERR 7 b0 . £ REARFER, TR 5 NEIR
(AR 0] R, kBT S = R 4

(a) BHEHET 0 S S B R AT TR 252 “nlibE . BERHAET MR — R o2 e TR
KA n A FEREHRAE, X o DEERE D BIR B kA5 S IR B30 HF e 1) 8 i
M B2 AEAE = AR TSR,

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

6) http://sortbenchmark.org/.
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(c) TeraSort [W#: BERLE 1 min WHEF 1 TB ##5? X 1 TB ¥t 100 125610 FM 1, B0
AT 100 . XA R Gray 76 1994 FFHE I, MBS AF it a2 08 HT 1.1 GB 31
¥5, KH quicksort FIELEFFATHL 528 B2, TeraSort [0 I7E 2008 FEIEAISF| T ik, Yahoo A&l 7E
3.48 min SE% T 1 TB BARHFT . B JE, 4 OB IS HERE 7 I3 I R 2] T 100 TB. 4RIt Fad sk
PRI 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 [ISEFH AT THE ML )8 ReB/EBA TIELF ML EEE A E RS B, 7% 100 TB
Kl 1% 99 B RIER/NT 1 min? XA H AT IEHENEZR. ZAMHES (a), (b), () A
AR, B XA AN & Sy B T TSR 1) B A% R 3 SR BAR B P AR o6 R, B b
JRAE 1 min SRR, 38 =, XA I A DG ORI L, T A2 OG0E 99 B LR AEIR. At =2 1, Wi
ML 1% BB, HEP AR 1 min, 20T PRS2 0. SER AT v SV IR SO T Sz v A P 6
I ENERE. P RIE B E M, HaT LA — WA E . BAIE UG @S,
HATEE B IR — PRI H 0 2 B MR B AL BRI . 28 =, IXA WA H S0 5 1)
(FEFF) FASYE: (quicksort), K0 R GE, HARF AT B R EHA 7 3L =500 2 1HH R 40 58 o
HeF 1 HAT 55 TeraSort ] 85N AT LA F #2/0 TE  MTIRA R RENL R S, A — 2 & it H RS

(e) ¥ B TeraSort HSLHH RISV R &L, 4176145, 25 R sE R ) R (FIan7E 1 min WHET
1 PB, 10 PB, #£% 1 EB), BJEREFEMN JouleSort (HF/7 1 TB T & X/ EHGEE), HEHUAN CloudSort
(fEnHEFE BHT 1 TB REERZ D30, 5%, WA CEEM SHHFERS X =6 Bl T
1 PB #5110 PB HEFF, A IER#E T 1 min.  JouleSort HIHIFIETESE 1 TB HEFFHAE T
168242 J [IREE. CloudSort MIfRIFic% 2 100 TB HEFWHE T 144 376, 4EIEA 50 min. 5 Tencent
Sort ZZiHEF 100 TB V7 1.65 min AHEE, 18 FH = 1H SU04E 7 H P RS

SEH TR R E N AT H RAN —MEAE E. BEAHE T HEIFEYE, Gray 1 TeraSort
Bk, LR RS RS S R IR BRAR. X AR AT R R AR — AR EBR R R
TSR] BERE . BARZIRR, L 99 B AL IARIE, 58 OB HE T HAT 5. flin, Re S =%
B E S L 7E 99% MIEHLT, 1 min W5ERE 1 PB EHEHET, fedE(KT 10 L, AN T
100 £ 707?

4.2 TEHNZ5 DIP 8

HENMMP R Z AN NAE AN BIHERG EHATI, FREEAS N AT S (instance) 22—t
HALS . AL S B R RGN 4 Bt BRI ZEIE TR TR (Wb BEES) « 766200 (0N
TE INAE BEAD) . JEAETEUR (W4, EEE). Ja =F ORI, 1X 4 Fetii G kA m— "0
Y73 (a], FRONTHEB 2 (cyberspacetime).

—ANTHEAR S MTF IR 25 o, FAS R I B URAG  1 B 2 TR i — AN TR, BRI EAT S5 1A
IE. ZATHREARS AT, X R T B 2 v ) 22 AN A 2 ).

DIP 8. Bt EARS A ZSCHFTHER. 46 H PR BRER TR T, R4 S feigscil
A BSEAAIHE, M HACY S B4 DIP B8J): X4 D (distinguishing) B## 1 (isolation). fL2eit P
(prioritizing). WHLZ UL, S BEMSTEIZITI ZIASHIX 7 BB 5tk A A SIE), BIMES A 78 S B4k
AT BF R U BN 2 ()R A ).

7) Sort benchmark home page. http://sortbenchmark.org.
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X 73 48 Rt ae 8 5 3 X ) H 2 AN T FAE 55 B RG AV ) BEUR. R B4R — Mt RAE
25 FRRE 2 1) 5 Sl (R AR B TAD AN A A . AR S AR A2 H8 mT DU AE 2 (), B 28 06 AH 23 (R i — o, TR TP ek, DA
R GHZ R S BN AR AL 2L

DIP FEAE VRN MR 8 B BAT S A RSCHTHER. B4, H AR st RS A e
SIAESS A BYSEH TR ? “IHEAESS A AR R SR ERHN NIt H RS,
AR Z RS T ER S ARERIEES (RIRGTIRE). DIP SEAE U, ERIUES A BISEHI AT TH R,
“HH RS TRE A% DIP G877, BIIX 4 D (distinguishing)« F&E 1 (isolation). fiL4ft P (prioritizing).

DIP S5 AU A 42 DIP Ae IR fE it B R G RS e s i i) S At RE 7). fEaTHR R
i, TTIFAT NS — BAFLE, TOVEMRTH bR (Em I 28 G0 G5 B 3 T8 5 (R e i 3 B, AT Tt 54T 55
1) & A AR5 A2 FH P AR B R (B, 38 A2 7T RE Y.

DIP f5A%Z 3 | A AR AR E K&, BRI ERL . CAP EH . JFRES IR
2.\ Rice EH. BTN E B RGNS R, J5 WA AR 145

ERN I E R IRYESS R, 1974 R R B e B4 1 T TR HUA R 850 SCRE B G I 784>
A, JEIRS T IBM 370 REUHLSZHREREAL B3l XA IRAE 2005 -4 Smith 5 Nair A RE S &
BrRik D01 gk 2R48 S 4 FE ML TAE. 2000 FE5EH B4, 2002 FHUE K CAP & 22 35 Ui BH4E
A R G A BEFII SCHF— M (consistency) AT (availability) 73 X 4514 (partitioned fault
tolerance) 1X 3 ™R UIREVE T FTE AN, (EABERII SCRE =38, CAP B 2 52m 1 4 M
MR &5 =iHE RS KB RGBT Herlihy 52 44030 020 A -8 I 61 3738 196:37)) 2004
SRR IR EF /R 2. Herlihy 5 Rajsbaum 81 7E 2003 4 H G715, 4 T loop agreement 4347 2\,
THRAES T4 2K, KBRS F e B E T iR, FMamai RSt 2009 4F, A AEH
[P BAKS: Herlihy 5 Rajsbaum 45 $ 887w K 4836425 (8] 1) rendezvous tasks 7328 A @igh e, Jf
W H gk e BT R 4EE Y nice rendezvous tasks B9, 1X 8 T AF f) F B2 A& w] DURE B 6 40 A1 20
THRAES 70K, R EAT ™4 H X 43 TF K.

XL WL, AR RG], BIHRG DR, NOSILE KRG AR A
Fa FAE A, ] o S ER I T AR T AR AR i) BB | BT, IR RIE A IR, A R 2 A
A AT BESE 3. DIP AR 407K 1 X 6 T AR A7 AR,

Rice & FN M S 4s 1 PR, Rice & BEH— MR ZERRAE: A R E RHLE S AR LI BEZA
AfHER. B, SHMEEIAEF UM P, B S L= {(M) : P(L(M)) = True} AR H5E /) 401, Rice & #
LORTEE NIt RGBS (RGIRE) W AAUNG, Pt AT A E IR A 4 MERER
DIP fig /) r] e A fiidi AN g BB, 55—, DIP A5 AR JF 1A B R 200 xRS i o1 53 A M 55 1
FHASIE], FEHIT D, 1, P. AT BEAFAE RGN FITRE, 15 T RG] DAEATHREA 2 B AT T, #E
55 (enforce) DIP. 25—, EfMb e S CAP wH O INHA H T oA KA NIRE S %I, H%
AT HERPE. %=, Rice EH P AT HE WAL What B8, A2 How MR,
B & Gt ] EARSHE TSR, T “Exactly how a Turing machine M works may be decidable” 49, D, I,
P G JER RV =t R RGN SNER R GiThAg, P a] a2 nl A€ 1. 500, A sese TAER W (W,
AL 4.3 /M), R R G0 FEEe L ERR Y RO 1 DIP Be/y, b R fREE P AL 5 R g R A .

TR 2SR, o DL R A B R B = X =L IR &

RERME Z (R s 2 AN AT L = — A 2 o B oL e L. R — AN R B ER A b R
FEF BRI E (time sharing), XFONETEY] A (time slicing). z5m2HE O tHSALE ] LRI
IF BEAZ I IURE, 2 R B = — LR
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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 SRS — AL, R EFBRR A MILE (space sharing), XFRAZEY)
(space slicing), BRI 24P FH 3L — A o8t oo vk EHL (1)), (0K 22 0 200 b Ot LRI A
EAEW LR, AR RF — AU S BN O 2y X

IR = R SR 2B L Z— AR B dE Otk BN, EEFBORR T ILE (spacetime shar-
ing), XFRAR V) (spacetime slicing). B L2 FRELM L H B (bus cycle) ki L ZBHH, A
T [ B R e FH P A4 56 FH B R F 2R

Kl 3 EAL T 3 ANRIHAE 7 X Z AR = AT IO, BASOR B2 RAE 23 8] Dy 1 9R HA S A = 1],
P20 T 3 ANRAE RGIAR S A). I 2 (R s 8 07 PR BSE A L 1) SCRFe e R 5 e e e =
B e Ak b e A TR U I LR B R S AR

4.3 3Z1 von Neumann &L

IR DIP $5A8RAL, M4 = H R G0 E A A4 REV A S MR A D0 T, BEx By ih SEAE 55 LA

oL WATHEAESAE Do E TR EHAT. 55 A 5 B INE W R A RGE, #R 1A A A A 3
FiER. R, RALEX D —DNAEREKRBAMES A, ESF B, K ERGHRM. NAATERERS &
FUSEAE LMSR]. R Seh (9dn, ibAES A U5 R TAES B V7 IA)) dxE DLSEEE.

HAGIX LR B — AT, 0 THEAT S (EAERf LU, 2 U5 iRl RS A T4, FETHENLR G
AR — IR ). X FR 2 von Neumann /& R 25H) (labeled von Neumann architecture)
(3 R R UL 4 BOR TR = a0 i AR RS, TR RLEE (0, (X 43 6 A AR A BE
(V7. 1X 6 SEAAE: Web, Redis, Hadoop 3 ANRH], BAK OS1, 082, 083 3 MEMER L. B—4W
FAER, FEAE T A BRI, #8377 EAARIARSE, AT RGEX 7> BB e X g fFiE K.
Bilhn, AT 5 B 2k Hadoop BT AR K, fELL Web [ N AF1E K AT 3 5w AL S 2.

o [ R e T SRR ORI A0 I 280 XA bR A5 A 1 SR B Y AR B B A8 T 0028 0 SR L B0 AIE. SS9,
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OS]l OR2 (OS3

Redis

B 4 (MEMFE) #5% von Neumann FELEHZAFTERE

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

FEGRE S 5 4y X ZAH 24 (10 F PSR TS T, SRH R4 DIP 68 71254 von Neumann & R 4544, I
W= CPU MR B X S 4 65 B 55— DUt st s B, AN SRS I R V5 1
A7, 35 7 TiE A A7 e s 1) ] B 05 VAT AR B R 7 VR MR RE R 74%, 2 B 70 T H) e R T V2P e 1)
380%. W, RFEX 7 (D). AIFEE (1), BMERA Rt (P), Wl LB B3RS, 7677k
Ft, Intel AR HHEH T AEALIRES S WA SRR AFFT R 4R Cache Allocation Technology (CAT),
FH PR R SEI R IR AL BB %, X 20 % s A7 I ] 142431,

4.4 BEREFIHHMZHEMEIZIHRA

N T RO BT BCIE I TE R, E R B T SRR AT iR T R e M b P RS,
CPU I GPU #HLL, BESEEE I THE 5 GBI 14445], — A B 2[5 (R A 2L 25 7T AT IS AT B 2 A 1
IRy AR, &N Z P 4 51 2 75 2R, Google 2 Al it K3 T 18 o i HAE H O
FHH gk mALFESS” (tensor processing unit, TPU) I E 5 HE 2o BT S 29,

ARG RS TR R P AR T (A SR 22 X 2 Ab B, I HIE RE R SRR (1 14 e
ihn, F P A] DAk S48 AR K Caffe BY TensorFlow 25 2R FIHESE4% 5 DNN, CNN, MLP, LSTM
SERMIRRE SN, I HAAT I FE R85 2] 80% HIBRAE/FIERE.

Kl 5 SR TR 2= s FH 28 A0 ol 22 0 28 AR PR 28 B W0 [F] 52T (co-deisgn) FEAR. EHRHRFE2E 2
N, o ERREEBE AT SO T Cambricon #2445 44 461 H AT LHIX MBS HETF T
gt 12X BT8R AL AL FR AR IR e, (B R0 RIS 5 JE R v g AR 1. ARG = WERE T SCHF Catfe 1
TensorFlow IR 2% > AbBE % BREUFE DLPLib W7, Bk TAMIE A (1) F 7 ] DAk S 3R 1
Caffe B¢ TensorFlow N FHIHESE S 5 & AR L= SIS T (2) B RIS AT B B)IL T T TR 7l B
) 79%, R RER) 79%. XFHEBETT (co-deisgn) FEARKS f 2 FEEME = F H DLPlib
Hah5E M Caffe 8% TensorFlow N EF TFEJF A8, 7E TensorFlow X CPU & F b A5 #2411
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Figure 5 Using the Cambricon neural network processor in low-entropy cloud

FKEAN R EFEAL b, DLPLb £ R g AL BEES, St T “7KE + JEIE” (tensor+filter)
%, RiE T = iH P 15 2 79% RIRREEPHERE.

5 518

DU HAGPAAE 4 REFUGR, BT T, RGMFHALTURE. ST X100
RDUERG (AR B D IER I IX ) Toik RN 2 H - RIS R 2 488803 7 SR I B R AL 3RAT
ReX BTy TP E LSRR TS R G0, BEM3R I TR = T R SR AR, B
R ARG TC R0, £Ei 2 1 P AR I RTIR T, 327 RGURCR. IRE = T L A2 X
TR, A O EE PR TPRBCR S IsATRCR . BHEER T R A G a BN - Rait
ARG

B R T TSR AR S FT U S AN A A = SRR S5 B P ks, AR SO HE ST AT TSR A
&, ZlE T ZEATE) R P RIS R DI RE R AR Th AR fUSEERA . $R Y DIP S5AR, DAZm
R R GRS SELSE AT T SRR TS 70 BEOR A AR SCHHE T ARZEME von Neumann 16 R854, 1F
SCRE DIP BE I = tHH RGeSk

AL T AR GRS AT 7T UL R R G R PPN 45 2R, VIR ST R Gttt 1)
AR AR RIRT T IEAEREAT T, R 2 8% TAE R EIRN I AL RAT &1, 4

o H RGUBIREHA T X, e 2L Shannon 5 B ASFERGHA R . IE A0 E L.

o THEEIN 25 5 T ST 55 A0 2% 18 1 Fi] v (E SR 0 ARRLE ) 221

o miMHIREG VIR RARF MR M. HilCA 5 KRR THFERE: Bt dlbir 5.
HIRMIARSS - KEE B 5L 2.

o DIP S AEAIER, B & RIESZIE.

o HRZEAL von Neumann & R Z5 M I EALE LS IRAL.

Buft RO ELTFHE A AR F AR, MATFRE TN R E AN E S KIAF X
BRI B &, R ERMFRITELAT TR ERAA S KD H A A S 5 A
&
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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.

Keywords cloud computing, user experience, computational efficiency, entropy, distributed computer system,

computer architecture
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