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Abstract Cloud computing is a model of computing and service based on information network, it provides information
technology resource for users in a dynamic and flexible way and the users can use them on demand. Due to the startup
time of the host,resource allocation time,task scheduling time and other factors,there is a delay problem in the service
providing for user in the cloud environment. Therefore,workload prediction is an important way of energy optimization
in cloud environment. In addition,due to the great fluctuation of cloud workload, the prediction difficulty of the model is
increased. This paper presented a prediction model (Hybrid Auto Regressive Moving Average model and Elman neural
network, HARMA-E) based on autoregressive modal and Elman neural network. Firstly,it uses ARMA model to pre-
dict,and then it uses ENN model to predict errors of ARMA model,and the final prediction value is obtained by modif-
ying the input value of ARMA. Experimental results show that the proposed method can effectively improve the predic-
tion accuracy of the host workload.

Keywords Cloud computing. ARMA,ENN, Workload forecasting

I 5 s P O B R R R b M QTP A, (05 ok R R 7E R

b o7 FH G 25 A RS A T I — 2 PR e G S Y 1)

T AR L B A5 R A AR B R B s A i L B FR S AT A B 05 B U R S A R UE R e K Ak Y [ A R

T B W1 AT 55 45 vh 38 A5 4 R AL AR BEBLAY AR XL 31 5 ok & R SLA(Service-Level Agreement) /K 7 — 4~ 1] $2 32 # J0 Bl 19 .
L T W 4% 19 43 A1 AT 55 4 BRASE S L 1 80 B0 A 1 e 7 A B BT =AM E 22, = k55 28 91 A SURE XS P G I 554 K
T EMVHERL, mIPEP R R — 0 1T 3 4R A A0S R b ol 7 o PR b T A 4 0 S AE 25 TG BR AR o S B
B T T AR AT BTl TS B AEA S P A S A8 kR AL BRI SN IC LW RE DL SR T SLA KM E B ERZ —,

il

1 3l

A SCHE K A AR R4 T H (61300102,61300103,61300104) , 4@ £ 45 H AR BE 4 5k 42 (2013]01230,2014]J01233,2013]01232) , 4 £ 45 A Hh 7 4F B

234 (2014]06017,2015J06014) . A #E T H A0 H (JK2012003) , 47 844 BHE T B B 77 24 A /E K30 H (2014 H6014) . 4 3 45 BE 44 81 5
BILH (2014H2005) , 4 @44 FHE T & # 35 H (2009]1007) BEH) .

L 1992 B AR, BRI 0 B B AZ I BRI R (1979 —) , B 4 #AZ L, CCF &, RS Oy o B 42 MW 4 A

BRI R 1991 ) B AR BB I R 2 i BRI XEE (1971 ) B BB L CCF & 51, E RS 7 0 N5

ML % 55 B RS = HERETT 5T, E-mail: [2zh@{zu. edu. en GEAF/EF) s MIBKEL (1988 —) , B, 1+, PFU , W+ 4 5 0, CCF 2% 6t , FZHF 5 07 nl Hy

TR e L .



% 6A M

1L AR 2% — M IR 19 ML 2R T 5 i 271

BB X = BREE R Y T 8 B[R], A A R
TSPy AR, SCER(4 3R L T — AR T S R =
B A T 58 Y 2 T SR VR 5 38t A% B30 ok RIDRL A 1ok ik
HSEINGI B R — DB, SCRR5]4 L T —FiR
Al 2 W 4% 5 g A% Sk I R L A P s AT TR U S
BP LN ZR 45 28, bl SCHR4R Hh Y 302 B T U AR R, {3
BRI AR Y Y M BE A R L T AN BEAR B b & T AR 2R Y A 2L
TIPS 0 B A ) 0 TR AR )T U IR T A B 0 IS 1 ()
A, SCHRL6 JHE Hh — ol i T A i 9 2 1 o0 A7 {2 IX 531 1
— e B A R A T L N T 2 A AR R I, T A A
22 [ A BBk 28 X SR 25 SR Y . SCHR L7 18R ) — b BE T 2R
FE A S 1) 00D A Y, SR 5t A7 SR I 8 O A 2 T 2 e A L
SRIG AR — A0 B AR 4R, AR 4G — 5 1R HE R B 2 A 1
AR UG AR S B0 AR R, SCR 848t — Fh i T [l 5 43
BT R BEATL AR AR R A BB i T e 32 7 1 3R OB 310 L 7
o ML 28 2% 2 B T vk BEAT T . SCHR L9138 iy 7 — b Bk TP
T {RAL L O o B 10 T A R i AR FEL v A e of B F AU
B T AFTE SR A AT T S DU P A AR AR R
DU ASE Y 5 5 AN T S 0 UM B 2R R SR A A A Sy
i

AR 3 3 TS A A A R v A TR ) IR B 1 [R] e 2 4
PRAG I PE B M T L R O R S L PR R B LA
177 AT T . A A B AR B AT SR 26 A T 45 A [ A
T (1 By 3 TR A TR AT ) R R =X R A O 2R R M L
B P R 0 2 1 R AR X R TUIRG B 9 52 o . TR I, AR SCHE
— P B TR HARMA-E, # . ARMA %% (Auto-Re-
gressive and Moving Average Model) # 47 T , F-{fi I ENN
% (Elman Neural Network Model) X} ARMA #& % ) %% 72
PHATHO , A5 8 — MBI R 225 R B E . 3R AS {1k
B T 22 BB TR TR A PE R A s e, T L B Dy ENN AR 7R
X ARMA 35 25 (9 10000 o 5L 70000 K5 B2 SR AR F R B 4R Y
TOUIRG BE DT Sk — 20 4R T TR B TN M e . B G i
LT B0 AR B0 IR T AR SCHE ) TR AR R, SR 25 R R T L 1%
T3 B BEAT RO T 2 BRI v AR S sl 0 Bk

2 o) R i

AR C AR Y A 5 BB T PG R A T AL (R
PS8 X="{a1 a0 sas s oo, b P HEAR &, Fom ¢ BEZIH
PR R B A X R S B BE Ry o 093 SR A A, 45 5]
BEE M=z i) MS X, IEH M 1E A
il i

BT ) B FR R E A M OB 2+ 1R P
TR, AR SO T AR B — A TR 2T
AR RITOY il FARMA A58 0 4 O 000 #4455 — 45, Tl
ENN AR T ARMA B8 [ 5% 2%, T & 1IE ARMA A
B T 3R 22 , 45 31 5 K I

3 ETEMFINHHEMNEA X

3.1 ARMA &/

ARMA (p,q) R 1% G 19 £ 1 30000 A5 780, J2 F 5% ok 1) ) )
IF] i T2y kY . A AL AR(p) (Auto Regres-
sion ModeD) 1t 3 - ## K MA (¢) (Move Average Model)

ZEA A A2 e H B — B R R R B AL T A AR R,
ARMA(p, 8 p=0 B, By MA #5514 =0 Bf, B) K
AR A0

A 4

x, = 295,1‘17, +e,— 2 e, [@D)
i=1 i=1
K (DN ARMAGp ) MEARRK LA p.qg 0 FR )T

ﬁfJ{x,}E@EﬁUﬂW%&%ﬂ?ﬁﬁJ%i@Mﬁ,ﬁy i8] 5 80 #E ¢ B
ZI OGS e — 1 B Z0 UL (E . ¢ S BER IR R
B0, A AW B2 R e, M I ] 3 B RS R FE ¢ — ¢ B3]
B iR 22 B0 22
3.2 ENN#H

i 1 iR, Elman W45 () 35 AR 25 0 B 4 A 38 0 #4 0
5 i 2 M4 AR Elman f 2 R0 23 T — 4 -
T 3CJZ (Context Nodes) , & B A KU T o & )2 . X
o P S 118 52 5t AL R ) 4 et 7 S 0 B o R A T 4%
X T 3h A B VB0 9 Ab BERE 10V . B T ELMAN M 45 /3
PR3 U B T L B — A A 28 4%, i AN (Artificial
Neural Networks) , 8 i F F B 8] /37 5] [n] 25 ) BF 5%

1 Elman %5 1) 5 AL 1
h(D) =X afhe () + Db (wlt—1))) ()
KQONEEZEWRITEARX, Hd, n (O REXRE 2
B eOREETFIXEHBE .cO=rG—1DuGt—1DFR1—1
HF 2095 SR sws BR BT X2 BB E 2 E, 0, KR
AR B SRR, () R s R AL

TATE PR SO B S PR
_ 1
E(J)flJre, (D)
R R AT
N
O =¢( le;,',,h(t)) 4
)=k *xx+b 5

Hor, g JE— A R B o, R B3 )2 B 12 ROALER .
3.3 TmER
AR SCER Y — R TR R B IE B T AR RS K

0 B TCSBAR AL X = (21 v o ooe v )Y 2675 1 ARMA R4
B X A K 4 m 1 B0 4 ARMA 1) 503

B AT LR E=Y — X—= {11602 re, ) o I ENN
B AR AR5 22 17 9 E 3 51152 22 19 B0 75 90 E L 0K 60 i o

TR N F=Y— E.H 3 k251 W 2 g

2 A



272 i & PR 2

2018 4F

TR Marmna » 110 53 T 26 78 ARMA FIl ENN W A~ #5550,
Vgrma » Venn 53991 28 7% X A A5 700 119 i A 1) o UL ¢+ 1 BF 280 L A
R 4 AT AR R R

ST D) =1 (Vama ) — M (Vo) (6)
HA Ve =z a1 s 12 b d B ARMA BT B4,
Vewn = {€—pi1 57 ey ser ) p 9 ENN ARSI AT S A EL
3.4 SR

AR SR AR AT

HPR 1 EMEERHEAL S,

HUR 2 MRYE S R AS B G A SC B A AR G, 4
It BT REIY p.q HAER .

B3 BN p.g B, 67 AICT W35 58 31
HAG) EBEM A BER/AMERW p.q EEN ARMA(p,

O RIBYE,
AW 4 S EAG R ARMA B A [BlIH 240

Brodostrag, M SEG 0., .0,

RS BEEALE SEN ARMA LB & A L 15 2 B0
REHIRE E,

BB 6 BEHLY) IR b E A E , B B ENN AL R 45
B AR AR A R BT R R R S T R
W 26PERE H AR S, SR 1 BT S,

HYR T SRS E Ik ENN BRI,

IS i ENN BRI ARMA #58 f) 3% 22 , M i
B IE ARMA 5 5 A T 1 , 45 310 750 0 A5 289 f) 0 00 i 15

x1 BN S R

W % % # %l
MNEF A 12
b B ¥ R B 6

#* KA H 20000

2

s B f(-l'>*(1+e,2,,>*1
W % M fE B AR 0.00001
ARMA(p.q) p=2.,q=2

4 LBWERSHW

AR S L 52 7 2L 48T T OREAR 1 5 25 R 88 X AR
TR TUIRG BE A B WA L SR FH OS24 I T AR 6 2830 si B Sk i
SR8 UEASE AL B M R L O 5 SRR Y T 45 SRR AT T SE 4G
XL . A SCSR T Matlab 75 S 52 56 g AR LAY 0 T H R
FHF- 35 48 %6F 15 2% (Mean Absolute Error, MAE) Fl 1 J7 1% 2%
(Mean Squared Error, MSE) 1 Jg £5 5 151 I 2% SR 1) 37 47 5
m 2 frsl,

* 2 BIRZER R

P B 45 A7 N
1 & A
MAE MAE=—2 |y, — y.|
ny=1
1 & A .
MSE MSE=— > (y;—y,)?
n =1

4.1 BiEE
2R 3C R AR (L3R 3) SR LSRG 4% TR B gk B L IR
F The Grid Workloads Archive MY ,i% M ul 24t TiF £~

D http://gwa. ewi. tudelft. nl/datasets/gwa-t-4-auvergrid

[ 4 AR SR 4800 5%, JF HL W 02 M 2 R R i F O
AR ARATAE T 12 S H B M 2% AR S sl OF B Ak %
AL T o o8 B 1 R P AR SOMR B JsU B0 46 19 submittime
T 45 42 38 it D) J@ o , A 5 min (RS I R SETT 1 A 43 5 A
0y WAE 55 1Y $2 32 B0 A5 B W 21 SE B0 AR A REA B IR R 8721,

® 3 HRERA

4 i AR MAE MSE
datal 1 A @H A 8721 1.4801 15.9536
data2 5 A #@HEA 8721 3.4951 141. 0708

4.2 ARMA S

AR AICT T HEMDR T G i A G 8B A
K EN B /MERTE p.q HIER ARMAGp. ) BT 4. % 4 i85
TR poqg R AGOME. Y p=2,q=2 W, A E I/, K
M ARMA(2,2)7E g Seab i il

F4 GitE AGOBE

q

1 2 3
»
1 2.1619 2.1590 2.1547
2 2.1558 2.1410 2.1439
3 2.1456 2.1436 2. 1441

4.3 BEERTHAH

H T fE ENN I S50, B 2 70 508800 4 49 0 A )
4 T R AT LR R R, B o TR IS S M R R
NGRS I S8 SR TR N, BT % R AR A 1 5 2%
fH. SCEEEEL T 4000 NUYIZREE A 45,1000 A~ B0 GE AR A, [ 4%
YL = ARRECR 5000, BERVE AW SO 12, % 15 0L T
BN EER 6, R WA 6 BRI 9 9% o 2T A R Ak
HE. £ 51053 T Elman $8UR &5 5 80% % 5 7= A4 1 158
FAH YO F AL 22 RS2 00 45 B 4 (8 FDN , e IR TR0 35% 2%
INEYTT AL AR B IR R BN, =6,

5 AR T RO R A R 22

K¢ 3 4 5 6 7 8
1. 684 1.549 1.603 1.533 1.558 1. 602
MAE 1.691 1.686 1.682 1. 644 1.584 1.597
1.597 1.654 1.654 1.538 1.658 1.579
avg 1.658 1. 630 1. 646 1.572 1. 600 1.592
7.785 6.987 7.223 7.051 7.128 7.315
MSE 7.762 7.504 7.353 7.253 7.065 7.238
7.249 7.598 7.666 7.005 7.574 7.197
avg 7.599 7.363 7.414 7.103 7.256 7.250

4.4 HEBESTNEE

SCH i A SIS Y 7 24 AT TR AR 1Y T 28 R X TR
HY TR BE (W52 00 24y 22 034 (48 v B, A5 AR ) TN ORG E
i H B, B MAE #1 MSE & J2& IR 3 %88 il [ 2 » MAE
I MSE a] LI HUE BEAR A 18, 545 B0 47 i T0000RS B

ST datal F data2 33X 90 4L AS [) A9 2508 45 L IF 40 51
X5 A YN ZRAE R UESE & . T A 508 i I R B R A K
[/ Sy 7000 , 99 25 B0 408 1) 36 90E 4 R AR S EIR] S 1000, B2 8
539 10 A HU/NRY IR UESE  BIA5 2] 20 AR A KR 100 /970
WEE il FH 5 41 25 4 U1 545 21 7 A 3% 3 AL E R [/ 1Y Elman
0o 2%, ) 2 1 2k ) 32 AR IR B4 10000,



% 6A M

1L AR5 — PR IR 19 LG R T 5 i 273

TR T PR A Yy 22 VB DL B B Y T A

# 8 I ENN AR T I 4 B H

BE LA IR 10 IREZIR ZE Rt T X e, "6 ME 7iERT A K H# 1 2 3 1 5
\ R . e N . MAE . . .1 .2 . 2206
PEAS I VT 5 52 0 3 43 BT 7 241 52 0 5 5 0T DL B R AR 22 W OO 0TI 01800 0,260 0. 2200
MSE 0.1696 0.1222 0. 2498 0.2916 0.3416
FE(E 0 e (B A5 B % B %5 MAE B fE 5, & 3(a) FE 3(b) * 5 7 5 9 10
Ebu%ﬂﬁi&%%TéﬂE%%ﬁ@ﬂﬁ&*‘mﬁ%,ﬁuﬁflﬂiﬂi MAE 0.1571 0.1175 0.2786 0.1903 0.2377
. N MSE 0.1961 0.0948 0.5309 0. 3346 0.2478
07 22 MEA MAE B KRB BIE LR .
» . N : 9 ENN #& B Fi ARMA ()% 2%
H6 MO S HMR R R (D R9 IR ENNSEHN A2
— - K 1 2 3 4 5
ik ! z 3 1 ? MAE 0.0513 0.0843 0.0781 0. 2420 0.0923
WOE AR 2 2.860  5.900  5.220  0.740  7.780 MSE 0.0227  0.0354  0.0276  0.2371  0.0887
il A 1.380 2.700 1.850 0.290 1.870 e 5 7 s 9 10
MAE 0.121 0.225 0. 247 0.196 0.322 MAE 0.0657 0.1275 0.0634 0.0998 0.0839
o2 x Ml 3.946 15. 930 9. 657 0.214 14.548 MSE 0. 0200 0.0730 0.0269 0.0618 0.0268
F 5 6 7 8 9 10
BE AR EZE 0.810 2.110 7.170 8.910 1.058 & 1090 T HARMA-E B85 At U528 1 3500 45
BiF R R 0.370 1.210 2.510 6.030 0.160 SRR HE R B AL R S BB ARMAL, AR it 48 ) 4% 5 AU
MAE 0.079 0-139 0.348 0.335 0.247 ENN HHEHCOF- B8 ES, IR al LLE . JLAD # A 1
FrEc AR oml O S DO o ENN OB R ARMA BB A 2 L ES 69 B
F 7 OBIEREL UK LR (2 PR e B 25 . H T S PR ARE 28 X ik gl 1 R %) S % T 14 BB O
e ; > 3 T - RUF AR EE T ARMA Hl AR, 5l i ] ENN K R 347 1
B Ak 2 0.447 1.228 0.264 0.700 1.992 ) EsF JH AR TP B A B T A H A B 5 AR SR )
Bk R M 0.080 0.290 0.050 0.150 0.830 AT HARMA-E X F 500085 B /) #2712 B AE F L B o iy
MAE 01206 0.7 0151 016 ENN A% T ARMA 152 0 B0 A T 6 1F T T 91 458 780 g i
o2 x M 0.035 0.356 0.013 0.105 1.653 X . N .
2 25, T I R 2 X R A B T
5 5 6 7 8 9 10
B i B AR Z 1.135 1.637 11.948 0.458 7.351 210 JLAR R T I 45 5 % L
BT H 0.550 0.540 3.880 0.110 2. 440 o~ IV N S
MAE 0.134 0.170 0.591 0.138 0.229 VAE o 1017 e 1177
PR« B 0.624 0.884  46.359  0.050 17.939 datal E 11104 0. 0948 6. 1938
g MAE - 0.6597 0.1398 0.7943
MEMSE 6.4775 0.1127 8.0243
Error AR HARMA-E
o MAE - 0.4386 0. 0992
L MSE 13579 0.0871
MAE  0.7668 0. 1265
data2
MSE  14.8627 0. 0846

(a)

(b)
T3 B 4R 5 TI0ORS B A 0% 2R

4.5 AL R

F 8 MK 9 W R MM BE 4 datal BEAT B4 5256
5. £ 8 HI A FHIER BG4 datal YIZRAT 2 ) ENN A5 7
B 45 SR, 29 B M 0 ARMA 19 F51 0 5% 22 48 45 1 4545
F A ENN R A BN 25 R . B S8 & 47 T 10 %, 75 5
20 A~ ENN #5550, 5l 5o % 52 56 45 S 00 0 22 7T DL & B, Bl
MAE (15 ¥ {8 A 5 S 33 /N T I 3 5 B o fiff O 25 a4
JFE YN 25 i ENN A LA T 4y (0% 1000 1 66 .

WA 4.4 T T LUK I, B AR AR B I AR M RE A8 X
R ) U RS B 7= A 5 o, A0 4B 1Y) 25 R (L v T I A
FERRAG . R DR 22T A B9 2 RIS AR IR TR A 4R L A
L T 000 J K4 4, HARMA-E %0 2 4 %5 22 19 Woml , |
WG AT LA B — A TG () TIOORS BE o AR SCHR Y i T A R X T
datal 1 data2 W5 404, 15 B 19 MAE #1 MSE {H¥ 5 /),
4 Ca) A 4Cb) 43 2 7% 1 41 RE S 14 T30 285 J1L . DA FBT ] A
& i HARMA-E 5808 SR 1 AT i 0 &R

(a) (b

Bl 4 HARMA-E #5575 (it 7 ) 4% F
HERE ACEEMIE BT TAE G200 500 =] 85,
T — B %) A AR AR ) A 2, SO B Y Y R AR —
FFIREBIEMER T X, i B S 4% 5 Y SE g0 R,



274

it BB

2y 2018 4F

IR A RO A 5 T B A — S BRI REA T 22 1Y
(B I AT 0 TR JEE A . B T X — 1 LAY 20 A L 4
— T A TN AR Y L ] ENN B RS B0 ARMA 5 R (1% 5 )
w22, NTE IE ARMA 19 U0 45 2R . 35 3 & T 455 74 B0 44 i
BIROCR . . 8 S B B0 TR 1 32 I A AL X AR £ AR S
(R 2 o AR R B A v AT RUBE A R 22 18 1E 1500, it
5 TR 1A 28 R 25 A A 5 o ] LMY 2R 4R LA O A 3R s L
26 G5 K A5 5 T HEAT IR AR ST, A3 B SE AL /Y B AR Y

2 % X W

[1] LEAVITT N.Is Cloud Computing Really Ready for Prime
Time?[J]. IEEE Computer Society Press,2009,42(1) :15-20.

[2] GILLETT F E. Future view:the new tech ecosystems of cloud.
cloud services,and cloud Computing[ R]. America; Forrester Re-
search,2008:1-17.

03] ARVL, T £hie, skl #i sl B = o R AR 5 7l G 7 & R 19 i
Wg L), E R B BT, 2015, 30(2) 1 181-186.

[4] BARATI M.,SHARIFIAN S. A hybrid heuristic-based tuned
support vector regression model for cloud load prediction[ ] ].
The Journal of Supercomputing,2015,71(11):4235-4259.

[5] FOOY W,GOH C,LIM H C,et al. Evolutionary Neural Net-
work Modeling for Energy Prediction of Cloud Data Centers[C]//
International Symposium on Grids and Clouds. 2016 :12-25.

[6] ADHIKARI R, AGRAWAL R K. A novel weighted ensemble
technique for time series forecasting[ C] // Pacific-Asia Confe-
rence on Advances in Knowledge Discovery and Data Mining.

Springer-Verlag,2012:38-49.

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

SMITH C,JIN Y. Evolutionary multi-objective generation of re-
current neural network ensembles for time series prediction[ ] ].
Neurocomputing,2014,143(16) :302-311.

CETINSKI K,JURIC M B. AME-WPC ; Advanced model for ef-
ficient workload prediction in the cloud[J]. Journal of Network &
Computer Applications.2015.55(1):191-201.

ZHAO Q, FENG G, GAO R, et al. A Mixed-Prediction based
Method for Allocating Cloud Computing Resources[ J]. Interna-
tional Journal of Grid &. Distributed Computing, 2015, 8 (2):
201-212.

BATES ] M,GRANGER C W ]. Combination of forecasts[J].
Operational Research Quarterly,1969,20(4):451-468.

BOX G E P,JENKINS G M. Time Series Analysis: Forecasting
and Control(3rd edn)[ M]. California: Holden-Day,1970.
EATEE XK. ARMA H 1] )5 50 4 80 g w5 5 e JH L], A 3h ik
H AR5 R ,2008,27(8) :65-66,61.

LIM C P,GOH W Y. The application of an ensemble of boosted
Elman networks to time series prediction: A benchmark study
[J]. Journal of Computational Intelligence,2005,3(2) :119-126.
XUDY.YANG S L.LIU R P. A mixture of HMM, GA, and
Elman network for load prediction in cloud oriented data centers
[J]. Journal of Zhejiang University Science C(Computers and
Electronics) ,2013(11) : 845-858.

IAFE R 3 P 22 T 28 B 25 R IS L) ). 3T AL T, 2004, 24
(8):18-20.

AKAIKE H. A new look at the statistical identifiation model
[J]. IEEE Transactions on Automatic Control, 1974, 19 (6):
716-723.

(E#% 265 W)
HMPU PERE R 2k 42 . A SCER XTS5 48 2 4% b AL A (0] 38
L FRIEATHF ST, F — 25 S 0k 5% i B F J TF 1 R AN 5 IR
J T AR A PERE 3R T — R s A A R, I 0 S IR 56
TE T AR R

& % X W

[1] STANISIC L,THIBAULT S,LEGRAND A.et al. Modeling
and Simulation of a Dynamic Task-Based Runtime System for
Heterogeneous Multi-core Architectures [ C] // International
Conference on Parallel Processing. 2014 :50-62.

[2] MITTALS,VETTER | S. A Survey of CPU-GPU Heterogene-
ous Computing Techniques[J]. ACM Computing Surveys,2015,
47(4):1-35.

(3] S, W%, T4 .. 3T OMAP 4 B 2 9 4% a3 {5 B % 31
9B AL TR, 2014(4) . 281-286.

(4] sk#EE @b, BAERL 2T 5 A4 458 15 5 B R B 5
[0 3 HL2E R, 2010(2) £ 317-325.

(5] Wfidk. WA 22 2R W, — e 40K A2 ) 3 5 FF 40 1 08 B2 50 [0 . 3
FHLR SR ,2014(9) :65-71.

(61 FLIH, w3, —Fh B A T w5 M B8 DSP 19 RapidlO #2 ) & 1P
[J7. o [ 42 i L 6, 2015(Z1) £ 35-38.

[7] YANG L.LIU W.JIANG W,et al. Application Mapping and
Scheduling for Network-on-Chip-Based Multiprocessor System-

on-Chip With Fine-Grain Communication Optimization[ J]. IEEE

(8]

L9l

[10]

[11]

[12]

[13]

Transactions on Very Large Scale Integration Systems,2016,24
(10):3027-3040.

XUT C,LEPPANEN V. Cache- and Communication-aware Ap-
plication Mapping for Shared-cache Multicore Processors[ C] //
Uksim/amss European Symposium on Computer Modeling &
Simulation. IEEE,2015:115-120.
CASSANOL,COZZ1 D,JUNGEWELTER D.,et al. An inter-
processor communication interface for data-flow centric hetero-
geneous embedded multiprocessor systems[ CJ // IEEE Interna-
tional Conference on Design & Technology of Integrated Sys-
tems in Nanoscale Era. IEEE,2014 .:1-6.

KADJIH G E,OROU J B C,SANJUAN M A F. Research on
Performance Detection and Optimization Strategy for Multi-core
Microprocessor[ ] ]. Electric Power Information & Communica-
tion Technology,2014,556-562(18) :3408-3411.
KURIANG,SUN C,CHEN C H O,et al. Cross-layer Energy
and Performance Evaluation of a Nanophotonic Manycore Pro-
cessor System Using Real Application Workloads[ C] // Interna-
tional Parallel and Distributed Processing Symposium. IEEE,
2012:1117-1130.

SRIKANTHANS,DWARKADAS S,SHEN K. Data sharing or
resource contention: toward performance transparency on mul-
ticore systems[ CJ // Usenix Conference on Usenix Technical
Conference. USENIX Association,2015:529-540.
NAVIKHANF, GOVIL K. Cluster based Optimization Routing
Strategy for Data Communication in Mobile Computing[ J]. In-

ternational Journal of Computer Applications,2014,99(2):19-24.





