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Abstract  Bursty workload is a crucial factor that deteriorates QoS (Quality of Service) of cloud
services. However, traditional coping strategies for bursty workloads suffer disadvantages as
poor timeliness and low resource utilization rate, which not only lengthens request response time
but also increases request violation and rejection rate. To solve these problems, we first propose
a hierarchical VM cache mechanism named as ATBM, and then give a proactive resource adjustment
strategy named as GMAC, both of which improve QoS under cloud services when they are caught
in bursty workloads. What’s more, instead of using a single queue to cache requests within
VMs, ATBM divides cache queues into two kinds: buffer queues and block queues. The former is
set to cache requests, and the latter is applied to block requests. This multi-level cache mechanism
efficiently avoids bursty workload’s long-term congestions to cache queues, and ensures continuous
circulation of requests as cached in queues. And on the foundation of ATBM, GMAC is designed

which consists of two significant components: a prediction algorithm called as MGM for resources
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that are demanded to keep QoS, and a maximum available resource evaluation model named as
ACM. Furthermore, MGM is based on a modified Grey Model which greatly inherits the high-robust
lying in GM (Grey Model) that means having no strict limitation to the types of workloads. At the
same time, MGM makes full use of residuals of GM to improve prediction results. Consequently,
MGM is able to predict workload with low under-prediction rate and scale, which makes its
prediction in resource also hold a small under-estimate scale and rate. On the other hand, ACM
conclude its analysis in available resources by considering initial resource configurations of VMs,
current requests processing conditions and SLA (Service Level Agreement) comprehensively as
well as reasonably. As a result, GMAC depends on MGM to get the number of resources that
demanded to ensure QoS, and utilize ACM to evaluate the available number of resource within
current systems. Then, by means of comparing the quantities of demanded resources and available
resources to get the number of resources calling for being adjusted, GAMC plans and carries out
the resource adjustment strategy in advance through adding or removing VMs. Finally, we employ
real workload data to detect the effectiveness of ATBM to enhance system QoS in the aspects of
decreasing requests violation together with rejection rate, and optimizing the structure of request
response that makes more requests to be responded within shorter time. And we also conduct
comparison experiments to analyze the validity of GMAC in coping bursty workload. The results
show that the violation rate of ATBM is only 24. 6% of that from traditional single cache queue.
Meanwhile, compared with resource reservation strategies based on workload peaks, GAMC
increases resource utilization rate by 1.45 times without any SLA violations. And the average
response time and rejection rate of the cloud service decrease by 8.6% and 16.9% with no

violations, when it switches its resource adjustment strategy from reserving resources relying on

the means of workloads to GMAC.
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AR B A I PR AL 7 bR 2 1 B U0 46 380 5 o L T
51K QoS M. e WAL FIA/NF 1,8 i )2
FH P 634 3K e 7 B 8] 9 23K < e R, VML gy 85 /)N
RE ) VM B8 D, FOG R 3 SR e s ] R
K S ZIRR s AR SO B i T e B 1.
5.2 GMAC A BRIFHEE X
J T NS B GMAC, AR 305 ) H A
BT B WA 5 PR,



872 it =3

Es i 2019 4

Fmiie LAk _® M A
A o e o0

EAEN TR TIN K VMith |
i v

VM| 2%

|
|
|
|
|
|
i
i
ol
|
s
|
|
|
|
|
|

VM3 VMO VML VM2
E
e a
A
TEM b [ ACM
VMO
IS Y/ % S5

B 5 GAMA [f ¥R 253 7

W 1. GMAC %% 5 4 5 .
(D oy R Akt

ARIOR T ArA B R AT 68 8, LR
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W F P U n) H A vp i D7 sk B B A MGML B AL, 3R
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WA data W // 15 5 I K
Len //MGM T % 11 KN

VMList [/ BRGETIN VM 51 3£
basicVMCount / / Ak VM i
q // ATBM G247 BA 3 K &
CommandTimes / /& H VMBS ERERAERS B ) i 251
ADJUSTTHRESHOLD //fit % VM B 1 5 (4
i optimal VMCount / /st VM B &
total ACM=0 // R GE v] $% 0 e KO K B
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FOR (VM . VMList)
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MGM_W=MGM(data_W ,Len) // 3 % i B i
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{
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8. createCreate(VMCount)
// QAR E BRI VM
9. CommandTimes=0
}
10. ELSE IF (MGM_W <total ACM)
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12. IF(VMList.size=>VMCount
13. &Command Times >ADJUSTTHRESHOLD)
{
14. Command Times—+ +
15. VMList = remowve()
}
}
16. optimal VMCount=VMList .size
17. RETURN optimalVMCount
B 1 6 & 9 AT A A R G i AL BEAE )
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AE 4 2 B Command Times T4 R 14 45 7€ 9 {H
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By : VMList

B newVMList

1. bursty=MAX_VALUE
0bj VM=NULL
FOR(VM ; VMList)

I (VM. bursty<bursty)

{
5. objVM=VM
6. bursty=VM.bursty

b/ /R KR AR VM
7. FOR (r:0bjVM.requestList)

{

8. rand = Random(VMList , 0bj VM)

-~ w N

9. migrate(r,rand)
/¥ HAR VM L3 K Bl AL
/15y RENIHE VM

10. VMList.remove(obj VM)

11. newVMList=VMList

YL 2 R R VM B BR o L L R AR
2 A R USRS K VM AE S 15 B bR
M H AR VM R BEHL 4> & 1% VM b o 4b B 58 1Y
WRFH T VM EL Hor 50 R 5k 2 19 3 5 6
1l 789 F7. i, Random (VMList , obj VM) 3
8 I VMList B AILIEBCBR 0bj VM ST 7 VM.
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VM $d#7E. B 5.1 75 MGM g 750 I Ji 24 m ] 40
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OGn). &5 F A1, GMAC BR[| & 24 B8l O(n).
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AR oA EA RS 2015 4 LY 5
R B TE S E B R 51 7 AT R 1 OF
B L B 2015 AF* Y S R0 L A E B R A
VE N SEE . IR 6 P 7R Iz $k s HAT OB 1 &
150 28 R M X T RARRAE . A RS T S i B 1) S Y
Ry 74114 /K, Fe/MAE N 24029 R/ KK MH
{35 190578 R/ K e KA N e/ IMEIY 7. 9 5 o,
He/MERALE 2015 4 2 19 H R . I REEE
£ 2015 4F 11 A 11 H. s AV S 9 A& i Bt A
11 4 10 iy 127141 W/ RBERF S 11 A 11 &
[ 190 000 ¥ /K, 8K Ja SUBERE 2R & 8500 /K,
11 H 11 BR300 11 A 105 ) 12 %5
(1.5 i B 2. 3 1.

AR SC R i A R R % B 3R T IR H
CloudSim ™, 4 J3 VA5 ©. 52 56 FIr A7 N 25 35 £ i ¥ oH
Intel(R)Core(TM)i7-4590 CPUS3. 60 GHz,8 GB |4
17 .64 i Windows 7 #4E RGEWITEHLFETT.

@ http://www. cloudbus. org/cloudsim/
©@  https://github. com/JaneWuNEU/cloudsim
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QL=5 0. 838 0. 150 0.013 0.072 0 0.062 0 0. 073 0 0. 400 0. 031 0.126
QL=6 0. 844 0. 140 0. 008 0. 060 0 0.061 0 0. 064 0 0. 061 0. 036 0.501
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ATBM_AVGe, - B %% QL =i it ATBM
BHZEBA S (5 9 F B UR yoa, K78 ATBM
BH ZE BA %1 block; i (5 FH 2. 1 A & B9 3158 45 S ml
M BAFI K EL QL6 Bf L ATBM_AVG 2: i % B\ 51 %%
B A8 AT B K H R L 2 QL =6 B} ATBM_AVG
J 23 AR X2 QL=5 K ¢=19800 & DL 4
UE VM) A B R0 SR P 448 K BA B 9 B, — T T
23 38 A SR I 7 2 B I 55— O 4 5 BRI N
B AP ATBM 1002 i) BH %€ BA 51 30 Ab A% 287 R
A o 7 T 2 B R R G 7 AR AN A B R R
TF 4.

(26)

xR 6 AFEPBFIZET ATBM 71 SQ H & % BA 51 B9 33 15 ) A &

cache block, blocks blocks block, blocks ATBM_AVG
QL ATBM  SQ ATBM  SQ ATBM  SQ ATBM  SQ ATBM  SQ ATBM  SQ ATBM
QL=2 0.919 0.919 0.620 0.620 0 N/A 0 N/A 0 N/A 0 N/A 0.620
QL=3 0.927 0.927 0.690 0.639 0. 589 N/A 0 N/A 0 N/A 0 N/A 0. 640
QL=4 0.935 0.935 0.736  0.655 0. 659 N/A 0.569 N/A 0 N/A 0 N/A 0. 655
QL=5 0.943  0.943 0.776  0.663 0.701 N/A 0. 634 N/A 0.542 N/A 0 N/A 0.663
QL=6 0.948 0.948 0.798 0.659 0.732 N/A 0. 664 N/A 0. 587 N/A 0.514 N/A 0. 659

H % 6 Al %0, ATBM #1 SQ #Y %% I 1) FI 250 )
S, BT F . ATBM K SQ H 247 BA51 cache 11
% AE QL=1i(i=2,3,4,5,6) B ¥/ %, H &
R o bl DG A QL Ay 1 IR 3 K. BA S S B
AT VM 15 K 45 48 22 AR, B A7 B i) 9 AT £F
i I SR BOE Z s eI K JE ¢ XOPAGE T Len R
ARG LR S AEAE 138 SR B store, 35K, 25 (8 (5 R
UR ¥4 K. 5 [F B, ATBM & G 47 A5 ) F- 24 o5
H#% ATBM_AVG 5 SQ 247 B\ % pause 1Y i H
ZE RIAESE. Bk, ATBM fE k3% VM i sk 4b
FEACR B R B BB PR IIE VM A 8 5 R .

6.2.3 AFIXBAFIK BT QoS Xt L

ASLEG 1 K QL W BN 5, cache BAFI K B
[ 7 2 19800, 48 Ji5 ¥4 BH ZE A B BE g 43591y 16500
18000,19800,21000 LA Kz 22500, & {143 il X o -
KA 20 70 53 LB .30 Y0 43 1 B L 43 Vo 43 i B 45 00 4y

PEELLL B 50 %0 40 85 s o5 PEAR A R BA B B ¢ F
VM X I )3 3K 8 1) 58 45 48 38 SF- 25 e g B[] DL &
IR B ) I L B ) 43 A O SR A R e T K
7 8 iR,

2 7 Al A, M BAFI K E g iKF 18 000 HY,
ATBM [ 535 3] 256 71 0 o7 B[] 5 F SQ. W # 1 45 4t
AU S L P R kA SLA BB SR . 24
B K B B T 18 000 mf, ATBM 5 QoS il i F
SQ. BAKINF » 24 ¢=>18000 iy, ATBM 4 F- £ i )i

£ 7 AREBFIKET ATBM #1 SQ B QoS Xt
R AR FEmA s
¢ ATBM SQ ATBM SQ ATBM  SQ
¢—=16500 0.027 0.015  0.122 0.123  0.369 0.354
¢=18000 0.029 0.063 0.119 0.120  0.394 0.384
g=19800 0.031 0.126 0.118 0.118  0.418 0.419
¢=21000 0.032 0.242  0.117 0.116  0.430 0. 441
g=122500 0.034 0.383 0.115 0.114  0.459 0. 468




876 it = . 2 i 2019 48
%8 AREPBAFIKET ATBM 71 SQ HIERH &
0<<d<<0.11 0.11<Cd <0. 22 0.22<d<0.33 0.33<Cd <<0. 44 0.44<<d <0. 55 d=>0.55
1 ATBM SQ ATBM SQ ATBM SQ ATBM SQ ATBM SQ ATBM SQ
q=16500 0.798 0.174 0.053 0.074 0 0.071 0 0. 386 0 0.156 0.027 0.015
q=18000 0. 800 0.161 0.052 0.074 0 0. 064 0 0. 247 0 0.271 0.029 0.063
q=19800 0. 838 0. 150 0.013 0.072 0 0.062 0 0.073 0 0. 400 0.031 0.126
q=21000 0.851 0. 146 0 0.067 0 0. 064 0 0.064 0 0. 299 0.032 0.242
q=22500 0. 804 0.143 0.047 0.064 0 0.062 0 0.065 0 0.170 0.034 0. 383

B AR T SQ. 4 48 R P & i U5 °F s H )& . ATBM
1033 9] 3 H e IR T SQ. Hiy 4 1Y 3 11 3 S5 IR AT B
SQ ) 10%. X BAFI g 3K AF, ATBM 1) i ] 28 0 55
BRGNS SRR b B K T SQ Y i 1] 2R 2 Bl A B K
FE W3 R R AT EL A4k, SQ #E ¢=19 800 B il T &
H: SLA 5Bl . 24 ¢=>19800 I}, 3 il 175 B 23 ik — 25
o b [A] i, SQ Hh i SR 1 SF X e B JA] AR Y
KM ARGLN QoS FrEL k.

A SCOHEAS TR BA BT P 25 S 3R 1) 43 A7 1 L AT T
il BARZE BN SR 8 Pron : ATBM REARIE 80 %0 LA
SR AE 0. 11 s PN SE B R 5 T SQ HIAR 2 18 %,
Azt A b Mo 25 Bl B BA S BE 1) 385 R ik 20, He
i R R E T 247 BA B g 35 KB, SQ H pause BA S
A BE A 23 1 R, B SQ AT A7 it 19 37 SR AR K. R
RIFREFR VM I, K& 135 5K 23 B 2E 3] pause
BAF 5 2 58 K I O ke AR B AR R ARSI i
T pause PRI C R B I L w5 H . BB 28 0
I K HBETE pause BB 4TS5 1.

WG BRI FBE g K, pause PABI)BE I, E 58
RIF R AL E SR S R RS AL FRE ) A
TG O T s pause IER“F 57 B cache BAFI 1Y 3 BE
[ . 7E“ RS Bl B 7 A8 B A 60 . BAA B L BA R
T K 2l 21 BN Sk w5 04 B ) R R, HE S 30 e s
R AE 588 K L R 46 1Y 3 9] 3R A (S 3 . 4R . ATBM
0 B B AL BE A SRR AR 98 K T R X HE R R I Kk
IS LR PR IE R 58 AT & i AE B Ik i A
o AL B OE GG o AN J2 A BELZE BA 51 ) 2 AR K
CEELRT L HETT 4 R T AR 98 A T A i e 7 [ B AR
T RGN BG5S LR AR AR S

BT R T k4 W RO P [ 8 {HL S 5 i Y
(99 & 5 AT SLA BHUEH - RSt 7 ok
7 SLA . H . ATBM %8 SQ B A R0 ol 5
R G MR 55 R
6. 2.4 A[EIXSBAFI BT B IR A AR b

A SORE 5y AT QDR (28) 115 ATBM K&
SQ £ BRI k5 T8, SR T XS L PFAk 95 25 78 BA 51 2
QL [H5E NI JE g 28l AT B0 T A BT ISR,

1 L siore,

UR l)luck} -

Len /= 1

27)

| L
™ Len &4 (QL—1)i

KLKCOHHFH URblockj KRNI g =17 I, BH
FEBNF block, 1 i 13, store, 78 A S & I 2 47 ik
1375 5K 85 2 (28) ) UR,..0 26 7% A B 16 BA B K JBE
i I, SQ H pause BRI 5 AR,

FET BiR ARG B & BRI B 5 R an sk 9 Fr
/N : ATBM Ht cache BA 41 block, BA 51 DL & SQ 1Y
cache il pause RS Y i IR S B o 193 KT 42
i 5 block, (14 5 FZMTE g 35 KB 2 2 FEAIK; block,
J block; 1 5 FIRAE ¢ B3 KA rp, 2800
“E IS U AR AR . BABHK BE g BB R REAR T
RGMIEL 5 1T RG] AL B iE SR B0 2. 25 ik
I VM 4k BERE J7 18 & - ATBM i cache BASI Y
FH 2 CREUE A T 2520 T 2 B 2 A 375 SR B KR Y 16 22 1
R AR A7 BRI BE g 2 KL PLEE QL X ¢ (QL<C
5) B 7-fith 25 TR) A LA R X 0 F [ B 119 OF & it ) AT-
BM |- )2 i B 2€ BA 5] block, fiff 25 H 30 “ 1% 20 1y B
G, T 5B G IR R FH 22 R AR,

storey

UR,. (28)

%9 FEBAIIKET ATBM #1 SQ f % BF A%
cache block; block, blocks block, ATBM_AVG

“ ATBM SQ ATBM SQ ATBM SQ ATBM SQ ATBM SQ ATBM
q=16500 0. 940 0.937 0.759 0.624 0.693 N/A 0. 634 N/A 0.555 N/A 0. 660
q=18000 0.942 0. 940 0.768 0. 646 0. 699 N/A 0. 636 N/A 0.553 N/A 0. 664
q=19800 0. 945 0.943 0.776 0.663 0.701 N/A 0. 634 N/A 0.542 N/A 0.663
q=21000 0. 946 0.945 0.767 0. 665 0.703 N/A 0.630 N/A 0.535 N/A 0.662
q=22500 0. 949 0.947 0.760 0. 666 0.707 N/A 0.627 N/A 0.530 N/A 0.663

6.3 ACMitE4L£REHMEITMH

ACM Zi43 % 1 VM 2 i 19 4715 O 9E I E

B SLA BUE G 3 T VM FEAR &4 SLA i 0
UL AT (K % B T R ACM 55



4 1 B . T 19 R g 02 W 3 X N T 5 877

25 BRI ERRTE A SO ACM 1Y 80 25 AR e K 3]
o=1{1.0,1.05,1. 1, 1. 2} AR S e ™ KU i 9 & &
FF L ATBM S ZZAFHLE B VM A B Ji5 3 2 X L
ANEFF K i T B QoS WAl ACM 3525 S 1 HEff 1.
R BRI

(D BB 1o B 20 3 4 12 110, Hrp ATBM £ 2%
BB Bl 275

(2) {t; |i=1, -+, 19} B ZI0F 1 O e 1 380y B T
ACM HESRAG R AME (' [ i=1,--,19), Hp 7 =
110;

A {r bl 6= {1.0,1.05,1.1,1. 2} 15
F{ri[k=0,+,3;:1=1,+++,19; 7, =110} ;

. (110, i=0
T ek 1019

(4) 43 ATBM LEREBR (7} [B=0,+++, 3} I} R i
1 QoS.

Hrb A WA RN 7 TR W IR S I R R
'3 ATBM 4§55 8 1 AR IR IZ BB 43 0 & i 1 IRk 55
ROR N —ma]JE 5 VM 82 A0 9 s 2 i
BRI ' R 2 X6 I A 9 1 T B3] 14,

29

120
P! — ACM
100 ---- ACM*1.05
ACM*1.1
*—*x ACM*1.2
'\é 80r xex Q_Len
I
&
601
S
3R
40
20t

0 5 10
) 6] /s

7T ACM HEORR M IRAET P OT R AU

10 Wi g VM AEARR (r, ) F I QoS.ry K
A OB DR . VML AR 7] 38 L4 246 5 BA , SF- 149 o 7
). He ) PRAIE T F 0 B9 QoS RIEAS A7 78 AF: fif
SLA i 5] s 6 r 7 K 1. 054545 2 ry o X6 17 ) 375 5K i

15 20

R 10 VM 4B {r, ) 3T R BT QoS

{ryt i 151 % F{EECES S 2 W) SO 1 I /s
r 0.022 0 0.119
r 0.055 0 0.162
r 0.070 0 0.184
r 0.132 0 0.258

3

161] 3 S Y- 14 0 J7 B[] 458 43 550 364 28] Ji K 19 2.5 4% K
136 fif s b 240 P K L2 5 )5 . VM & &
A= SLA 5. g1t vl 1, 24 VM #: A ACM 3K 15 1
Ik i AR IE G Y QoS.
6.4 MGM iR

TESr BT GMAC %8 & JF & 0 80O Z R, i
JeXt HAZ O 4 R T . MGM 7 B A% R S50 7 16 9
A REHAT VAL A SCIERE 8 A F2 0 1Y IF A it
Bk L 451 GM. ARIMA., F #L £ #k (Random
Forest) , #f EE 2 T o 56 ) (GBDT) L &4 [9] 5 ( Linear
Regression) , 32 ¥ 1 Bl IH (SVR_Ir . SVR_rbf) L4
LA M4 (NN) 5 MGM i#17 %5 H I 17 A6 & B 1Y
R A B, Hod SVR_Ir & SVR_rbf 43 5l Fn
SVR P Ir K rbf VE A% eR 5 AT F000. 28 55 56 55 3iF
$ RandomForest Fl GBDT = # 19 4~ 4 & & 10,
GM ., LinearRegression MGM () i il %5 11 © 43 51|
#%4710,15.10,SVR_Ir & SVR_rbf i 4E 51 1 +
[ K 1e3, NN [ 2 24 3% 35 20 B #4045
3R 8.1, G R ECA relu. LT LN adam, 2%
R 200 YR, AT BRASEAT A DU IR

A SCAH Y SE B B an &l 6 s, B R R kR
BARAESS 49 RO BERE 28 5 00k 2248 [ 7}, 9F F
81 KA /NI K 5 I K s AE 4 315 K (2015 4F
113 11 HO R B EAE i I 20 5L Z B 1Y 50 K LA K
BE G R 40 K I & i 2 5 B 32 el 1) s .

PEA 2o 7 o A S50 B 3] K O S0 I RRASE () T 55 Ty
300 B FiR.
_count((w,; —w,; ) >>0)

Py

ratio

, 1<j<Len (30)
Len

max{w,; —w,; +0}

Py 1<j<Len

3D

o, T mAx o
Horb w,, Ml w,, 4351 RS 5 209 8 0 S8 {H S
DR s Len Sy F0IN DX [8] ) 4 3 A 52 vp Len HX 365,
RIS 6 Ffrzm P 3 i i) BCH s IRASE 5 count ((w,; —
w,; ) >0 Gt Len W (w,; —w,; ) >0 B EH, B
Len PN B9 A4S %05 3 (31 W358 Len PR
MR RS R R 11 s,

2 11t SUM FGe it iy S R 0 L 41 K % it
TR Z A SUM X 07 A (B8R /DN 156 BF 80 3 0 X 3l
(9 48 T RO ., MGM X B (# SUMAH fix

O BT PO E P RO T — i 2 e 0 9 A AT O,

B0 MGM B & O By 10 b Bk g6 74 |i=
049 ) PECETII ¢10 0 220 19 F 5 k.

© 20154849 RN 2 A 19 H—FW.“WE" TIRREF 1L
BT W 57X IV B VT BE AR RO



878 it <A

Es i 2019 4

x 11 JBEZHBNE G R ME

Lt 41 FRAE SUM B} ] FF 8 /s
MGM 0.36 0. 37 0.73 0.712

ARIMA 0.51 0.49 1. 00 14536.416
RF 0.39 0.59 0.98 5.482
GBDT 0.35 0.46 0.81 4.914
GM 0. 44 0.51 0.95 0. 584
LR 0. 45 0.62 1.07 1.115
SVR_Ir 0.48 0. 56 1. 04 0. 814
SVR_rbf 0.48 0. 65 1.13 0. 807
NN 0.36 0.58 0. 94 43. 652

7 #F v RF %78 RandomForest, LR 2}y LinearRgeressio.

I HAY S SVR_rbf 1 64. 6 % K& GBDT #y 90. 1%.
ST F . MGM, GBDT F1 NN i 31 I 5 4 AR
F ARIMA, LinearRegression, SVR _Ir, SVR_rbf.
ARIMA 3R Ik 50 285 22 43 5 vl % 45 0 P Fa
JP 9 ARG R s AR 3 BB S5 R0 i A2 L R
T RS [ A LinearRegression i & J £k 1%
KEMG I KA AHIEE 6 i If & i

ot 7 2% LI AR i A2 48 P75 4L 3 SVR e, SVR_

rbf H4 I S BRI i ARAE RS 2 OF A AR 4
B B A R (H A TE )™ R K ST
R B AR A 5 3 5 4 S LR BB AT AN A AE L il
T LA I SVR_Ir . SVR _rbf (4 2505 458 T 74
PRAE. GM 38 i 4 1 I [] 15 i A o 80O &R 3R 4T
T SR T 258 ¢ i 25 5 B0 0R BROC J 1 HERR FE G
P i R T KS B R AR, MGM 38 43 42 4 19 ) &%
Hh R R T A5 B K i E B TR SRS B B S
G 17 T30 235 SR RE I o 28 T 3045 54T 1) 2 0 ) AR A

TE 5¢ U 2% 530 06 000 A B2 i VR AL JS L AR SO B
AT F0I0 2 R A B[] 8 L 2R AT T A0 A, BN iE AT
— KB TR Oy TS R 22 L 3R 11 rh U]
THES "B e A N AR AR 3 YOB AT A R I S (E.

H & 11 )%, ARTMA (8] [R]85 Je oK HE Rt R 7R
T ARIMA 7ERUE S5 poq W FE b EE A T R 1Y
FEE 2 B, DT 32 BN ) JF 45 3% OK. RandomForest,
GBDT } NN # GM, Linear Regression {f4F 7 &
e 1) FOTNA R L LS Y IR R R O T GM
Fll Linear Regression. iX /& [ & Random Forest,
GBDT K& NN Ay R 09 785 8 4 il BT 2
R B 118 B () R A L I 5 S A AU (4D b 2800 L TR
R s GM A LR ALy ] 8] S 9 & i B — 4 1Y)
Xof IO K A R L B A 328 N G AR B Y I TR) 2 AR T
Hi . MGM 75 0 I o 72 b 5 2 G0 1 B0 28 1 N i)
ORI S o PRI A B R 6 = T GML {H
T HE 7 AT 7 .

Zi E Rl MGM 7R K 00 B 451 2R F5000 AR AR LA

Q0 3 A P s ) 4 AR T H R I A S 5 ik
Pt MGM HA 5 e 1) v B 1 L R 8 ) e 3 ek
6.5 GMAC REMIHR R FIFEF AETMH

R T R GMAC 78 %€ & K& 5 W 4 Jy T8 1)
R AR S4B 5% i - ATBM + PEAK ., ATBM +
AVERAGE, SQ + PEAK. SQ + AVERAGE IJ %
GMAC 1k 5% I B S g PP AG B AR 6 I &
S 1 R 3R B B IR R ] . H b PEAK, AVER-
AGE 733l 7R 7 48 B T 9 & & Vg K 34 {i 1 B
AL S K ERN2E VM L1 &
VM, k& VM ML E ¥4 .1 % CPU.1GHz, N ff
/N 521 MB. ATBM,SQ %75 VM & il ATBM
5 SQ PE N ZAFHLM . A 5250 b ATBM (1) BA 31 9% %
QL=5(1 HZAEBNY .4 G BHFEBNI) , % ZL BA 51 1Y
K8 19800;SQ H 4 cache PAFI K B 19800,
pause BAFI YK FEE S 19800 X (QL—1) =79 200.
. ATBM+PEAK £/Rx R A VM # R H
ATBM AE Ry I & 538 K e A7 LTI (6] s 58 T 0 i JF
R AT R TR L RN X SOR Ty T S A SO AR T
oo 1 Xof SR WS TS 14 97 SR 3 9] 8 | 4 38 N - 2y e iy B
(B EAT 23 A 5 B2 U5 A T 38 00 43 Ay VML 4% 2 BA 37 7 B
AL ] 9 F 35 1 5 3R, 3 T 2 K (32D
K33 LA K (3.

P12 SRRy 5 Fh BT I R R SRS T QoS #Y X
4558, ATBM + PEAK & SQ+PEAK ¥ 3t F Jf
A W E T ER IR, B H OIS A AR i R i ) M
SRAR 2. 2 5L T I & & 4 (H B B R I, ATBM +
AVERAGE #3852 % T SLA thLERY 0. 1,
fH SQ+ AVERAGE ) i #] % 5 F SLA #5E 1
0. 1, b B i & 19 33 491 3 AN O J5 5 1 24. 605 F-
M b7 Fof ) B 5 248 58 07 1D o 4 5 G AR A 45 T BRIy
Z5R] A AR (R A W UE TR SR e R, VM SR
ATBM fE R ZAEPLHI 4 SQ BA TR K QoS, i
FERUEW] ATBM TE203% QoS Jr Il 1Y A Rk (H A&,
¥ GMAC 5 ATBM+ AVERAGE } ATBM+
PEAK A H1, GMAC 7 Rk R A &k 4= SLA i f
1) T7) B BB A 30 A1 2R 90 199 1 246 58 % F- 39 e o, e (1]
M QoS.

R 12 ZHFFHERET QoSxfit

Type N |t L I | OV
ATBM+PEAK 0 0 0.110
SQ+PEAK 0 0 0.110
ATBM+AVERAGE  0.031 0.118 0.419
SQ+AVERAGE 0.126 0.118 0.419
GMAC 0.036 0.098 0. 383




44 B R TE SR ) WS I e I X SR A 5 879

TE 42 TH VAL 25 500 18 98 & R AR S S AR SOk
5 R mE B IR A R A AT T b, B A R
WL 13. 3 13 1 AVG 3 X}, ATBM BH 2€ A 51 i1
di H1% e SQ H pause BAFI Y (5 A8, BHAKT 5 .24
VM 1 & A2 8 ATBM B, AVG 19315 07 i
mr.

Hr, size 678 VM 2%, ATBM + PEAK %t 37 19
size=2; M i % 0% % ATBM + AVERAGE H,
size=1. ATBM_AVG WK VM, v BH 2€ BA 51 1) °F-
BRI AR Qi QL [ 5y 5)  H B AR H 58 o 72 L
X (26). 4 VM M fF B0 SQ B, AVG 153
FEWT

. 1 size
AV(I—— EATBM AVG, (32) AVG=—=— >IUR,.. (33)
size :
® 13 FREAFHEERTHORENAE
cache block, block, blocks block, AVG SUM
ATBM+PEAK 0.537 0.002 0 0 0 0.002 0.539
SQ+PEAK 0.535 0 N/A N/A N/A 0 0.535
ATBM+ AVERAGE 0. 945 0.776 0.701 0. 634 0.542 0.663 1. 608
SQ+AVERAGE 0. 943 0.663 N/A N/A N/A 0.663 1. 606
GMAC 0.705 0.714 0. 640 0.574 0. 488 0. 604 1. 309

TR PR % SR g SQ -+ PEAK., SQ+ AVERAGE
XFRHY size 535124 2,15 UR e, B SQ 't pause BA
F (R 3 7E T 5 0 X SR B GMAC X1 (1) AVG
(B o A SCOR AN R 1155053

2 ZURbl ok, /4

AVG = (34)
EURl )/4>p)

%:2/:]‘? VM} EF‘ block, Iy\ﬁ'J E"J IJ_:IA}EH%?
D UR i, /4 FFELRG R VM, BELEE A B 1 -5 4 1)

count

Hop UR block,

%;count((ZURum, )/4>P>gf‘lii+%%{VMj =
i=1

Lyeeeysize) PBHZE AT P2 5 I E T 0 19 VM %K
HLOASCH o E N 0. 3.

GMAC T AVG itBE T S HERKA T
ANAL GMAC %X (32) K20 (33) Wiy 43 B8 47 T 14
N E A size. O T W A AR R A
A GMAC A5 K IF A s s B v 3l 25 R B2 1Y)
% VM IR A 23647 T 481t BARSE R L3R 14,

% 14 GMACHE RS VM B FiREF A E

cache block; block, block; block,
VMO 0. 754 0 0 0 0
VM1 0.935 0.714 0. 640 0.574 0.488
VM2 0. 684 0 0 0 0
VM3 0. 447 0 0 0 0

% 14 AT AL GMAC 4b BRI & i /) o 72 v, 36
Bl 4 & VM, Hih VM1 & 41 7 5 £ 4 kb 34T
% VM W HAE IF K ik 5] 06 B g ) 2, 24
HREMELH RS RS & 8% VM a4 i, %
R FE AR VM B R G5 5%, X s gl R gl
[ B Sk R B 587 1 VML, fR iR 55 B T L Ak B

i%ﬁi&"nﬁﬁzﬁﬁ”zﬂmimﬁﬁ%l%ﬂ SO %2 i E
AEH BRI A 0 S DL AVG BB W 287
T VM (14 B2 BA B 9 ) FH 23 5 20 S 008 4 A7 7 B[] A
B R VM A AVG (R R, &
FEOTAL S5 R B A 22 I AR SCEIA
il A% B oo A I 28 P APEAL 2 B2 1 VML, B2 H AL
2 VM BHZEBAFI T35 5 TR & T o BF . ix VM A
REIMATEAL 1 78 s Horpr o UK, 308 AVG Al i 72
XFRGEH VM A A7 [R] 7Bk K, [ Z IR 4R (H p
AN]SR K A DU P4k 2o 2 AR Ak W R R R
Ge YR A FH R PF A L 2F 1T B R B GMAC 2 F
I & B AR AL LA Bl A | b R A T R ) R
W 13 Frm, A 0 cache 1)} AVG %) [ %t
BN A4S 2] SUM %1, 1 SUM %) 0] %1, GMAC iy
TR A A 2RO R T AR T A I kR E AT B IR R Y
ATBM-+PEAK } SQ+PEAK, §i & Y% I F| F 2R
RJEW AN 2.5 f5. KRR T 56 & IF & & AR
P G P L A5 35 05 A 190 BA 1 9 U AE R 43 i
[ 08 Ak PR R A S DRI b e ol G 7 1 % 9 R %

T AR I e B R AT S L B S B GMAC
BRI A R

GMAC [ %05 ] K 4 ATBM+ AVERAGE
K SQ+AVERAGE # B BEAIK . 15 & 19 58 I6 R 1 3
25 ATBM + AVERAGE K SQ+ AVERAGE
A 81. 7% K 83.9%. IEWNFE 14 Fr/Rn.GMAC A T
[ 2 (AR W D S <y e A 1 IR B
VM,L%%&“II BB A A B R R R VML,

B ELA AR IR R S S BRSO R
%?d??ﬁJFFJEBﬂEE fH}2.GMAC By VM*“sh 25 45~
BLH A7 85 ol 3 R4 QoS; e R & 4R
o 3 % SF- ¥y of A R] R AR R EE o T VR R R SR I



880 it <A

Hl

i1 2019 4F

2,
-

(ATBM +AVERAGE } SQ+AVERAGE) 1) 83. 1%
B 91 475 o TR K 3 91 46 o #5 fh 72 SLA BLAE /9 9
Bl Z A

i#

7 45

FE R 25 SR 98 & K ) BT % E
(18 4 sl =X I X SR W A7 7 B Rk 2% TR B 3 T G T AR
Y1) 32 20 200 U5 0 B A7 76 0% U5 R SRR AR i [ A, 3L
2Bl R R 5 QoS T WM SLA . K T vk b ik
[ R, AR SCHR S T — AN 38 T 2 BAF 1) VM 28 17 0L
il ATBM K —A 254 1 3 sl aQ R & I & X 5
i GMAC. ATBM ¥ VM 1% 5t (1) B 9% 5% 47 BA 5] )
53 R R AT- BAF B BHL ZE BB, { FH I & SE I G2 A7 5 K
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Background
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ices, change rules of workload from cloud services are be-
coming more and more various and complicated. Bursty
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time, and increases request violation along with rejection
rate, but also breaks the balance in resource utilization rate
among different layers of multi-layer applications.

In order to ensure QoS(Quality of Service) under bursty
workload, reactive resource allocation and proactive resource
reservation are developed. What’s more, the former usually
predefines a series of triggering thresholds and adjustment
actions, and only metrics of systems exceeding the thresholds
can the actions be taken. However, this strategy holds too
poor timeliness when handling long-lasting and huge-spikes
bursty workload because it requires that system starts up a
large amount of resources instantaneously.

Proactive resource reservation strategy relies on statistic
models or prediction models to confirm the amount of resources
to be reserved to guarantee QoS. Moreover, workload peaks
are selected as foundations for statistic models to conclude
the resources amount. But if the peaks have a considerable
difference with means and also occur with a low frequency,
system will suffer from a waste of resources. On the contrary,

prediction models conduct forecast in resource demands, then

Computers, 2009, 59(1): 66-80

[43] Meng Yu, Zhang Bin, Guo Jun. Interval forecasting model of
concurrent volume of cloud service users in cloud computing
environment. Chinese Journal of Computers, 2017, 40(2);
378-396 (in Chinese)

GRIE, ot 8%, R HE T =R 55 P IF & B X
MRS, PR, 2017, 40(2): 378-396)

[44] Tai J, Zhang J. Li J, et al. ArA. Adaptive resource
allocation for cloud computing environments under bursty
workloads//Proceedings of the IEEE International Performance
Computing and Communications Conference. Orlando, USA,

2011: 1-8

XING Liu-Dong, born in 1975, Ph. D. , professor, Ph. D.
supervisor. Her research interests include cloud computing,
reliability modeling and analysis of complex system.

ZHANG Bin, born in 1964, Ph. D. ., professor, Ph. D.
supervisor. His research interests include service computing
and cloud computing.

ZHANG Rong, born in 1992, M. S. Her research
interests include cloud computing, service prediction and

optimization.

according to prediction results to dynamically plan and execute
adjustment actions before the arrivals of real workload, thus
this strategy performs better in timeliness. Nevertheless.
there are two disadvantages in predictive strategies as overly
strict regulations in workloads” types and unacceptable under-
estimate in resource demands, which decrease the accuracy of
prediction results, and deteriorate the effectiveness of adjust-
ment actions. Besides, current strategies keep coarse-grained
and low-precision in evaluating available resources, which
just adopt initial configurations of resources as available value.

This paper proposes a novel VM cache mechanism that
efficiently avoids long-lasting congestions of bursty work-
loads to cache queues, and betters QoS. At the same time,
the coping strategy given by this work takes the advantage of
great timeliness of resource reservations based on prediction
models. Additionally, it modifies prediction models to make
them own lower under-estimate in resource demands, and
improves evaluation algorithms in available resources by
integrating resource usage conditions, SLA (Service Level
Agreement) with initial configurations in order to enhance
effectiveness of the coping strategy.
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