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Abstract: It is a big challenge to pick up the best cloud configuration for recurring big data analytics jobs running in clouds. Prior
efforts may get in a sub-optimal configuration due to a broad spectrum of cloud configurations with a few test runs, such as CherryPick.
RP-CH, presented in this paper, is a resource provisioning system that leverages heuristic rules based on classification information to
identify the optimal cloud configuration for big data analytics jobs, while the insight is classifying a job by comparing its resource
preference and usage information with other jobs. Then, heuristic rules are used to distinguish bad samples from good ones in Bayesian
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optimization algorithm. The experiments on HiBench and SparkBench in Aliyun ECS show that the performance of job has been improved
by 58% in average comparing with CherryPick, meanwhile the resource cost has been reduced by 44% in average.
Key words: big data analytics; cloud computing; heuristic; cloud resource provisioning; Bayesian optimization
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Fig.2 An example of RP-CH’s task classification working process
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Table 1 System features selected from X for building heuristic rules
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CPU speed CPU ¥ Frfk(nominal) . . G
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Network speed ZES:9i biFk(nominal) &L L R

Scale memory ratio  {EMPEIE UL A A7 LEEE B{iE (numeric) (0,50]

EY & W ES i WIS
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Fig.5 Heuristic rules based on jobs classification
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Table 2 RP-CH algorithm
% 2 RP-CH #ik

Heuristic based Bayesian optimization algorithm
Let x; be the ith cloud configuration
Let S={x;:i=1,...,#Configuration} be the set of all configurations
Let AC(x;) be the Acquisition function of a configuration x;
Let p be the acceptable endpoint of the algorithm
Let Heuristic be the optimized AC function based on Heuristic rules
Let Classifier be our offline training workload classifier

1. step 1 #INITIALIZE

2. for allthe configurations in S

3. Heuristic guide to choose 3 configurations to run the job and then initialize Bayesian optimization procedure
4. Letinit(3) be the initial 3 configurations

5. step 2 #RUN THE JOB

6. start a new run with candidate configuration

7.  step 3 #GET Classification INFORMATION

8. for i in init(3)

9.  comparingworkload with Classifier

10. let Classification be the resource classification of the job
11. step 4 #GET ANEW SAMPLE

12. use Heuristic and Classification to reorder AC(x;)

13. let xmax be the currentbest configuration

14. try Xmax as new sample and start a new run with Xmax

15. if new run’s p is confident enough

16. return Xmax as the best configuration

17. else

18. jump to procedure 2

RP-CH F S0t £ T b 23 A5 SRR A RN FR 82, G YA T A R 245 2.2 74 i 380 1y Do B A S0 1)
P Joy BRAE, BV I )y ) R KA S5 ) 7, LA A 4 RP-CH S i fif R I A4 il AL

o fRIRIEIEVS R B R

DU A A T 2o CLAIER A k500 AC BR B0 S AN A R R (K, DU A S R 3 5 22 n=3 N HTAG
i AR AT AL 8 () T 5523 [) (b 22 0 oL Bp 7 22 R0 B 3R ), DR e A S50 3 s B, DL 3410 Ao e Bl AL % SR
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AR EI EN BRI EE 2 8rb JB A, 455 08 K UMUK E RR #2602 X(5):

ACg, (%) = argmaxo(X)o,_1(X) — £4_,(X) (5)
Horpr, 0(X) H 3 e 2RIy oR) i ik 23 2 (B) T ke, H 7 45 & VR M 1) 23 2RA45 5L 00 58 350925 7 4 5 DX TA) PR 328 R, A0
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DS SRS K B S i il A R R 2 (A T OGBS A TE R K B s (i) Th 4 R s S BURE R T
B b S SR RN G CPU AN, CPU 4. A7 K/ CPU P A7 EL R [R] I HEAT 2, 3 7T RE 3045 P Ah 45
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CherryPick H &L yF 70 3 AV Ik 2 H 48 2R 20 1) O JIT A7 R AE 1 A AR 2 6 1 AR A1 70 A1 4 3 AR AL ], 380 2R =3 )
(R RE AR Bk 52 6 MO K, B AR S5 2 R T et 394 1 (K AR ik E28) Rl v 48 2R 4 1) AH A K 22 M 1k 1 5
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2 3BT K S i e B A 4 2R A R R R, 24 T X 4 B 3 g 1) I, RP-CH 850K fi %5 % EL CherryPick
2T T 16 5 AR W I S KRR RS Ry 200(K fig I 1] £ 20 43-%1), 0] CherryPick 72 T & ¥ 1k O i 3 LA 3R 45
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AC(K) =P(K)[]; AC(x)
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oA AC (%) A9 52719 mUFTRT Y B 3 8L, AC(K) h SE 38 % P(K) -5 I X B (1) K B 45 A 1 AC B 1 e AR, SE 50 6.
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Table 3 Comparing RP-CH with CherryPick of K-Order building block’s population scale and runtime
F 3 K Hr I = 2 A H R

(6)

K-Order CherryPick RP-CH
Population scale Runtime (s) Population scale Runtime (s)
1 10 170 10 170
2 256 1400 16 220
3 512 2800 32 300
4 1024 6 000 64 375




B FFE 6 KRB AT L td B R K& TR T ik 1869

g L TIR RP-CH 2 24 UL WAL VLA R A B B J5 2RI )T B4 & T i R B2, 15 A AR e DUy
PRAG T4 SR Bh AT K 0 B 1) .

7ROR T I B E RN AE RP-CH I CherryPick 5941 4f b 1S SR A% B B Ll 2, L v R A R 2R O
i 7 5 1R I WA AE RN DA R 28 R A M 18 52 I 1], B2 28 actual 28 78 Vi S B (0 5 9 A iih £, il 26 C (%) #om
SELVE TR AR M 87 38 09 B U5 AR it 2 AHER BRI [ X T R R R S s T R Y 95% A5 X 1], AC(X) Ky 4 ATk AR
FO S 2 bR, X, RN EVE ISR n UORFE.

RP-CH 1EMb 43 2545 5L s B G 18 7(b) R 7(dl) g T 77 5 FRDLAk A A DA/ 380 DR 1 oy o s b R4
TR TG (B B2 B B R 2> 4 large, xlarge 1 2xlarge X 3 28 &AM NC B M A1 4> A 10 BER | I8
AR AR TR 3 AN DX [A] (T W 5% A I R R R

CherryPick MR BEINIE 7() 7R, 0 T PRBEIE 23 104 SRk IR AL 3 AN i — 8 IR B R WA I AR /s
fH ARKAEFE.RP-CH M3 ik i3 s U ) s o 504 4R B ARl o e S5 38 5 4 Ml 4 2847 RV AR L 7R 9 X 1,
Kl 7(0) 7, L RP-CH B84 7] B3k 45 L CherryPick AT 4] 4010 45 3

WIUE 45 W5, CherryPick @it AC(R) TN —AMEIE sU/E S S0 R i W B 7(c) . | 151 b it 2%
actual HALE A%, CherryPick FIRATAG 7T BEFA N JR S L. i RP-CH o i % R0 I e A48 7 45095 IRk i A7 25
15 B PRSI R, an B 7(d) TR, jE 2R AC(X) BRIEUR SR IR AC BELL S22k I s & SR H) AC BR 2R

| 10 bownd section Mix section CPU-bound section |

..... [ memorp(GH) tetal memery(GE)
(a) CherryPick 5.1k 8 3l i Bt (b) RP-CH 5.1 )3 8l Bt
| 10-bound section Mix section CP-bound ssction |

total memory(GE) total memory(GH)

(c) CherryPick i id i i B %L AC(R) 1EHE T —/N sl (d) RP-CH i W & B AC(R) 1EHE K —N il

Fig.7 Comparing RP-CH with CherryPick on step initialization and get candidate
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Fig.8 Classify accuracy using 3 different algorithms
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Fig.9 Tunning 6;:6;, with 1:1, 2:1 and 1:2. Bars show 10th and 90th percentile
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Fig.10 Comparing RP-CH with alternative solutions. Bars show 10th and 90th percentile
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