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Machine environment «
type: 1 P Q R 0 F J

Constraints 3

number of jobs : @ n=2 n=3 n=k%k

@ prec chains tree intree outtree opposing forest sp-graph bounded height level order interval order quasi-interval order over-interval order Am-order DC-graph 2-dim partial order

precedence relation :
k-dim partial order

timelags: @ =1 I I1<0 I=0 13j Iij=0 15 =0
release time: @ rj online-rj
preemption : @ pmin
due date: @ di=d
processing times : = @ pi=1 Pi=p

batching : =~ @ s-batch batch(oo) batch(b)

Objective function v

Objective function : = Chax T 3G > wiCy Mo > U; > will; T > wiTy
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Performance and Cost-Efficient Spark Job Scheduling Based on Deep |
Reinforcement Learning in Cloud Computing Environments[1]
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[1]Islam M T, Karunasekera S, Buyya R. Performance and Cost-Efficient Spark Job Scheduling Based on Deep
Reinforcement Learning in Cloud Computing Environments[J]. IEEE Transactions on Parallel and Distributed Systems,
2021, 33(7): 1695-1710.
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Deep Reinforcement Learning in Cloud Computing Environments
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N. Grinsztajn, O. Beaumont, E. Jeannot and P. Preux, "READYS: A Reinforcement Learning Based Strategy for
Heterogeneous Dynamic Scheduling,” 2021 IEEE International Conference on Cluster Computing (CLUSTER), 2021,
pp. /0-81
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Y. Chen, et al.,"LOCUS: User-Perceived Delay-Aware Service Placement and User Allocation in MEC Environment™ in
IEEE Transactions on Parallel & Distributed Systems, vol. 33, no. 07, pp. 1581-1592, 2022.
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Placement and User Allocation in MEC Environment
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Algorithm 1. LP Solver for Py ()
Input: YV
Output: X

1 Solve problem P»()) using interior point method in polyno-
mial time;

2 Obtain the minimized total cost w(Y');

3 Output optimal user-allocation decision &’;
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Algorithm 2. Local-Search Operation New

Input: Set Y of placed services

Output: bst Neighbor, cst Reduce
1 bstNeighbor — &;
2 cstReduce « 0;
3 foreach (m,s) € {(m,s) :me M,sec S} —-Y do
4 ifwlY)—wlYU{(m,s)}) > cstReduce then
5 bst Neighbor — Y U {(m, s)};
6 cstReduce — w(Y') — w(bstNeighbor);

Y 0 = 10 e MO L AN Lo Yo La e a M L MY L OB VT e Tl Algorithm 5. LOCUS for User-Perceived Delay-Aware

Service Placement and User Allocation

1 %Step 1:Initialize service placement decisions;
2Y =0
3 foreach m € M do
4 foreachn e N, do
5 Y —YU{(m,s")};
6 %Step 2:Iterative local search for (near-)optimum;
7 repeat
8 local_success — False;
9 (bstNeighbor, (‘M@;Nlew(}’) ;
10  if estReduce >|w(Y)/p(M. S) fhen
11 Y, local_success < bstNeighbor, True;
12 Goto line 7;
13 (bstNeighbor, cst Reduce) «— Swap(Y');
14 if cst Reduce > w(Y)/p(M, S) then
15 Y, local_success «— bst Neighbor, True;
16 Goto line 7;
17 (bstNeighbor, cst Reduce) « Delete(Y);
18 if estReduce > w(Y)/p(M, S) then
19 Y. local_success «— bstNeighbor, True;

20 until local_success = False
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Theorem 2: Polynomial Time p(M,S)log g,_
e e o - - ° ft_. X y

IPI Theorem 1: Approximate Ratio of 8 + ¢ i

Initialize ¥ ;le’"';;];*‘l < New. § o ] Ohtam'({verall
\ ew, Swap, Delete ptimized X, Decision
-Lemma 2, /' with Fixed ¥ given ¥
Fix ¥
> >
Modified to P>
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- MIREg&FElLARE (Capacitated Facility satisfied. Plugging (16) into (17), we get
Location Problem, CFLP) g9t8%<iA{UE;EuERH 2 |
ch BRI S TURR A3 [ (1 2090 < a2 0
- XNEAEREIEHTEANES, BEIEENHE (M. 5) p(M,5) M5
MESOPTERMELLHIRNLE TR Based on inequation (16), we can also get
Lemma 1 ([44)). If there is no (m, s) which is not in the current (MS)? o MSw(Y)
Y, such that we(Y)(1 T o0l S)) < w(Y”) + D(MLS) (19)
w(Y) —w(Y U{(m,s)}) > w(Y)/p(M,S), (15)  Then we let inequation (18) plus (19), and we have
then 2
(MS) o SMSw(Y) w(Y)
we(Y) < w(Y*) + MSuw(Y)/p(M.S), e ) (1 P, S)) VA R VR
Lemma 2 ([44)). If there is no (m, s) in the current Y to perform  w(Y') g 1
the Swap or Delete operation so that the total cost is reduced (Y™ < (1-— (MS)2 3ms 1 ) ' (21)
by at least w(Y')/p(M, S), then p(M,S)  p(M.S)  MS

: 1

(MS)? w(Y) 6> 38 ( 5 — 1) ; (22)
ws(Y) (1 — w(Y™) + 2w (Y . 1 _(MS)T 3MSs 1
ws(¥)( p(M,S)) < Sw(Y?) + 2w(Y) + MS 4D (1 p(M,S) — p(M,S) 75)
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SZNESFEEERIE . > " wic12.  rR-1) (23)

© WERERESIBAEHNLR W 1 Vk e {0,1,2,...,R— 1}

A
Wi 71 p(M.S)

R
I/V‘,;m Wo Wy Wi _ _ Wr_1 S 1 ~(2hH)

(24)

V[’Irmpf WR Wi ‘ W - LVR B p[ﬂ}. A
1 —p(M.S) (26)
LVHMZ

R < p(M, S)lo (27)

g ‘
W}pt
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""§I g@»f:l:% « RRS: Randomized Rounding Scheme
"-l—n
« GS: Greedy Scheme
o « AS: All-service Scheme
P NEEIEEE + OPTS: MILPAREE/SEILER
- ROPT, {tFbaseline ' T
120 F o bre —e. g R A 120 120 ————
|| —— R:Ii'.gh = [}[.]-H. . —e— RRS =% OPTS | —p— RRE = (IPTS j
5 GS = LOCUS ’ I GS =+ LOCUS | . GS =+ LOCUS |
100 [ AS . 100 F AS ] 100 F AS T
E g s} g sof - - ]
Z 3 . = .
k= s | E T~ 1
4] 60 F=-a o : 3
L [ -l-,___h.:...___. |
L [ SeR ST
40 4(}-. ‘—*—_r';:_.' === =y
2[} P T T S i " . M 1 L . N 1 s i \ | \ N N [
50 100 150 200 250 2 4 6 8 10 700 800 900) 1000 1100
Workload of tasks (Geycles) Delay requirement (s) Workload upper limit (Geyceles)

(b) Workloads of Tasks (c) Delay Requirements (d) Workload Upper Limits
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- YhitERlBERYsCIS « RRS: Randomized Rounding Scheme
- PR TERKF=REZIRIOPTHE « OPTS: MILPf#=a152IRI%ER
10% —— . . . . 105 : : : : : 10° . . . .
[ EEE RRS EEE OPTS EEE LOCUS ] | EEm Rrs EEE oPTs EEE LOCUS - NN RRS EEE OPTS EEEl LOCUS
2 107 ’ : — 10% | ' - 1077
E 103 gl - E 103 [ E 103 :
£ g | g
g 107 = 102} < 107}
S 1 = [ c [
10 < 1ot | “~ 10! b
10% 05 19 26 33 40 109 * 3 5 7 9 11 109 2 5 8 L1 14
Number of users Number of edge servers Number of services

(a) Varying User Numbers

(b) Varying Server Numbers (c) Varying Service Numbers
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