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Dependency-aware Task Scheduling in Cloud-Edge Collaborative Computing Based on
Reinforcement Learning

HU Shengxi, SONG Rirong, CHEN Xing and CHEN Zheyi

College of Computer and Data Science, Fuzhou University, Fuzhou 350108 ,China

Fujian Provincial Key Laboratory of Networking Computing and Intelligent Information Processing,Fuzhou 350108, China
Abstract In cloud-edge collaborative computing,computing resources are scattered among mobile devices,edge servers and cloud
servers, Offloading the computation-intensive tasks from mobile devices to remote servers for execution and thus expand local
computing capability by utilizing powerful remote resources,which is an effective way to solve the resource-constrained problem
of mobile devices. Aiming at the scheduling decision problem of tasks with dependencies in cloud-edge collaborative computing,
this paper proposes a model-free approach based on reinforcement learning. First, this paper models the mobile application as a di-
rected acyclic graph.and builds a task scheduling problem model in cloud-edge collaborative computing. Second,it models the task
scheduling process as a Markov decision process, using Q-learning to learn reasonable scheduling decisions by interacting with the
network environment. Experimental results show that, the dependency-aware task scheduling based on Q-learning method pro-
posed in this paper outperforms the compared benchmark algorithms in different scenarios,and effectively reduces the execution

time of the application.

Keywords Cloud-edge collaborative computing, Task scheduling,Dependency-aware task,Reinforcement learning
T FRAR EH N R 0 TG % AR AT 55 DA Bl R 3% 3 G AR
=

WHAPIT M HZEREERY RAMEEY, Bah =it &
(Mobile Cloud Computing, MCC) [ 35 H , B ¥ = o 15 GE
TR S 4 (5% 3l H P e A% i 0 B 208 T T A AZ O

Bt R RE B R B 4R L HOR  22 1) T 5 AR U W AR
G A B Bt ORI e B S A8 BT R LW R A
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WL R BE ALY R BN T MR S At el g A L A
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S TR MERZ BN AR e EEE S N AL
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JEL I [ A A BHOAS e B ) 2% 28 0T S AR BT 55

T 4 2 i e B 3 BT A B R 2 R IR Y — S AT R

W5 ) il FH = IR % s MCC L 35 S 3 T 3 2%
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F P i LB 7T LA =35 5 %t 5 A LR A HLE
B W R TR Ay A A ) 43 SR AR AN W) 1 4
M5t . fE bR S B B A O B B iR A L &
I 55 % Az I 55 i AT B TSR I BT IR AE (R R B X
2 5 W8 5 0 T AN B R ke U 8 405 R B 1Y T B R R
WOPBAEZ AR IS & . BRI AT 55 8 7 Rk
FE A R P O L i BT 55 iR s AT MRS TR & L
o i AR P — GRS R E T R EREE,

CA RIS TAE R0 g R U w12 B T i e
AT 55 V8 B2 R SR 0] L, 00 0 T B 0 B R DR G Rt
S XTI REAE — o R A DR MO TR A 5 9 B )AL 3
Ty % ST A R 2 A AR R Sl AR ME T TS B 0 A
T E VAL . A SOl JCBE R (model-free) J5 ¥ 18 1 5 W 4% ¥R
BEA2H , Hid N A T AL W BE e 3. X B model-free J7 ¥
T Q2% 3 (Q-learning) L F ), Q-learning & — Ff 5% 1k
2# 3] (Reinforcement Learning, RL) J5 y&171 & ] DL FE H 2%
AN AT AT AR S e R A AR A 00T A e SR T R SR AR

ASCHE  —Fh 2 30 0 [R5 P kT RL B9 RE R R Uy
il ot 5 IR AS T, [ IS N A S AR e, E
DURRANE -

(D& e ¥ N R P 3458 75 17 JG 35 B (Directed Acy-
clic Graph, DAG) , Het 74T 55 h TG % 7m » 74 55 2Z ] i 4K
ORI TR . P50 = U [R5 e i A B AT 55 0
JEZ In) 4 34798 AL E SC

() HY X DAG HAE 55 9 L Se Gt A7 i S ey 2
AT 55 U0 P 9 B BA A B AT 55 1 $HUAT AL 8 AR R s
I BF o i ) 5 2 AT G e 5 ot R AT 5 9 R o R 0 AT AL O
RS 23 8] L SR 23 T R 8 e 6 R BRI 22 T R Bk AT

I a T TR B AN B, #4177 REM
B 7 3092 I0 R 0 E T 48 bR O IR A R . SEIRAS R R W,
Jr i 2T Q-learning YK #1 #4 AT: 55 1 ¥ (Dependency-a-
ware task Scheduling based on Q-learning. DSQL) J5 % 7£ A [A]
PR T 1R BB 0 T 00 X Lb i B v

AR SCER 2 3 MIBUT AH O AR 5 56 3 799 Xt = 3 B ) 3 4 o
AR B AT 55 9 BE ) R AT R AL S8R 4 WA A A T
DSQL %% 55 5 WHHT T BUE 5 B30 5 50 0F 5 550 R 5 B
SieOFRE ARk,

2 MHXIE

1 T 8% sl i i MO A7l 25 0] L s i g A H ST RE T A R
TR R RS Sl LT AR B0 R B L B Bl BT AR R Y TR AR AT
5 1 LA 3 B0 B 4 21 o sl 25 IR 55w B AT . AT (A6
AT T 25 300 2 B35 v 1) 2 R] R A AR 56 TAR

AT LE PR T AT 55 AR R — B Bk Dy gk il
fEL = Bl ULl % 178 21 = QD s e .1 2 = A VAU 0 e )
554 — A B AR TE RS 3l i b A H $hAT B 2% 3 MEC IR
Fraw o BT EE L B AR PR AT 55 AT UE R
R — W TERS BB A b AT L 55— A 23 ) 2 2 AR IR A
PATEH . SR AESEBR T — A S R A 2T
55 BN Z 18] B AR O E 2 DR D — S AT 55 A B M A
155 B AL BRES SR A BEINAT . 78 X J7 1T DAGE) i HI e 4 40

#% 3h AR T o OR [F AT 45 22 18 & 2% (0 A HARH G &R

M T DAG AT 55 (4 A0 B RS A 20 00 AT 55 R B2 O I 1%
PRAEAR AR B B PR E . £ SHZ A, Topeuouglu 6007 42 H
T LA DAG AT B H] 19 5 4 # . 58 I ] (Heterogeneous
Earliest Finish Time, HEFT) 5 % . HEFT 553 78 7 & g o
SRR ARG T AT 55 1 o R 50 I () B A5 24 AT 0 S 0 A L (H R
AT 55 1 Al 26 M 24 AR el O 4 PR AR e B B0 HEFT 55
PP RE R T R LLFE 2R 2 K RS — AR T . Li-
ang UV AT N T RERL L SE T BE DL A B R FRRE L SR A
TVNE DL SR A R O v B RS H Tk AR AR O AR T
. i M E NG i B A E: 05 7l il 1 O T N A
Cheng SR H T — A i AT S8R &6 B Bh IR 4 ML A2 = 4
B R = R B R T — 2 T 5% 595 (Genetic Algo-
rithm, GA) By 355 H1 2808 B8 8 B 7 ¥, 76 45 22 I 48 29 3 4
T AR A TS E R Xie AR A L%
B vh AR N 0 S G TAD R 2 R A 2 IR 4 9 1 28 U R
A HR T — B 1 AR R 8L R R BE AR fk (Particle
Swarm Optimization, PSO) %4 , i 1 557 3 B A4 8 il A~
L1 48 R T T 1) ML O R % K B T 4 0 8 {8l e AR A
Lin &0 5 H —Fl 56 F 35 A ST B R 19 B 38 N B HORE 7 AR
B R BRGR T PSO 835 &) 52 81 H S0 3 45 0 34,
[FIRFZ5 6 T GA R4 PSO Bk 45 ) W A Jmy 38 & A i 04 sk
W, ARA5 TR MOL B R B O 4. AR, R TAREEE S 7R 2
MR BR B B IR BRIk A TR & B AT 55 AT R
SRR . P AR HE R S g e A ok Ak BT B R
TG EE R IR o )

J T REX B Pk, RL R 38 1 A . fE B AT AT AT S 56
PAEOLF 36 F RL 19 07 1% AR 08 38 b 5 I 46 35 5% 119 78 43 58
R 2 3] B AR VR R, B SRR R R G M, 40, Min
SR T — A3+ RL 9 16 9 3 45 1T 55 B4 AE 28, L+
TEAN T i MEC 8 B 1A 3155 1 BE FE A B 114 15 100 52 90 fie
P2 . Chen 55U BESE T % 4 V) i+ RAN i+ 5
VAR BT AN TR Q W% Y R M T R
L FE R HIGE I 4% Bl 77 2 50 50 0 R A B0 R £ 30 B HR R m
Huang %" W5 T 2R F - 3 i 51 28 5 W6 (19 JC 28 it s MEC )
& PRI T —F T RL M ZE L E BRAMESL Bk T 5
HIFR LR 25 il RL SGIEE BT R Sl T 58
Iy R B R A PERE . SR, R TR
SR FH 0 SR 2 K R R A S5 L — A R IR R
U425 AT 55 22 I B KM G R . B IR BT S B9, Lin
ST B X T N B A A R R ) A, DR S Rk H )
NAFEARE B T —F 3T RL A B e S Wk, b T
TE5% S s R Pl Q 2 2 IR R PR AT & B T R LR
KO NRT QM MUK SRt ], Tong M4l X = H BT
B T A A0 g O B 1) A, 48 M T — 3k RL IR B Gl )T
SV Q 2 S B TEAT 55 HE VT B B AT 55 1R B gk
fTULsk . 5 HEFT 83k 045 09 45 45 L e 9om L iz 5 vk g
A3 B — A FIF R FAL S5 B BITH) . SR, b3k TAE
N T 2 ol G 2R 5 b i R B e O ) 8L Y AR A b T 5T
G312 B NG R i — 2D 4R AT 55 W B PR RE

5 ERTAERR, A 3CH % 3 &2 )5 @8 DAG,
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DAG i1 £ B A R g WOBPE I AL 55 2, 5 90 Ao o 1
BB I7 VR AE B TR A AR A B B R A W 0L L 5 T RL A Q
) Ir AR R R BE T i R B T BT X LAY SR e .
S TEMG IR P BB T = IG5 2 AR O 25 Bl 46 i
SRAE A [a] ) 42285 IR 55

3 RHEEBHEEENX

AT A WA 2 30 R BB b AT 45 R B O 1) B, Gl
I AR B B AR B O 1 A TR AT 55 A
BN, — A~ B S A G YR L R I e AR AT 45 A
WP I kR AE A IR L AT LR 20 R A ATAT 45, 1R
AT 55 E R BN 2R 55 #8245 #R PAT. SRR G B Y
5590 B 7 48 T il o R SO FH Y e Ry B RS, — 5 T, HY
T A T B8 A5 , TR A A AT T S AR ARUE
4 T fig 2 Rl o MAT S5 AT ER . 53 — 7 T, SR T AT
55 22 6] P B30 H0 O o AR R S 3 T AT 55 B 4 B0 AN TR A T BT
ST e 2 B B R LR . [RUL, T O R AR 4R AL
— A G B AT 55 I BE 58 LA 4 e I PR 3 1) ) R s )

3.1 MR

AL AN 1 R Rl — B ik & (MD) |
— NGRS W ED M P BZREH/CSOHA. HV=
{MD,ES.CS} /RN A ES, SR A5
T frk€VO RN, BHE B THENREA MRS M E 525
Y, A B 4 1O TS RE T IR 55 L M SR IR 55 2% 19 3T SRR T L&
e W (E N ey o BN N 1 = M el 1 NS5 T )
R v, (R LE V) FIR L T30 4 IR 55 25 0l 50 8 AF fE L ¢
Ui 5 B ANE T T 2 AR 55 0 TR 0 0 1AL 5 ) O R A I K 0
W 5 05 IR 55 # 22 TR] 0 B0HE 1% i 3R T = IR 5% 7 5 A i
B4 T 55 A 22 8] 1) B0 A% i R

t

0

#zhik & (MD)

B 1 =R P AT 5
Fig. 1 Task scheduling in cloud-edge collaborative computing

3.2 fEEER

mE 2 fiis, — AN HBRFTE -~ F R THRE G=
(NLVE)YFER,HP N=(1,2, 0} TR THEFES .2 N THE
FEBATFESFHHEREN ¢ GENERE={e, |
i,jE N i<} RRFESEMKBA B EF e, €
EWMAIMN, FEFS i R FHESF ) WEBEWRES, THES
RTFAES  MHBERMKES. W Hke, CEMABMANE

W d, KB d, RN FAES (BB F4E5% 7 ER
i, A pre(D RN suc(DRFIR FAESS ¢ 19 HIERTIRAL 55
EE M BRI S5 A, — A FAE S R #0008 B i A wr
UKAE 55 AL R 25 RS A RRIT W AT . A0, T4 45 19 1 B i
AT S5 AN pre(D=1{2.4.5) JHILFAT 55 9 TR IATZ
i, B B TAT 55 2,45 RO Ab T2

K2 {8 10 MESF I DAG #ER
Fig. 2 Example of DAG with 10 tasks

3.3 B

TAL 55 AT LATE A 3t Ak 282 B o) 2 2 AR IR 5 A G 0 MR
G an o R AT o PRI ASCE SCT — A Tk AL i 2y
REBRAES WL IT R o =1 R TAES SR HITH
Wk RZ 2p =0, HTEDNTALS R AL 4 M2 1) —
AT S A LT E s

Dx,=1,YiEN (D

rEV

WA AT —TFAE 55 € N 750 2 PIA F&AF A 0T LUIF I 44
1. B2 AR5 a5 mT A, B Y m A HoAh 4T 45 76 1%
HEW A EPAT, FAES 7 B o B m 3+ 5335 S00] i ) T
N R DL 2R

T_7>va,kz,m,Viepre(j),VjEN 2
Horre HFAHES @ 58,

e TS j MnER g e C s inf 5%
HOR TR 55 MOAL BREE R, AR 55 5 s i |] T & X -

Tr= max{z:+ by M},wew (3

i€ pre(j) (kRDEV  Upy

WERTAES j MIERN D EHENIK TS € pre(H I3
S84 T 48 AN R B 1B 6 b R0 L T B EGE AR AR e/
Vo OB AT 2 D) B B AR £ 238 T DU S S A 92 B, T
WABAEIER, 7EXAIENT , AR AT M5 0 A%,

AR LIRS, FAESS j TR BT E R -

ST(j)=max{T¢,Ti},V;EN (4)

B2 FAESS GRS

HAS T B A DAG A IE 55 B IFAT AT /Y, Rtk iz
FRJT 10 2 3R 55 T 58 WUAT: 55 MM 4 i A9 4 55 9T 46 98 1 B A I
B o J Dy, R TES ¢ AW 2P 5 2h 58 i BT A 74T 55 &8
G B W RS DR B RBMATIER T,
AL E SN

T, =max{FT()},VY;j€D,, (6)

WA 3 Fis B FE S 4 A BFR 2B 58 B r Al F AT 55 4k
A D, =1{1,3,4,6), FIL, N HARRFTELS 4 HEHE 2 R

FT(H=ST(H+ 2 VjEN (5)
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PATIER T, =max{FT(1),FT3),FT),FT6)},

B3 5 4 A E] 20 AT 55 (9 AT 4 0
Fig.3 Execution of task at the 4th time step

— AN IR PP B0 o2 SE R Y B HR A AT
RS BN FE ML . M — PR F A n MESHR R 58
B S Dy, = {152, 0m) o B W R P B B AT IE IR T,
AT PLE R PLR AR5

T, =max{FT()},VY;€D,, D)

AR AL S8 T BT R 238 T, IR AR, AT
TE 2 10 W3 1] B0 355 v s B — A B ) 1 0 R, AR S A
LB fp 2R AT g e /ME T, o B, B AR R E0E LR -

Minimize T,,, (8)

SR o T 4% 2l 0 % P15 09 w85 8l 25 4 AV 55 40 18] A9 R
LeME TR, 1038 4T I R BT PP VA B B A R [ 207 %R R
2 R A 0 7 B 18] 2+ 23 IROMERY o A% 8 4k T8 =Xl vk ST
T fo J2 i SR B Y B ity b AR e T T S B A D8R AT A
TR — (R R AR SO — R T RLAY 5 7k SR i ) 4
TR T RLWITEKBERNRGEW y— AR T, 95
ZAEH LA IR ARG L TG T R e ) 2

4 FEER

4.1 AEMRESR

WA H P FAL 5 B EE . 5RZHUKRMET 5 A
JE T AEAR 2527 2 30 H g ) BN AE 55 10 48 St gtk A iR
B IR R AR 95 10 0 S W AT R SR

WG FTR A SO R R P A 1 B E G= (N, E)
FR 5 e, CEMA NN S5ITE d, ;KB di; Fm AT
5 i 5B TS WEHRE., HIL. Ml e,; €E BT
Y505 A E LN
i g )

(k,DEV Vg,

cost; =

WA, FAESS i€ N WP A 2 LR

<~osz2:k§,}4/3 (10

BT FAE 55 107 238 5 AR FCE B ST AT F AR S
i BV E A SE G rank (DPBIAHbE XN

rank (i) :Jénﬁ?f)(cuxtl +rank(j)) +cost, an
K suc(DFRRFALS i WHERAFESES. T4
A J5 4k 71 55 R S5 RAE 55 AR e ok

rank (i) =cost, (12)

W AD AR (12) % DAG &A1 55 /Y 98 BE AL 5k
R ATIF BT ARG FAE 5 e T 2 )5 . 15 B H AR
%V BEBAS s Ny

Que=(q1 +q2 s*** +q,) (13)

BE T2 AR 5598 BE BN B L 45 A 4 55 00 AT 07 B B4R IRt
FE . (HATE AR T R A RS Bl A Ak 0 Bl L AR
SR E B — A FAT 55 W SR A B Bl I AT,

4.2 SRAKRFRLE

AL YR R b B i BRI R RS %
B FAT 55 0008 B B4 , BAT TR 3R AR IR A8 3l i3 4 AR AR 4% 36
B 09 A3 — A~ X R 1 2 D B R — A T R AR A
AT A B S R T g g 3R it B2 (Markov Decision Process,
MDP) X 4F: 45 I B iod B2 6 47 gt A, B B 4R Hb 336, MDP W] DLE
SR 4 TTHAS,AL TR Ho S 2 ARE S |, A 2B fE4S ],
T 2RS4 R B, R 23 Bl R B0 . Q-learning 1 2 — b
TR H ) 2 M RL Bk ARSI B e R AT
PGS AR RS B0 F L Sl 5B T R B 3 — A
WA 5 0 & .

B 0] e SCCFESE 3 5 th Rl i) 78 I 31 0 09 4F: 55 9
W) R Rp A L IR A ZS 18] S BB S 8] A CIRASFE e R %0 T A
R R &R,

RS RE A E XN S H s, € SIUERTHES
ABHE A RS . N T B4R R AR S5 IR 5 4, s 1
E XN 5, = Cary vaz, s san,) s, R T FESE ¢ AN 18] 45 HE
SR, AR Kb o, €{0,1,2,3), ViEN %
R THES ¢ A E LR BT AR AT S AT O
ai,=1,2,3 P RFRLEE « AR i A TSRS
W& NG MER 2 REMPAT. Filth,a,, =0 XRER
A2 © A AL SRR AT . R 3 s R S
) A 45 98 B BA 31 Que = (1,3,4,6,2,7,5,8,9,10) ,7E45 4 4
I ] 2 1, 6 S Y s, =5, =(1,0,2,1,0,3,0,0,0,0),

BNEZS ) 2 TR A 55 BB A S T A L 8
PEas e LR A=1{1,2,3} , Kt — B0 I fE o, € A TR
R RE S AT 45 CBIVFEAT: 55 0 BE A B o A 565 ¢+ 1 AT 55
EPATOE . BAKRBE a, €{1,2,3) 40 I FRER 3% &
AT 25 10 R PSR AT 55 K 2200 RF D SR A 55 1R 48 3 500 2% IR 55 24 BR
AT W BT R SR AT 55 HI AR B = IR &5 45 AT

RS e 4 pR B RSB AS BR RO E U TG, va) » FE3R A
AR ¢ AR AR s, FHRATEIE o, Z 5 00T — IR
A, Bl 1R T - EOESEELR, INES 34
BB RS s TIRAT T a4E a5 =3, 0 200 75 e 5K 19 AE 55
CRVZEAT 55 98 1 BA B P A 55 4 AT 55, 72 Be Ak S FAT 55 6) )
B RS WwPAT, Wik ,si=TCy0a3)=1(1,0,2,1,0,3,0,
0,0,0),

e AL A T 515 RL AR B /N b R R 3 9 o R i
IF1) 2 Jih R BACE L

R(s,va)=T,,—Ti..+1 (14)
HHF L RCGa) BoRFES ¢ AIERIZE PPORE s, F BATE a
J& RLARCE BT A5 80 % 5, Hoop Ty 6k B2 T R A2 )% 78 24 A
A O] 2 BIAE ¢ AN 2B 0 BB BUAT B3R 5 T, RR AT
NAE a 05 BDEESS e+ 1 A B IR 25 09 5 RABATIER . RL
R B HE 2 3] B R AT 55 0 B8 R O 8, LUAR AR B R I B AR
Jil o 3XAE Y T R T B SR /AN AT B ET . A 1 BT L TESE 3
A B[] 256 R SR 4 45 (B F A 55 6) B2 B = IR 55 28 AT
BRI rs =R (ssvas) =Ty, — Tiyi1 = Tis — T1.y = 0. 276 —
0.276=0,
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BB R LA = H R T TR T iR A 2 T AR B AT 55 9 B O vk

*1 ARSI R — AT

Table 1 Example of a task scheduling process
t 5 a, Ty../s
1 1.0,0,0,0,0,0,0,0,0 2 0.069
2 1,0,2.0,0,0,0,0,0,0 1 0.276
3 1.0.2.1.0.0.0.,0.0,0 3 0.276
4 1.0,2,1,0,3,0,0,0,0 3 0.276
5 1.3.2.1,0,3,0,0,0,0 2 0.276
6 1,3,2,1,0,3,2,0,0,0 1 0. 390
7 1.3,2,1,1.3,2,0,0,0 2 0.425
8 1,3.,2,1,1,3,2,2,0,0 2 0.461
9 1,3,2,1,1,3,2,2,2,2 2 0.505
10 1,3,2,1.1,3,2,2,2,2 — 0.531

4.3 ETF Q-learning kT EE S AEE %

Q-learning /& H1 Watkins 42 1} ) — FF model-free 3t 1k
2B Qlearning A — M THAF QM Q %£.Q
FH N AR AR 1 KK, R 0 0 BE A 1 T SR AT AT
5. Bk, Q R B In RRE, P R R, QG
O RRIERE s PATEIEa WQ ME, TEF T, RL AL
W e-greedy SEME ARG 24 /i i E] A 0 fOR A s, 0 4R B4R
a,. TR CRLAAHEIBBI SR - =R (s, a0 -3 BRI
HHFN 5010 Qlearning F BRI AN 4 Piow .

I
( Enviroment )

4) KA s

2) #iE a

1) K&,

R
(Agent)

Bl 4 Q-learning 575 My 72
Fig. 4 Process of Q-learning algorithm
FH IV b, Q-learning F T H R € LANF -
QCs, va,) =Q(s, qa,)Jra(rlJrﬁm“ax(x,H,a,fl)*

Qs sa,)) (15)
Hrpa(0<<a<D RRF I, OSSP D EnirnlEl F,
max(s i1 vai VIETE T — R s I Q 5 4R KPR -
EXT .

I T Q-learning Y fR A AT 55 8 Bk i f2 AR IR .
Step 1 #IIfL Q REA KRS HL MG 4. 1 Wt e L
A FAE 55 19 98 B O e 9 45 AT 55 R B BB .
Step 2 FEREAN ISR 56 U IF 4 B, 76 A4S 3 B8 3h 1 & R 3
N ) iR A 2 5k 3SR (1,0,0,0,0,0,0,0,0,0),
Step 3 FEUNZRid B b, B TT 55 4 B2 BN A, B A F1T: 55
BOPHAT O BB AR IR D38 . e greedy RIEFE TR KRS FIH .
T L e MR ITA B9 R BEALE R — A L 1 —e
MR Q [l R E Jr & . RL RIIATIAE o, FF R
A QOB R ARBE RO EH Q Xhm Q .
B o P bR S B 8 R BT BT M AT RS s = T'(s,va) .
Step 4 FEIEUSUR T, R R A9 AT 55 08 BE O & .
#x 1 DsSQL
A :G=(N.E)
it 2T FIGE B 09 A 55 38 BE 7 5%
Lot Qi QEH 0
2. MR L S %
3 TSR TR F AT 55 W IR E AR SE 9 A4 BT 45 98 B2 BA S QueCar s oo qn)

4. for each episode e do

5. WA Y ERE A s —>(1,0,0,0,0,0,0,0,0,0)

6. for each step t do

7. ffi ] e-greedy W& AR 4 M ATIRES s N Q 26 P ik 5 sh 4 .
a;—>select_action(s;,Q_Table)

8. RL ACHEBATENAE a IFAF B0 RN A FHE ro=R (s a0

9. T QR QM

10, EHHECRE si—>sin

11. end for

12. end for

5 HEXESHH

5.1 FERE

WX =R AR R G R T S A T B B T A AN
MZM PGB RATRE, ZFRARRIE AN ER
PELRE T 5 MARRIR R, ik 2 pral,

# 2 5 FMORIF S

Table 2 Five different scenarios
No. » F/_GHZ » R/(MB/s)
S ™MD fEs Sre UMD, ES UMD, RC VES,RC
1 2.4 4.5 6.4 8.0 2.5 3.1
2 2.2 1.3 6.2 5 2.3 3.4
3 2.0 4.0 6.0 6.0 2.0 3.0
4 1.8 3.8 5.4 5.5 1.8 2.6
5 1.6 3.6 5.6 5.0 1.6 2.8

Hk T RN R ¥ (B DAG) /9 2 #: 1, 2 % SCik
[30-32 WAL 55 B 45 4 » 43 B AL 7 T 4T 45 BUAE n= {10, 15,20,
25119 4 B DAGs, T i) it AT 55 R 25/ a1l 5 s . % F &
MR AHEF G=(N.E) , BN FES IR & o GE N IR

[50,500] megacycles W &) 0 Ai . MiXf Thisk e, EE N
B, FES EwmE 1557 &G RMNlLo.
1000 kB N 1345 531 o

@@@3@

(a)n=10 (b)n=15

b

(c)n=20

=

(dDn=25

Bl 5 KRS DAGs
Fig. 5 Different structures of DAGs
5 A Q-learning Y2 2 R o TN T A STEE R
Be SEATICE . HP, MO8 o TR B W0 2512
SRR A SO R B 0. 75 FN I T B R 4 K Sk K il

220900076-5



Com puter Science T HLE  Vol. 50,No. 11A, Nov. 2023

P B LR B L R TR RL R A 1Y 2 i A I 5 N R ok
BT 5 2 Bt o AR OB HEBE B 0. 955 A8 R e SRR AR A
] PR R AR —FF IR S0 A R AR B 0 XTI R
4 AE 344K 5% B DL oK pe i 3h AR, i i 2 e IR T A 3 L £ 3 R R
PR KA 1L IR O 5 Bk 45 o, 3 RE T LA T R A 6
AR Q (B R/ vk B VR L 78 J5 A AT 530 2 i i 8l

5.2 XWHERENMH

FEAR/NAT O T 56 0IE BT B Y RL Sk 9 A0 S RL
H5PF 3 AR LT L,

(1) # F PSO-GAM™ 1y I Ji¥ . PSO-GA ¥k 75 % 4
PSO Bk Rl B am a5l AT GA B 38 XATAE 55 5 7 X R
Sk R TSR O M AT RO . ST IR MR T PSO Sk
S LB S s L RS AT GARARFSR
1 R RE T WS S AT FAE SR PSO 85k, fe 95 3545 1 I 1k
RO . 3T SCHR[14].PSO-GA WIS E B 0T  Fhe R/
H 200, B KIEAC KB A 1000, KA H T ¢, (44 4h 18 A0 e & H
S350 0.9 F10. 2, KD H T oo RH0 4 (RN e 25 43 57 0. 9
0.4, B EACE T w B B K (E R /NE 4> 3R 0.9 A
0.4,

(2)H: T HEFT 9 Bf (HEFT-based) : HEFT!%) J& — fif
21 T R 2O B Sk B AR AR AT 55 1 B A o i e I g A
PR BE VSR BITE B — 2B e M BT I U 1 B e 3

(3) 3 T 5000 (4% 38 B (Rule-based) : 3 T #0000 49 8 B35 1 56
PR E A DAG Y14 53, 31 ) 4 19 4 55 DA 2¢ i 152 4% 1) 4%
= R 55 B PATE

RT AR, UL L FEMER LA 4.1 s e A
AT TAT S5 1R B R e O HET .

P 6 s A ST B DTQL 78 A [T 45 B R 14
SEHFRIAL T HE T PSO-GA BT EE 7 3.12% ,

O DTQL PSOGA g DTQL PSOGA

07

é’, 06
= 05
§ 04 [ 5:
B/
03 | --
® ooz | gl
B 7
2 01 ::
0 1 2 3 4 5 1 2 3 § 5
E2 P2
(a)n=10 (b)n=15
0 DTQL @ PSOGA
L L, 12
£w 7 Eu
= i 08 ;
E B E 06 .
a0 8 w04 ;
B : B %
5 02 : 2 02 :
0 : 0 —L
1 2 3 4 5 1 2 3 4 5
E2 E2

(dn=25

(c)n=20

K6 5 PSO-GA Jridk ity PERg b
Fig. 6 Performance comparison between the proposed method

and PSO-GA method

B3 R R TE AR 55 IR/ (I =10 I, DTQL 5
HT PSO-GA B B JI7 L A T AR [A) B 45 5L, X 2 R 7R 4T
G MUV L i 25 A AN, BT PSO-GA 1994 B2 U7 ¥ g
30 5 I B 0 22 SUAE S R AR A B B L A . T A B K H) i = (1]

5T (N n=25), 3 T PSO-GA 1934 Ji 77 1 5 Ba A J= i
FRE0L . eAh 2T PSO-GA 14 I8 B 7 ik g vy 76 s 2 4
R ) BE At 1L U F SE PR A9 B R PEAG . 1 DTQL i
it 55 PR 8 38 B A 3] B AR WK L TC T X R G Bl ) A A,

W 7 FrR A SCHR R 9 DTQL 78 A [RAE 45 MUAL T 19
S RPN T I T HEFT M98 5207 16.07%

0 DTQL 0O HEFT-based 0 DTQL 0O HEFT-based

08
07

=
o

N <
:;E? 06 - .E, 08
§ 05 g 06
04 f ]
w 03 ] wE |
02 BE ol B
oo b 2 ; i
0 o) 0 H 2
1 2 3 4 5 1 2
9%
(a)n=10 (b)n=15
0 DTQL 0 HEFT-based 0 DTQL 0 HEFT-based
10 L, 4
= o8 = 12
' o0
2 06 2 08
= =
§ 04 § 06
B, B 04
2 S
0 0 :
1 2 3 4 5 1 5
9%
(e)n=20 (d)n=25
Kl 7 5 HEFT-based J7 1 W g L5
Fig. 7 Performance comparison between the proposed method and

HEFT-based method

HT HEFT B 98 BE J5 & R 48 7% 55 9 i B 5¢ it (7]
FEVR I e LIRS — 2 e e e A9 98 B O 58 . 4 1 b AT 5
PR S 2 (A n=25) It 52 8 TR 55 2 [ & 22 iy A etk 4
WA RZ W H T HEFT (998 B2 7 16 R A,

WE 8 Bz A SCHT 3R 19 DTQL 76 A A 4T 45 LA R 11
YR B T TR 4 9 5 ¥k 20,19 % .

TR B B2 7 ik v Bl R KB E R U0 0 LI H X

B DTQL [ Rule-based

0 DTQL [ Rule-based

10 10
L <2
g 08 g 08
g 06 g 06
§ 04 % 04
E 02 § 02
0 0
(a)n=10 (b)n=15
0DTQL 0 Rule-based 0DTQL 0 Rule-based
12 20
= <
g 10 = s q
2 08 =
= 12
1, 06 E 10
04 ®
BE = 05
2 g2 i1 2
0 -1 0
1 2 3 4 5
E2
(c)n=20 (dn=25

'8 5 Rule-based J7k iy g b &
Fig. 8 Performance comparison between the proposed method

and Rule-based method

220900076-6



BB R LA = H R T TR T iR A 2 T AR B AT 55 9 B O vk

5T HEFT 198 B J7 36 260, 4 4E 55 B3 o & 4%
n=25) 0], 5Z B F4£ 55 Z B B 2 AR L ML L 9 5% 0, DTQL
B 3 B0 B S 400 T B TR 0 1 9 R T

GERIE RSB X B P R T T AR AR G R AT 55
VA BE ) R £ D — R B TR Ak S MR B T s, AR AL
B 2l g AR P @B A 1] T B B, ST 2 i U R R Y
AR 55 PR BE R Y, ok B Q %20 L3l i 5 0 2% B 8
SCH, H G A o) AR BE B SR . Bl i 5 PSO-GA.
HEFT-based, Rule-based 3X 3 F 5 i 6 B 7 i E 47 HL 42, 56
IE T DTQL RES A 08 A i F 2 ¥ 19 S0 AT 1 i), {5 5 it [+
B A SCHE AT 55 35 6 B BOAR 418 A0 56 0 R 3 R AT 8 B8 SR L 3 T
e SR E R R R M oh AR SC TG Ry =2 0
FRJT B AAT I IR] , o 25 P BB AE L A 452 PR 38 % A0 20 A 55 A 2
BISZ MR . PRI , 6 R o 1Y A ok 3 SRR P RL ST
%5 B UL M AT 55 19 2 B bR AT,

2 % X w

[1] WANG J,LIU J,KATO N. Networking and communications in
autonomous driving: A survey [J]. IEEE Communications Sur-
veys & Tutorials,2018,21(2):1243-1274.

[2] HASSABALLAH M,ALY S.Face recognition:challenges,
achievements and future directions [J]. IET Computer Vision,
2015,9(4) :614-626.

[3] KIM K, BILLINGHURST M, BRUDER G, et al. Revisiting
trends in augmented reality research: A review of the 2nd deca-
de of ISMAR(2008-2017) [J]. IEEE Transactions on Visualiza-
tion and Computer Graphics,2018,24(11):2947-29629.

[4] HUANG J,ZHOU Y,NING Z,et al. Wireless power transfer
and energy harvesting:Current status and future prospects [ J].
IEEE Wireless Communications,2019,26(4) :163-169.

[5] CONG P,ZHOU J,LI L.et al. A survey of hierarchical energy
optimization for mobile edge computing: A perspective from end
devices to the cloud [J]. ACM Computing Surveys (CSUR),
2020,53(2) : 1-44.

[6] SHAKARAMI A,GHOBAEI-ARANI M,MASDARI M,et al.
A survey on the computation offloading approaches in mobile
edge/cloud computing environment: a stochastic-based perspec-
tive [J]. Journal of Grid Computing,2020,18(4) :639-671.

[7] CUI Y,SONG J,MIAO C C,et al. Mobile cloud computing re-
search progress and trends [ ]J]. Chinese Journal of Computers,
2017,40(2) .273-295.

[8] DONG S Q.LIH L.QU Y B,et al. Survey of research oncom-
putation unloading strategy in mobile edge computing[ ] ]. Com-
puter Science,2019,46(11):32-40.

[9] CHEN X,ZHANG J,LIN B.et al. Energy-efficient offloading
for DNN-based smart IoT systems in cloud-edge environments
[J]. IEEE Transactions on Parallel and Distributed Systems,
2021,33(3):683-697.

[10] TOPCUOGLU H,HARIRI S, WU M Y. Performance-effective

and low-complexity task scheduling for heterogeneous compu-

ting [ J]. IEEE Transactions on Parallel and Distributed Sys-

tems,2002,13(3) :260-274.

LIANG Y C,CHEN A H L,NIEN Y H. Artificial bee colony

for workflow scheduling [C] // 2014 IEEE Congress on Evolu-

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

220900076-7

tionary Computation(CEC). IEEE, 2014 :558-564.

CHENG Z,LI P,WANG J,et al. Just-in-time code offloading for
wearable computing [ J]. IEEE Transactions on Emerging To-
pics in Computing,2015,3(1) :74-83.

XIE Y,ZHU Y,WANG Y,et al. A novel directional and non-lo-
cal-convergent particle swarm optimization based workflow
scheduling in cloud-edge environment [ ] ]. Future Generation
Computer Systems,2019,97:361-378.

LIN B,GUO W Z.CHEN G L. Scheduling strategy for science
workflow with deadline constraint on multi-cloud []J]. Journal
on Communications,2018,39(1) :56-69.

MIN M, XIAO L,CHEN Y,et al. Learning-based computation
offloading for IoT devices with energy harvesting [ J]. IEEE
Transactions on Vehicular Technology,2019,68(2):1930-1941.
CHEN X,ZHANG H,WU C,et al. Optimized computation off-
loading performance in virtual edge computing systems via deep
reinforcement learning [ J]. IEEE Internet of Things Journal,
2018,6(3):4005-4018.

HUANG L,BI S,ZHANG Y J A. Deep reinforcement learning
for online computation offloading in wireless powered mobile-
edge computing networks [ ] ]. IEEE Transactions on Mobile
Computing,2019,19(11) :2581-2593.

LIN KAI,LU YU,CHEN X,et al. Workflow Scheduling Strate-
gy for Reasoning Task of Autonomous Driving [J]. Journal of
Chinese Computer Systems,2021,42(3) :632-639.

TONG Z,DENG X M,CHEN H J, et al. Multi-objective task
scheduling algorithm based on reinforcement learning in cloud
environment [ ] ]. Journal of Chinese Computer Systems, 2020,
41(2):285-290.

MAO Y, YOU C, ZHANG J,et al. A survey on mobile edge
computing: The communication perspective [ J]. IEEE Commu-
nications Surveys &. Tutorials,2017,19(4) ;2322-2358.
MIETTINEN A P,NURMINEN ] K. Energy efficiency of mo-
bile clients in cloud computing [CJ//2nd USENIX Workshop on
Hot Topics in Cloud Computing(HotCloud 10). 2010.
MAHMOODI S E,UMA R N,SUBBALAKSHMI K P. Optimal
joint scheduling and cloud offloading for mobile applications
[J1. IEEE Transactions on Cloud Computing, 2016,7(2):301-
313.

JIA M,CAO J,YANG L. Heuristic offloading of concurrent
tasks for computation-intensive applications in mobile cloud
computing [C]// 2014 IEEE Conference on Computer Commu-
nications Workshops (INFOCOM WKSHPS). IEEE, 2014 : 352-
357.

RA M R,SHETH A,MUMMERT L,et al. Odessa:enabling in-
teractive perception applications on mobile devices [C] // Pro-
ceedings of the 9th International Conference on Mobile Sys-
tems, Applications,and Services. 2011:43-56.

LIN X, WANG Y, XIE Q,et al. Task scheduling with dynamic
voltage and frequency scaling for energy minimization in the mo-
bile cloud computing environment [ J]. IEEE Transactions on
Services Computing,2014,8(2):175-186.

LIU Y,WANG S.ZHAO Q.et al. Dependency-aware task
scheduling in vehicular edge computing []J]. IEEE Internet of
Things Journal ,2020,7(6) :4961-4971.



Com puter Science

HEHES  Vol. 50,No. 11A,Nov. 2023

[27]

[28]

[29]

[30]

[31]

[32]

SHU C,ZHAO Z,HAN Y.et al. Multi-user offloading for edge
computing networks: A dependency-aware and latency-optimal
approach [J]. IEEE Internet of Things Journal, 2019, 7 (3);
1678-1689.

ChEN X,HU J,CHEN Z,et al. AReinforcement Learning-Em-
powered Feedback Control System for Industrial Internet of
Things [J]. IEEE Transactions on Industrial Informatics,2021,
18(4).2724-2733.

WATKINS C ] C H.DAYAN P. Qlearning [J]. Machine learn-
ing,1992,8(3):279-292.

ZHANG W, WEN Y. Energy-efficient task execution for appli-
cation as a general topology in mobile cloud computing []].
IEEE Transactions on cloud Computing,2015,6(3) :708-719.
XIE G,CHEN Y.LIU Y,et al. Resource consumption cost mini-
mization of reliable parallel applications on heterogeneous em-
bedded systems [ ] ]. IEEE Transactions on Industrial Informa-
tics,2016,13(4):1629-1640.

WU Q,ISHIKAWA F,ZHU Q,et al. Deadline-constrained cost

optimization approaches for workflow scheduling in clouds [J].

[33]

220900076-8

IEEE Transactions on Parallel and Distributed Systems, 2017,
28(12):3401-3412.
KANG Y,HAUSWALD J,GAO C,et al. Neurosurgeon: Collab-

orative intelligence sbetween the cloud and mobile edge []].
ACM SIGARCH Computer Architecture News, 2017, 45 (1)
615-629.

HU Shengxi,born in 1998, postgraduate,
is a member of China Computer Federa-
tion. His main research interests include

edge computing and task sche-duling.

CHEN Zheyi, born in 1991, Ph.D. His
main research interests include cloud-
edge computing, resource optimization.
deep learning, and reinforcement lear-

ning.



