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RE AL 2] (deep reinforcement learning, DRL) %5 AT /AR &5 KL 55 5188 11, Be% A RN P
PR S ) UG BB R ARAG. SICFRIN, 6G [ R e RS m i I 2% 8 BE N 2R AL, 33 MEC 7RI 48 fE
JrlaE B, R ST, FET AL SUEBE MEC AU T B0 D9 SE IR I 22 8 RE N AR 1 OC B — 2R, H A, — 2
TAE B~16] SR DRL &6 AL J7VERE T AT 55 R v St o) /. SR, bk AR ol i 150 1 4 IR 55 2 B4 56
#IIRSSRE ), BT bR B S5 I RS AR E RIS AL, Skbr b, i TS E SR IBENLYE . 5T AT AR
TENLFI G R Z BREGE A 3, T 20k 55 i B SR DA% 5 B8 IG5 (R SEmE . FELIS 00 R, AR5 I 2 AL IR 55 7 SR itk — 28
IR T M 45 UUHC R AERE . 9 4, 72 N JRRSEF o, RRAE SR L A0 2 T AH IR 25 IR AL 3R 2% A Re AT 171,
b, BTG s M LR B AT 55 (0 T SE I IS SE 225K

2 KU R AL FRAT 55 REUE T R B — 1 I D e, SEIR B UR AN S RS Re 18R T, IRk, AW RS
LN AR RO AT 25 I P R TS v BT~2800 SR, ax 07V R B T B B Ak T~ 280 B B R
s 1819220 S DRI 2 H P 25T R T I R R RRE. BRI, RSN B RS2 IR s, iy sk
I IR TH SR 38 S B U o0 e 20 A 2R RS G B HERE L AL S TR SR, T2 B R AZ DBk .

BExf R Bk, ASCER W T — e T EIVE R ) 28 B R IR T SR AL A 2] B OB AT 551 S EN AR SR (graph
attention-based multi-agent deep reinforcement learning for dependent task offloading, GMA-Dep). 1%V [H 71 %
W 210575 1 MEC 248, 787075 JBAT S AT WM 15 IR 55 B 52 BRAF A, DASEIN 20 A1 208 B B[R TR 4%
LB PR WO Mg . AR SCH) = ZE DTk R

(1) fEZ P 204 R8I MEC 50N, L5658 iR IR IR AR5 2 R 5 AT OB, H2
T AR AR AT 55 10 22 795 RO [R] T SN B A2 ME SR SRR Y 1) 60 S S P ) 32 574 e ] RS 3 W [ A % B
12018 R 2 ORI T AR, DAA TR 24 0 5 20 PR A0 P P P B0t A et b, DA KA BT P A - 24
AR N B AR, L T T EENE S 2 4E SR O A ) A A

(2) AR —Fh GMA-Dep SRR iR oAb i 25070 R F A TR s 5 A sSUBUATHESS, AESE
NZRIT B, 23 FH P SR T 2 70 19 4% SR HDORS iy ] ke 58 S 0 00 08 i FE P AR i, DT B v 5 ML PR 8 A o >0 4
JRV BRI (R B [ B 0 0 B R U 70 T SR ABE T 2 8 70 A AT B B, B> 2 FH P B T AR HIDIR S B R, sl
THARLEN 48 S BEUR S C R 20 A 2R e ULk

(3) NHHIE GMA-Dep FEHIVERE, TR T KEHUE 07 5L, i RARRY], 5EA SR, Frik GMA-
Dep SLEEAR MEC Y5t 280 T B R B iR PERE, S0 1 2SR RE S AR ROVRLAE 55, A7 RCHh I £ 3 FH P F
AL AT 275 U RE P R 1A

2 RigEE

WEE 1 R, ARSCHE AT P %4 (user equipment, UE) 5—AME 7 MEC R4S #5155 05AHOCHK, UE 4
BEXN M ={1,2,--- M}, i, M ¥ UE (. X T4aA UE, JPT Rk Rt 2 SO RS, (local
base station, LBS). lb4h, RGEHAFES TEE 7 MEC RS &1 EE L (neighbor base station, NBS) FT
[F AL B TH AT S5, AT S BE IR BAMIA 21T B R I 158, NBS 86 7€ N Naps = {NBS;,NBS,, - -+ ,NBSy }, H
Wi, N &8 NBS BI4E. MEC RAMINHEBCYKEMEMRRES T = {0,1,2,---}, B UE /£ BB
te T RIBSHN p BUASA] (Bernoulli) 70 AR —MES, WIAIEIRA . FHRRISE. 2L &, (1) € {0,1} &
N UE,, (m € M) TERFBR ¢ BFUESERIRDS, Hh, &, (1) = 1 IR UE, FERBE ¢ 1R T —MES, & (1) =0
KR UE,, fEMBR ¢ A LRSS, T HRIRE. UE Z A SCHFR & B4 (device-to-device, D2D) 815, 1A
1 iR, UE KRR AT MEA % . MEE 23 H UE. LBS 2 NBS iH 5, ta] i Lk 5 s A 5.

2.1 KEBMESREY

A RE UE R MAE 55 8 BAT HOOC AR TR 55 4L, W NSRS 3 i N ISR % i 5 4S54
G UL, 738 EBCR AR « NI AGI L AR | RR AL BRIORI 722K, AT AR ML I, 75 258 R A 55 2 18] 1)
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Figure 1 (Color online) System model.

WA, Ban “RRAEREEC Wt 2 <28 N, B <32 fRER R “RHERREC M 4 R 5 A ReTT A
UbAk, % 8B FAT 55 R A N 2 R, AT 55 0T TR B AL BE B8 T B ANZAT 55 2R AR S I Bl (RE AL AL /).
W HFIERRE RAEERCE T A LS S I A AL B 28 F i @ X RGHESRRES N K = {1,2,--- K]},
Hp, K = |K| #on TS RBNHE.

AR — e, M AT S5 T A R e (directed acyclic graph, DAG) iR 8.9 BARHL UE,, ERFR ¢
WERMELSFTRN G (1) = W (1) ,Em (1)), o, Vi (t) = {v;; (t), 0} (t),-- vyt (t)} TR TAESHES,
W0 () A oI () IR TF AR S5 AR HUESS; e (vf, (1), vl (1)) € En (1) FRiNEE, F TR TAES 2
FIHAT I R, o, e (vl (¢) 03, (1) = 1 RIRE @ DTAES of, (1) &5 j DTS ol (t) BATIRAESS, Rl
ol (t) TR of, (t) BITHES R M A A ReT a3, B0, e (vi, (¢) 03, (1)) = 0.

M FFAES v, (1), ASCRA 4 ABHORATHIE, 58308 vi, (1) = {d, (), pi, (£) , 00, (1), 722 (1)}, Horh,
di, (t) RoRBIEE RN, pb, () BoRTAESTHEN CPU B, 8, (1) € K RN TALE R, rmax (1) Ronit
% G (1) HT S RFIR AT, ST R FAEE o0 (¢) R ol 1Hh ), BRI/ NEE R 0. FAT % 10 75 5%
JE ARG IPAT T, R4 55 D 20 L i BRAE 55 52 G 7 W HUAT. 8 L UE, BIESWEET AN ¢, (t) =
(ah (0,2 (0), - g OT ), Jortt, g, (6) € (1,2, [V (O]} TR TAES v, (1) WTRBERSELL, g, (1) (T
/N, R ER R S, WENT g, (t) 2 TS Z M PPATROCR, EHEST, —MEZ TR AAZ
ANEAT VR EENR, AN 5] B FE 7 B AN [F IR S5 B SiE . R TP AT S5 TR RO 1, AE T dr, 52 SO GaIst ] ST
RN TAESS B T AR AT I B SN [6), S8 RN [A] FT 3R 7RFAF 55 1 53 58 iR B ).

2.2 BERE

AR LU I AT AN, UE S TEARERE ) LBS Fe4 T2, RN SCH UE 1) Db il st
LB BB U TS U 0 B ATB(55 DD @R A IE AU S LB ATT R, T8 5840 5 X B
Al BP0 &K (Shannon) A, FI{E UE,, RIETHES% of, (1) 5 LBS I LA7HAIESE, LARAIE TAE%
vy (1) 5 UE,,, (SRS 51

Pvn@)gmws(t)) , (1)

Rir’:ﬁBS (t) = B"log, (1 + 52
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RiP2D (1) — BP?Pog, (1 n Pin () G, (t)) , @)

m,m’ 52

Hrh, p,, (t) FoR UE,, TERBR ¢ BIRF IR, goins () T g (1) DHER UE,, FERER ¢ 5 LBS Ml UE,,
MRS IEINEE; 02 RonTy R IR,
2.3 JHEER

EETAES o, (1) BACVF R (1) A& &, (2) @il BT oL eE s E 23 LBS 15 (3) @
i D2D 1 EERK E BT UE BTSSP EES (4) B LBS # & EMHE NBS #HT hFETHEL X T
LBS At R ERE, 5T 1% ML iR 55 588 T 45 % FE B S5 4 4E . Y AL ThRg e 7, MEC AR
45 B T AR PR AT 55 FRAE 5 IR S5 20 A W, ANBAF R EBMT SRR IR S. 2 X @, (t) C K RnHEdh n
(n € {LBS} UNxps) TERTB ¢ ZEA7EMIIRSS4E. 35 UR,, fERTIR ¢ ZE AT 500E R, WFAESs of (t) FERTER ¢ A3k
{PUEZ SEFE S/

NG (1) = {n |&m (8) = 1,97, (1) € ®n (1) }VneLBSUNNBs' (3)

Wb T-23 RPIRZS LR AHRER 251 UE 7T LUCAFE UE 320 RS, & X UE, MRS EN A, C K, T

vl (t) PTEIELY UE SEU1F:

M (1) = mU {260 () = LE (1) = 0,45 (1) € A ho @

25 b, 45 UE,, FENER ¢ At Sk, W@ LTRSS ol (1) BT SEAREA of (1) € ML () UNE (¢),
Horb ol (t) = m FoR TAESEARME RIS, of (1) = LBS X TAESEHEF] LBS 1H5; of, (t) = NBS,, #x
TAES B LBS # K E| NBS,, 15 of (1) = m/ (m' # m) RonTAESE D2D 4 E1 23 L UE,, 5.
L% LATAE UR,, WERHGM SRS (00 B BB RN ay (1) = (08, (), ab, (1), ab ! (1)) L]
(2, A B FFIAIE S o0, (¢) AR RS ol 1T () ZEARME & FEL, B, of, (6) = m, oy (6) = m.

2.3.1 A& EiHERR
WIRTAES of (t) EAMBESETE, B of (t) = m, W vi (t) BB ZELEIIT. BIESIER AT
1T 1ER), UE,, B4t CPU {HERIFIHHIZAES. BT AR Z MNP AT BN, 3 A 455 7 Bl 3 3L
BT AT IRAT 55 BB 45 SR G A RE T AR TRAT. B R BT B4E BB BN, AL 2 T+ B 45 B AL S i [R) AR

FE AL BHIL, 2 ol (¢) FEARMBABATES, HIFURRTIR] ST, | (t) 2 H B0 ONAT 55 150 58 B 8], R
STivm ()= | max  LF17 (1)}, (5)

vin (t)Epred[vi, (t)] m,x

Horb, pred [vi, (t)] Fom vl (¢) FIRTIRAT 555, FTfﬁ,azﬂ (t) FRATIRAESS vl (¢) LEF: HARTT s AT I ) 58 B ).
MFAEE R IAT AR, UE,, ¥4t CPU tHEBEHAT ZES. & X fL, ,, (t) Fon UE,, TERBE ¢ 1AL
TAES ob (6) FITHEEIR, ) ol () 7EASH & BT BT B S
_ iy (1) i (1)

T (0 ©)

Ticom (1)
FAES ol (1) 1EAD B AT 5 AERE

7,com % 3 i, com
B (8) = ki (fum (1) T (1), (7)

R, ki FoRE UE,, O R AR AT R RE B R AL
TAES b, (t) FEAM B TR SR ) FTE | (6) Rt S5 i B L 18], s

FTy, pn (8) = ST5, 0 () + TP (1), (®)

m,m
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2.3.2 AHEILTEER

WRTALS v, () AEAMIESEITSE, B0 of, (1) = LBS, UE,, H26H o), (1) BIL LALLM E LBS. 1T
RSB AT AT 4, 1 LBS RS E I MEC R4 B0 VHIRIT % TAE%. UE,, B8BTS o, (1) 3
LBS {1 EAT AL ERAERES K -
v (t

T;;UII?BS (t) = ) (9)
’ R:;;EBS (t)
ER" s () = pim (8) TP (1) (10)

vl, (t) £ LBS $ATI BRI R] ST | 5 (¢) A& HPTA BT SRAE 55 52 T TR) AN 08 A% i 5 B 18] 0 B KA, 1
R

. J
v (t)Epred[v, (t)] i

ST,?;LLBS (t) = max { max {FTj , (t)} ,T:T’L?IE’BS (t) + AT, (t)} , (11)

Horp, AT (t) IR UE,, RI%& ol (t) N AEAE S5 AT IR E, w540

M= T a (1) ACH ] (12

i Lros meni™ @) T oibmo g wy=m
i (t) €aum [V, (1)] R, Ths (1) {on e ®} R (1) {oh (0 =m'}

Hb, g [0, (8)] FRET FALFZIUT . (1) 1E 07, (¢) ZRITHEMTES A, 1 NRREE, WRFLF {}
NE, W1, =1, W 1, =0.

vp, (t) EAEZ LBS Hil 2T 2 )5, MEC HR 55 SR SLH R IEHAT IZME 55 %€ X fups #n LBS 1244
RITHSREBEIR, AI15 ol (¢) 7£ LBS AT IS KT 120

) dt i
Tins (1 = ), 1

TAES vl (t) AR E] FT) | g (t) 7558 B i L 8], iR
FTjn,LBS (t) = ST:n,LBS (t) + Tfncﬁgg (). (14)
2.3.3 thENTEESR

(1) sRERAENTEAER. R FAES o, (t) £ UE,, i1H, B of, () = m/ (m’ € MEM(¢)\ {m}). LLAT,
UE,, 3£ T D2D {55 of (1) EMET NS UE,. of (1) KIEZE UE,, KIEHELHIN EMAEEFED 5N

; dy, (t)
THP2D () = _m , 15
N R0 %)
EyD20(t) = pm () T2 (2). (16)

TFAL% of, (1) 76 U, AT ETFERE I STE (1) H

ST:',LW/ (t) = max{ . max {FTj ; (t)} ,Ti’LD,zP (t) + AT, (t)} ) (17)
vin (t)Epred[vy, (t)] M m '
AT AL S TR ERR, UE,, REREHEBHE £, (0) 3T o), (¢), W o], (t) FEZE N B UE,,
ST ISR A FIREEE S 5 o
i,comp _ ;n t p:n t
Tm,m’ (t) fjn’m/ (t) ’ (18)

i,com i 3 i,com
E 0P () = foms (Frnme (8) Tl (8) - (19)
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TFALS of, (1) 76 U, TR RISEHAT ) FTE (1) A
FT:n,m/ (t) = STrirL,m’ (t) + Trlrf:)nrflp (t) . (20)

(2) WO ERTEER. W o (1) /£ NBS W5, B o, (t) = NBS,, (NBS,, € N2V (¢)\ {LBS}), UE,, &
S o, (1) KIEZE LBS, A1 LBS %% NBS,,, W] UE,, #H# ol (t) £ NBS, W LAEREFEN B, P (1)
€ L LBS 3| NBS,, F P BIMEHIE RN Rips s, W o, () B AR N

. , di
T, ()= T () + o 21
LBS,NBS,,
FAES i, (t) 15 NBS, PUTHIIIFFIEIS E] STY (s, (8) N
STfn’NBSn (t) = max { max {FTj . (t)} ,Tszszn (t) + ATfn (t)} . (22)

. J
v (Depredfui, ()] L M

YRS 2 NBS, Hi @7 % F 5, B NBS,, FLE I MEC IR% a8 / Be it B BHE faps, PATIZAES,
0 of, (1) 7 NBS, HIH-SER |
T:ﬁfﬁt}ggn (t) = dr, ;t) P (1) ) (23)
NBS,,

3, TALZ o, (t) 7€ NBS, JUTH BILEHE ) FT g (1)

FT}, s, (t) = ST}, xps, (t) + T;Cﬁrggn (). (24)

3 [O)RREIR
WSS 2 5 19 RGO 778 UE,, (RS H 8 A AR 145 145 sk 1), 500 F
T (t) = FT0IT(8) - e, =1y, (25)
ok, PTYmIY () FORBERLE AT 55 045 SR 1) (HERME 2516 A M B HH5E); 1qe, (0y—1y JUIT UE,, ZERFEE ¢ 1)
LSRR, 253058 AL TF 22 IR A UE,, BIIRZSHHZE R 0.

X EATEE R UB, HEEAE T E O TS AT SRS, DLACEN 3 755 I IO BUa e fn e #; 0 T
TN UE, HAEFE T 2R HALBE AL UE TS MITHERERE, W UE,, fERTE ¢ REFERR N

En(t)= ) [Efﬁf%“p(ﬂ'l{amw:m}+E37’55Bs (1) Lrai enimim)
Vi () EVom (1)

i, D2D
+ B (1) l{a%(t)e/vtf;f”l(t)\{m}}] Lemw=1) (26)
+ 0y > [E;;j?;;?l’ (8 Lpor /@:m}] L6 (0)=0.6,00 (=1}

m'eM\{m} vi , (£)EV, (1)

NZE MEC RS RIRFIIRCR, € UM ¢ AR S5 A B RE RO

EM L rma (£) T, (£) 20,60 (1) =1}
EE (t) = < (27)
S En(t)
meM

EE (t) T #ir & BALREFE 58 IR S5 80, WM UE 7ER IR ¢ X940 T2 RRAS, Beit, W& EF(t) = 0. 7£
BRI b, AT 55 Wk 55 N SEATRERY, ASSCE L MEC R GRS R ¢ ARBRAE 55 () R0 BR 8 F

Ut)=XA-EE(t)—(1=X)- > Tn(t) (28)

meM
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Forpr, X BRI SEANRERL AL EL AR 4L

ASCEAETARFPATRBLIR . W ARGS9 5 UE TR Am DR AT R BHR 20Tl el 54155 4
FEMFY « FAF 55 EVBSRNE, L& UE B ST D373 Be SR A0 TS B 0 O SEms, e KA R GUAE 55 A B R A1 1)
O A e AR A T

Gonp.f m—m ksl ;U (29)
st. gt (1) €{0,1,-- [V ()] + 1}, Vm, i, t, (C1)
al (t) € MERY () UNE (1) Ym, i, t, (C2)

Ty (£) < 7% (1), Vim, i, t, (C3)

P < ppy, (8) < P, Vm, i (C4)

Yoo D Fwm O L ey S B (), ¥my it (C5)

m'EMui (H)EV, (1)

HF, g = {gm () }yms i%x?%&%iﬁr“y%ﬁ% a = {al, (O}, ,, RETFEFEBWI: p = {pi, (O}, ,, TF
UE,, HHTNASBIIE £ = {Fi e (0. Fi e (O}, 2005 UE,, M SRRARIIG 2RI (C2) %
T%E%Rﬁaﬁnﬂ@umﬁwrﬂ&%w BT T IR (O3) FOAT 25 R 25 I SR i 36 22
5 LR (C4) R U [0 00 5 4 B HIAE S prmin RO piae 2 16l; 495 24F (C5) 47 UE 19
DLV R R ST PRSP (1), DRALIE (20) &AM B WS BB, I 4R 45 BB,
U219 g, o p A1 F ATLLRCRAL MEC RE A UE B K1 TRIE 5B 0T,

4 BRE

TEARAR TR R (29) H, BB B A 75 12 LAZ R G I P sl &Rt [RIN, 12 ) AU T VR & R BIR 2 it 40
X, R G T EAL AL Tl SR AR B A% B s e ASRAS AT AT R S5 PR . SR b AR 7 AR SR 2 R IR SR R
J7 THAEAE IR, 38 v] RE LR 58 fU 2R 280 S BT SEPEAN 2. DR, ARSCHR T — Bl T BV 70 2 R Re AR IR B Ak
22 ) BRI AT 55 T BB 4 5V (graph attention-based multi-agent deep reinforcement learning for dependent
task offloading, GMA-Dep) KUK . 155, KA B (29) ¥4k 970 A 2043 T A 5 7R RS v sk o 2
(decentralized partially observable Markov decision process, Dec-POMDP); 2R &, 45 H T GMA-Dep FIHIEHELE
ATESH J5 3

4.1 Dec-POMDP [a|giisE1k,

A (29) ) KKK UE ATHIFEREIRS . UE FRIRE . UE E415 BIRE. BIEIRE. MEC
MR 55 ER IR S BB RAS, AR ARSI L | TN A B 7 BOIRAS 1 5 P S BRURAS TE ok, BTH SR g 7 A
A ORBIRMER. R, ASCKIRIEIAL R AL N Dec-POMDP il @, Hrp &4 UE /EN— /NI, Dec-
POMDP A8 H—N T ({Onby,s {Am s Bo ), o1, O, RIREEEAR UE,, AU 23 [/]; A, RRE
REAR UE,, MZNETE]; R LR EG v € [0,1) RRATHT. BHelk UE,, B ¢ Bl — A0l
1 o4, (t) € Opy, IEIEFINNE an, (1) € Ay, BB ay, (¢) FONB—ASFARSS R EERIH, 4155 R FEBLHUIE T
1% an, (t) REIE A UE,, BT g, (t). 2805, e UE, 2T ¢, (t) PATEEIE a., (t), [FIRHRHE 2L
JiERE R IR BN v, (¢), TR ARRIIMELFL B —ARE o, (¢ + 1), BB BRI R H )RR R S0d H K
W fu, SRR RFREIIR 3, o virn (E 40+ 1) SRR 3T RE XA Dec-POMDP AN . B {EF14%

(1) ZAHIEG. X5 F BB EIERBE R UB,, (&, (1) = 1), 80 B A A O AL G A HUAT 4515 BARAS
ARHAFIERAS . AHAZE N UE B REIRS . RERSTZHRE. KREMSESRE. M T2H UE, WK
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noise Actor UE Critic UE,
Subtask a, * 4, Optimizer Optimizer
scheduling D% .
update 9 policy date p2 loss
mgdule - E P 9’"1 T gradient P On function
| (). Palicy network ¢ o | Polieynetwork g2
MEC environment : i 7] " Hon
bl | [t apaate || 24| 5 T o upate
e P 0, i Target network 6’:' i : Target network 93
W f ! H M
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(05.-00)
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> (MEEZE) GMA-Dep HEIEL.
Figure 2 (Color online) The framework of GMA-Dep algorithm.

i DLIIR S5 L. Ha b SR Be K UE,, ERBR ¢ BARKI o, (t) € O, WIF:
om(t) = { Gmlt), gms(t): G (1),
{Fu®), oo}y e om0 £ (0 b {200, }
HH, G, (t) N UE, MRS REE, OFF LS ERAE DR AL rmax (1), FAEE Z AT HBC R AR5
RN &, (t) & bit HERFTTHR R CPU A% pi, (1) FIFAESRA ¢l (1).
(2) EME. B (29) FIASE L) Dec-POMDP it #2, XFF BB THEE R GE1R UE,,, TERFR ¢

MIEHE LIS AR S 8 AR Be, LSRR BCatfE, Horb, v SEB00R 0 Be B Ah At v 55 52 7 e A
522 ) UE 15 KRB R TR SR . X T2 W UE WASKIGEE. ke L UE,, REE an (t) € A, WH:

(30)
Em()=1"

Am (t) = {azn (t) 7p2n (t) 7fﬁn,m (t) ) jn,m’ (t)}Em(t)ZI,Vi,m’GMi;LaVI(t)\{m}' (31)

(3) RpeR%. WIEMACH D P2, Z B AU FILILE) HArAE UE RS IELH T i KL MEC RS
FSRCHMON. Rk, ASCE SUE REMR UE,, FERER ¢ I3 R $0

rm () =U () + > H(mm™ (t) = Ton (1) - Lie,, (1)=1}» (32)
meM
Hrp, H (e (1) — Ty, (1) BB L UE RSB DN ER 5 BLR AL, roex (t) =T, (1) > 0 B H () =1, Fow
JI 55 I SEAE S I SELIR N B0 H (1) = —1.

4.2 ETFT GMA-Dep M HHHRFRIEE X

GMA-Dep FIEMEZRMIE 2 Fiow, Hrb, F4 UE BREAHIE ©—NEIER 858K DDPG RZA—4
TALSS . GMA-Dep 55K CTDE HEZE, 74 h s 0IZRIT B, 45 7€ B HEMR UE,, AT BT A A0
T 0, Actor IIZEHFARIE L HTHIE 1, (0m) RIEE ar,. HE, BHEVR UE,, K3ME anm BN TR R
B, TR EE RS B B BRI ARSI .. B REIR UE,, RIRFZIRF g, AITHRCEITE K BEUR 7 Beah
E an, 5 MEC MEEHTAZE, JFARE 22030 bR BORAF I ., [FIREREA LIRS 2R —ANIRES of,,. I & RE
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W FEALEN LI B T — DN EREAR, 2R BB E S P (0,0, a,7), o, o Fox A & Gk
MWE R of FoRPT A BREARLE T — DI BRIV o FoRPTE BRI BIE; v FoRIA R BRI 25, 24
Ja, 2T EER 1M % (graph attention network, GAT) [ Critic 4% MZ536 [RIGh gk 47 KkE, @ik — AN EH
BENE R BRI Actor PIZ8 RIXKIBNE, I G]F Actor W28 25 > I L SREE. 12Tk, BIR TAE55 M
P, FET BRI 5R 10 Critic %%, BLE GMA-Dep S IZRd 2.

4.2.1 FHESEEER

BREMR UE,, AR5 TR HAT AR 55 E BRI LMD 70 Be iR SN T 5 5 0 e ek SRS 3h 1F, R4 3h
PRSI TAEST AR, A 55 U AR HURYE 74 55 I AL BRI [R] A, DA A B SAAT IR0 AR 3R AT R LA e 0.
XFFTAESS v, FLACBER A Ay

i 7,com i,D2D i,com
T () = 550 Lai —my + (vam’ + T (t)) “Lan wemim\ (my )

, : (33)
(T AT Lo ey
HREAT: 55 Kb P 1] A LA BT HRAIOR &R, 38 LTRSS o), HITRBEIR S 40N
priority (U:n) =T! + max {priority (vfn)} , (34)

vi, €succlvl)]

Hrr suce [vfn] TR vl MG EAT 5. g vt B JG8AT5, W priority (vﬁn) =T:. RIG, XA FAT S B
FERSCRBATHEF, priority (vi,) B, R o} SIS, o), BIMEB/N, BT ¢ = |{j € Vin|priority(v,) >
priority(vi,)}|. TEBBIRIR, BTG5 Rt segitmn, B ¢f, = 0, ERUE AR SIS iR AR, B g™t =
V| + 1. X F2H UE WASHTHE ARSI FEIRE . A0 205 AE 55 B 5 22 8 Re A sl dl 22 > il id 22 Bk X
77 SR S AL, B4~ UE R R BT« THELEN R A4 0 TS IE GRS S MEC #14%
BEATAZ HIF IR [0 22 5.

4.2.2 BFEEEM Critic M4

TEHET D2D BEMIBLGI R R, B UHEERP UE nPE RS EEZE L2 N UE $4T. 2810,
T UE WIBEHUT 518 R 5830178, UE MRS 5 M40 MY 2B AR URHE. R, fEde i J RS
HIR A FL RIS IS, NARSE 4 ATH B APIRAS(E B, BIEMNHER UE (8 FISCBECR, LSRG A R W R T 5 vk
N, ACAE CTDE HEZE R R 3L T GAT # Critic &%, @it 3 2 AL H BB e 55 50 A U 45 0 48 S 15 s b
fiE, F9TETT AR SR MR S B2, 0, RG R I UE B REMR T B RH e B A M (VB E 3 BI85 4>
BC SN ) LA KAk R iU Rs, BRtk, 5 hnoevEdE 2 N UE 4T 8. GAT FIRFIEHRECAE /1 AEUE5RAL Critic X4 )5
WAMERREES), WA EME G T PHERTE, LAGIS Actor 48 AE U INFRE « o A 0 35 5 B8R 40 I
HEmE.

B MEC REGUIRASTE A RN FHEFRZS, ik, ASCK 2 UE 2 REARLE AN B A (4R E A4 i —
AMTLEFE G (M, E), H, M N UE Btk 4,; € ®o) UE Z[MAMES. W UE,, Ml UE,, HiAlER-R
UE,, fl UE,,, 75 4HTHBRAEK 71555 Wik UE & T2 WIRAS, WS HAD UE Z BAM L. 1T UE AE551
SRS MIBENLME:, & SHERBEATb. Paithe L —AN i € e A ET mES B, C M, Hi4 UE BHh

5T GAT ] Critic M4 RA UE,, MARRIMAZNEENE G HE m AT A IFERAN GAT W%,
e & BRI R TR (b, ha, -+ hag). BAEHL, GAT B 26HHH UE,, 5HAVE UE, (k € B,,) ZIEHER
TR, BARTHEN e s = att (W (0m, am) , W (ox, ag)), FH, att (-) RniEREJIHLG], & H LeakyReLU BRE
TR Z AT A S, W RoRF A SH FER IR e TR UR,, MEHEXHLATE UE, METZME. AR
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%8 UE,, M—Br&lfE (B A UE,). 5, KM softmax BRECHIERE REEAT A4, TH5EWF:

exp (€7n,k)

> exp(emn)

neB,,

N EINGRERERIRE T, SR 2 SKIERIHLH]. ARG —IEB IR HUR, Critic UE,, B H BRRE R
M L AMSLEHVER SR, Rom

B,k = softmaxy, (e, k) = (35)

W= by o ( 5 ﬁfn,kwth | 6)

kEBm

Horp || RoRPHEERAE; | RomERIRIF S . &), W 2 P, Critic SR (ha, ha, -+, har) I MLP M
2, &R Qn (0, a).

4.2.3 GMA-Dep EEiZ35E

EX p= {tm tym ™M Q ={Qm}y,, DR INITE B BRI Actor IZEAN Critic ERES, SN SE D HIN
o = {04 }y,, 109 = {069}, . XFT Actor W%, (ERE B REMA UE,, 181 SRMSAR LR 7 05T SR, SN B6 R A
T AR

X
Vou J ~ %Zvezum (05,;0%) Va,, Qm (0°,8"502) | o=y (o2, 608 (37)
r=1
Horr, X FoR NALS B30 H FEALAE KM R FEASE,; o FoRE o MEAR; Qn (0%, a%;09) FoRHZSHL 09
iR R S h X BE M E R AL
XHF Critic %%, % AEME UE,, I8 E/MEE K R E 77 X H6 S 4L 09, 0k AR R T

X
1 xT T xT 2
Loss — Y; (5, — Qm (07,a7:62))°]. (38)
Hot, gz =2, +9Ql, (07, @ ™09 ) | (1 au 5 i FNHISE 01 R B Actor M4 Q, FRHS
a L_ILW'L (077170")

B 09 MR EFR Critic W%, e, B e LLECE BT 177 U HT AR Actor W25 A1 H R Critic M2 112
H, AR

OF = GO + (1 — )0~ (39)
09 =09 + (1—¢)09, (40)

Hrp, ¢ ZoRHEHR.

S AINGLREF, 25T GAT ) Critic MZHE T MEC R4 RIS KT UE [R5 E1#H5 5%
W BEEnfE, B4 UE £5 2R EME R Q. FIVHG T SeBLAIS U R Hr. BiAh, UE B ReAAEIZk
B BORT 3L A AN 5 Z1EAE R, JFRIH] GAT MZ8 124 UE (B RIPMER R, 9846 Critic MEEHIRHMER R
REZT. A2 ST AR UE R 500 SEHTIN RER 78 70 5 JE LAtk UE RSN B B8 B 3, IR, 78708
R ZCIRSAR L A3 UE AL 28R 5545 5 19 sl (K n] F B AE AR 00, I e s PE S5« i [ 11 B v ) P R
THELSEN AN B YR 7 O .

MRS HONGEE G, W 2 Pos, 0 BUTHr B (A GELE ), B4 UE B ik A & 23505 401
IAE R, IR A AAARL Actor W45 RITT 34557 >) 2 H S EN B BE 7> i 3h 1. GMA-Dep H I ZRd f 0
S 1 BR.
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&% 1 The training process of GMA-Dep.

Initialize: the 6# of policy actor network, the or of target actor network, the #% of policy critic network, the 0@ of target critic
network, and replay buffer D;
1: for episode = 1,2,...,T. do

2: Receive initial local observation o;

3: fort=1,2,...,7Ts do

4: Each agent UE,, selects action a = pim (0m);

5: Calculate g by subtask scheduling module;

6: Execute a and gm, while observing reward r and next observation of,,;
7 Store (o, 0’, a,r) in replay buffer D;

8: for agent UE,, = UE;,UE,,...,UE); do

9: Sample a random mini-batch of X samples (0%, 0%, a®, r®) form D;
10: Update policy actor network by (37);

11: Update policy critic network by (38);

12: 0k = o0, + (1 — <) O

13: 03 =03 + (1 —<)0%;

14: end for

15: end for

16: end for

4.2.4 BFEZRENH

TR VNG B, GMA-Dep KR [A] 52 44 JE F BT UE ek p%cE M. IIZEE5 T BA RS
I E T, . N EREA SR X, LA Actor AT Critic MR SEFIATAE S5 BRI, XFT Actor 4, SKHIPR
JEATERE MLP, HHOPI RIS AN O (Mde,h®), Fo, d2, F1 he 53 27N (10 24 1 W00 248 P52 0 ek J = 44
X Critic %%, SR —2 GAT W24 FpRAS R ERHATRAESE I, JEFH W2 4% MLP fih Q {8, 3L
WINAIERE O (L (MdS,he + |E| he) + Mhen'c), Horh, |E| For UE RIS, dS,, he F1 RS 53 nll Fom
N4 JAIRAS — SHVE4ERE . GAT M A B 4E FE AT MLP HRRRZERE . KT 74T 55 R B A, 8 it a) 8 4%
FETEN O (M |Ey]), FeH, [En| 9 DAG AR5 IAEE. 45 F 73, GMA-Dep £E VISR 1IN 18] AR B2 N

O [T.T,X (Md3,h* + L (Md§,h° + [E| h) + MR°R') + T.T,M |Ey]] - (41)

BRI G, A UE B eIASET Actor WIZSFIFAE 55 T BERLEBAT B AE, FBT A1 24 BE O[d2 he+
|Emll-

5 fhESSHh

ANFTHEAT T 05 B SR5 USSR FT i GMA-Dep SEMIMERE, X LA,

(1) no-coop 1. no-coop A"HE UE [H] K& BS AP FTHE, FAT45 RAEAM B 480 LBS 115

(2) no-E2E 19, no-E2E AHE &AL FRIVHE, TAES RAERM B & . W& B LBS 5.

(3) no-End2End ¥ no-End2End A5 fE3 Rl THE, F4E 2% RAEAMIZ % . LBS 80 NBS 114

4) FE T LR B AR B B A 2 ST A AT B U S B (singe-agent deep reinforcement learning-based
computation offloading for dependent tasks, SA-Dep) 'Y, SA-Dep LA E BEAASELE T —/ DDPG M 4%
A=A FAES5 W AT, AR AU Bk 37 AT I R AT

(5) 2T 2 B REARTR B R A 2% ST A BT 55 11 S B 4 B9 (multi-agent deep reinforcement learning-based
computation offloading for dependent tasks, MA-Dep). MA-Dep 5 53T CTDE HEZE, 5 GMA-Dep ANFIFAZ,
TEANE Z BN ZRB B, MA-Dep KHI3ET MLP [ Critic M85 Q {4.
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T E VI A, no-coop, no-E2E, no-End2End 1 SA-Dep 5% Actor PIZ5H1 Critic P£$34%E T MLP |
Z%. no-coop, no-E2E, no-End2End (7T EIFAR N _E 5 MA-Dep FyEAFE, HAth 7556 4 —3K.

5.1 IEREMSHIKE

KA F KA Pytorch 1.13 MRFEZESITHESLAT Adam LA LI GMA-Dep FETA X HEE. BT SLiG#5:
F Windows 10 #/F 24 (CPU: Intel(R) Core(TM) i9-10920X CPU @ 3.5 GHz, GPU: NVIDIA GeForce RTX
3090) 5ERL. A MEC i H3saiE—4 LBS LAK 2 4 NBS, 3£f 5 4~ UE fEH LBS 7 %6 B N LR
o), FEuh P AN 200 m. W E FATELSIEN TN 20 MHz; D2D {5817 %68 20 MHz; (5B E AN
(d ()%, Hrh, d(t) NERHHAENLZ 8 KBRS, UB RS ohRJEHE % E N 5~33 dBm; v KR E AN
LW, 5 D3 BN —50 dBm. Fkuli 2 (AL HIE 21 B R 50 Mbps; 84> UE A FTHE R IR IR E N 4.5~
5.5 GHz, HAEERBLE N 10727 Wxs? /cycle®; MEC AR 55 #3768 BRI (L5 AT 2 BIAAT 55 B S S 5 %
BN 3 GHz; BB MEC RGEHUTHAIRAEEN 20 4, B4 MEC IR AFENE S 8 PR S 2KA.

FAS UE FERANIBRLAZECRN 0.5 IAZRI i E—A DAG {155, FARS KA EREN 6. AR
DAG (T & e E M Z AT S 20, DAG & RIS HEHE n, fat M density, FH, n #H] DAG E5 1+
R85, fat 5] DAG B9 EREE; density IEHIA MR, i EH FELHERNKEN n = 5; fat
density ¥IM {0.4, 0.5, 0.6, 0.7, 0.8} BEHLEHL; B4 TAES HIEHE & AN/ A fE [0.1, 0.5] Mbit 2 [A]; &EFl
R4 2874 bit T CPU AMIEII 21046 1E [1000, 1200] cycles/bit 2 [8]; FEAME S5 I 2B ZELE nx [0.4, 0.7]
s Z [BIBENLIE RS, W ZE R BERL IR E RECEE N 0.5;

XFF T 2 TR B 5 Ak 5 2 AR 55 B3R B, W B TR 7 v = 0.99; Actor MZE K124 2] %N 0.0001; Critic
W25 1) 2 2] R E N 0.001; 56 [FB0 /N 5 x 10%; AMEEREAEE N X = 256; BHTFN ¢ = 0.005; Il
[ -&30CH 4000, FANEIS I T4 100; TREMEZAE 1 x 104 M EEHR M 1 TR 0.05. £ GMA-Dep Hir,
Actor P4 R FH W24 H: MLP 2544, Critic %8R —ZBA 8 MNMEEJILH GAT, Hi B4 i B R
32. VERJINUHIR A H LeakyReLU WU B HOHIE B 2 AT AR 22 [ 2%, b SRR K50k 0.2. A58 W
JZ AR MLP iy 6 B S ENE. 5TF Bra St LA, Actor 4SS Critic M85 — RS HZ &%
MLP 458, FFEERENZ, BRIEAF S, LRSHKE LA ST BINE.

5.2 {HELZRFMMEREDHT

DI SCie RN RGN RER I EANME 55 58 AR A5 5 T HEAT 98AE, vy, IFRR ¢ AOAE S5 58 IR E SO R
B SEN IR UE 08 5TRIESK UE BUE 2, R B ¢ AR, ITE UE & T2 HIR
&, W BAESSSEME N 1. S E X b AR SARISE; 2R, 4l TR IR R AR AR
IE — RERBUE R A TR EUE, DURAERSS I SRR S5 S A0 AN [ A TR RE 15200,

5.2.1 BEERWEM

B 3 gt A FSIEN RGN RGEBHAE ST ¢ SR EREE I 25 0l & 08 in il Sod /. R Rl BUE
i, BEE 2RI S A g I, Fra AR R ] —MesE (. 5 AR HE SRR LE, AT GMA-Dep A
ALHITERE. no-coop TS REEfEA M B & 8 LBS 1H5. 281, 1T LBS R ks &, #0755
FUBEAEI T RREFE FROA B i HLUT S BT M sk (A e 4 H 5, DR, RGERUAME 5 58 R IR AR, no-E2E A%
A FVHE, BRI A T 2SN UE % E; no-End2End AR 2N UE BIBTIE, 10 R] DLRE4F 55 S0 2120
JE RGN TS, PR SEEIIAT RAR T T R G AMESS 5 . SA-Dep ERIRIRIIN K 1 i By [F) AN 320 1 [
THENLE], (HIZEE PR UE B RREAT A SN 25, 5 BUR REAA TSI ORI 2 A2 4 2 B B S I 3h
PEIE & HA R RE AR BB A S Y, AT XE L2 30 1) 4 Jo dee (0 A T S B8O B 7 BE M. AHELZ T, MA-Dep Al
GMA-Dep Kl T CTDE %3 HEZE, BRI HIE T MEC R G4 R RE DU LA ek (1 1 #sh
T8, AT FRe R 1 S8 o A [ 12 B o P s [ B SE 38A0 B J070 BE M. 4R, GMA-Dep SR GAT MIZ% SR EURT
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| no-coop no-E2E no-End2End SA-Dep MA-Dep GMA-Dep

System reward
System utility

R h
0 1000 2000 3000 4000 0 1000 2000 3000 4000 0 1000 2000 3000 4000
Episodes Episodes Episodes

3 AEBEZWHIIIE. (a) ZERE; (b) REMH; (c) ESTRE.

Figure 3 Convergence process of different algorithms. (a) System reward; (b) system utility; (c) task completion ratio.

| 4 no-coop no-E2E no-End2End — ¢ — - SA-Dep —¥— MA-Dep — * — - GMA-Dep
| Nno-coop no-E2E no-End2End [ SA-Dep I MA-Dep I GMA-Dep
525 20 1
3740 © |2 '@
z £ 2 Z 45 Sy
= 2 z 5
5 215 o) k]
£ 2 © 10 2 05
2 £ £ £
o 5 9] o]
<l>)‘ > ® 5 [$]
5 0.5 = @ 5
@ — S
I 5 =
10 w ot 0 0
1 3 5 7 9 1 3 5 7 9 1 3 5 7 9 1 3 5 7 9
The number of UEs The number of UEs The number of UEs The number of UEs

B 4 APREVHENTREZENZIE. (a) REMA; (b) 83 (c) RERIE; (d) ESTHRE.
Figure 4 Impact of the number of UEs on different algorithms. (a) System utility; (b) energy efficiency; (c) system delay; (d) task
completion ratio.

PrE SRR A MMER & RE R, AREEH 7 aEMEMA TR TE. 5 no-coop, no-E2E, no-End2End, SA-Dep
A MA-Dep #Lt, GMA-Dep W RFE R P AHTH T 52.28%, 32.53%, 34.66%, 23.11%, 16.45%, 1L55 56 %
SR RIARTE T 71.27%, 21.12%, 25.93%, 16.93%, 9.05%. HiE T AT EIE RN B A RO A 2 N R S L &
REEAT 25 ST R, SR B EAN R e 3 .

5.2.2 APREFHEMNTRE XM

NTBAEFTHREEAEZ I MEC S5t TR SERE 1, Bl 4 4t 7 AR UE 808 T & Rk kg

. skEerh UE BEWREN 1~9 A, HASHIS N 5.1 AT RERNE. WA 4 1T VR, BEE UE &
H4m, BT SR RGN SE R SN, BeRE 2 A, AR (28) TRAUHIE X, RGRH MBI BEIK. 54
FPARLE, AR GMA-Dep /£ UE ¥ P RARINKIRGRUT . BERL WEMMESS e . Bk, 5
no-coop, no-E2E, no-End2End #HLE, F&Fumids 2 45 s FTHE A MA-Dep I GMA-Dep 11488 BA & & gL
#. SA-Dep BIRMRH 7 247 st A H 5L, B 5840040 MSZ N ZR ) 77 ATGVE RN UE 3 R s 5O
R ELA TR E VLR, Rk, YEREAE UE BURBCRE SURIFEAIC. 5 SA-Dep #HEL, £2T CTDE “# SJHESL
MA-Dep I GMA-Dep #5472 HI 7 MEC 3535 N )7 SEEI AN BEIR 0 BC 7@, 117 GMA-Dep 4T GAT
R T RGURSMBEE R, Bk, BA &t kgE.

5.2.3 $PEEMBENTREE L MERNT

VEAL BT B EEAEAS R G0 AU N I Re LSS, B 5 45 TN A AR R Rk B S T & SRR I M R R I
SRS NBS BB R E N 0~4 A, HABSEI N 5.1 /AN ERAE. WEE 5 mTLUKEL, BT no-E2E A no-
coop BB % RN m 2 B AR, Bk, FyEH e A %2 NBS #E AL FI520. 1 no-End2End, SA-Dep,
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| > no-coop no-E2E no-End2End 4 SA-Dep —¥— MA-Dep — ~*— - GMA-Dep |
| no-coop no-E2E no-End2End N SA-Dep I MA-Dep I GMA-Dep |
S 2 9
z T|® g
= :‘E./ 15 e @ 8 o
= > - - s
5 2 /i/ o7 =
= 2 9 © =
o & / . £ £
® = / _ g 6 Q
> o - o
@« > 0.5 S 2 x
<) - (2] B
9] = o
{=4
w 0% 4
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The number of NBSs The number of NBSs The number of NBSs The number of NBSs

& 5 BEEUBENAEREZENEN. (a) REMM; (b) 8EX; (c) REMIE; (d) EETHRE.
Figure 5 Impact of the number of NBSs on different algorithms. (a) System utility; (b) energy efficiency; (c) system delay; (d) task
completion ratio.

[ no-coop no-E2E no-End2End — ¢ — - SA-Dep —¥— MA-Dep — —*— - GMA-Dep |
| no-coop no-E2E no-End2End [N SA-Dep I MA-Dep [N GMA-Dep ‘
506 12 | 1
L3 _|© T8 (d)
2z 3 2 10 s z
= 3 04 T ‘ S
> c o ® ¢ L ko] I
£ k9 © T 3 05
2 & £ £
2 T 025 — 2 8
w > - > X
) @ a
¢ 5 8
-10 w o 4 0
0 01 03 05 07 09 1 0 01 03 05 07 09 1 0 01 03 05 07 09 1 0 0103050709 1

A A A A

6 It — EERNERBMAEEENEM. (a) RAEHA; (b) BEE (o) REHE; (d) EFTRE.

Figure 6 Impact of A on different algorithms. (a) System utility; (b) energy efficiency; (c) system delay; (d) task completion ratio.

MA-Dep 1 GMA-Dep Ffid5 NBS HUE 3G, RAMTAERE 2 FEK, R RERRIME 2% 76 iR bl 2 0. X2
T NBS 2T & T RAM ZHUAES RS 6], UE 1 KPS AL T B BRI 21 AT
SR, AT BAAEC IR 55 B A 2 4% BB AE. AL, 10 5 BT, AN &I b RS (no-E2E A no-coop)
5% 18 EH S (no-End2End, SA-Dep, MA-Dep Al GMA-Dep) 2 (8] FIVEREZEBERE# NBS $r i
homsg . BARRBUANTTPME R NBS BB E ) BTt RS SRR AR S X PR T
Y EIVHE D AN . SRR EEAR L, A SCATE GMA-Dep 7EANR NBS #i= 3 B A &AKTERE.

5.2.4 BIRE — BERIINE R BRI R A MRS

I SE — RERBLE RSB T MEC RGUERIETERE S RERMERE 18] ROALAE, 18] 6 45t T I AE — BERBUE &
Hoof B SR VEREROREM. SR PN AE — RERIBUE R BB 0~1, HthSH I 5.1 DT BOAE. i 6 T
W, BEFE AU RGO, RO B B0 RE RS A E B Ry I SE T R AR B AR, AR SRAAE S R
SEANMNEE TR T RERL. (AU, RS RE R E AL AR B A A Tz B S Tt T pH Lty R AOARA & AR G S F 38 I AR
e RN AR, 3G LR Rem, fERERON L 5 ESIMEM BT, RGO BB E R g nmid s, 5
SEMESLIEAILL, ASCHT 3R GMA-Dep FVAEA RIS IE — RERUBUE R N I R A R A SR . RER WHIEAE

5.2.5 (T SERMER TR HEM AR
BRI MEC 5850, UE (i Bk B BN, oItk 5 5 F A SRR Sk A, 1 7 4
T UE RIRMESARRBLAON & Sk P AR, 9236 AR A UR 7545 NN B LB 0.1~1 BRI R —

A DAG 155, Hth S 8908 5.1 AP RIERIME. AL 7 Fral IR 2, BE 5 AR 5516 SRR A3, iy S
ARG, BERESS 58 R BIRE 2 FEAR, 0 AR SEIN A B2 9. X th T R G (0 ] BRI IR K A2, i 35
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l »—— no-coop no-E2E no-End2End — ¢ — - SA-Dep —¥— MA-Dep — * — - GMA-Dep |
| no-coop no-E2E no-End2End [ SA-Dep I MA-Dep N GMA-Dep |
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Figure 7 Impact of request probability on different algorithms. (a) System utility; (b) energy efficiency; (c) system delay; (d) task
completion ratio.

| ®—— no-coop no-E2E no-End2End ¢~ SA-Dep —¥— MA-Dep — ~*— - GMA-Dep |
| no-coop no-E2E no-End2End [N SA-Dep I MA-Dep N GMA-Dep I
0 3 20 1
—@ 3 15% () © | o )
S \ ) o 78
> & @ 5 1 £o8
= 3 = o S
5 2 > Z 0.6
£ -5 % ° 2 ‘
2 & € € 04
2 5 g g |
@ 3B & % 0.2 {
) ©
c [l ‘
10 w 0
3 4 5 6 7 3 4 5 6 7 3 4 5 6 7
The number of subtasks The number of subtasks The number of subtasks The number of subtasks

8 FHESZSHEMNNEEENTM. (a) REMH; (b) BEX; (c) RGAHE; (d) ESTTRE.
Figure 8 Impact of the number of subtasks on different algorithms. (a) System utility; (b) energy efficiency; (c) system delay;
(d) task completion ratio.
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Abstract The deep integration of artificial intelligence and mobile edge computing has become a key driving force for
realizing the vision of endogenous intelligence in 6G networks, where intelligent computation offloading plays a crucial role
and has attracted extensive attention. This paper investigates the computation offloading problem of diverse dependent
tasks in resource-constrained edge computing environments and proposes a distributed intelligent collaborative computation
offloading approach. Specifically, by jointly considering limited edge service capabilities, task heterogeneity, and execution
dependencies, we formulate an end-edge collaborative computation offloading and multi-dimensional resource allocation
optimization problem, with the objective of maximizing the long-term average task processing utility under service delay
tolerance constraints. To solve the formulated problem, a graph attention-based multi-agent deep reinforcement learning
algorithm for dependent task computation offloading is developed. During the centralized training phase, a graph attention
network is employed to capture critical global state information and learn efficient collaborative offloading policies, while in
the decentralized execution phase, each end user independently makes decisions based solely on local observations, thereby
enabling distributed intelligent collaborative computation offloading. Finally, extensive simulation experiments are conducted
to evaluate the performance of the proposed algorithm. The results demonstrate that, compared with existing approaches,
the proposed method consistently achieves superior performance under various network parameter settings.

Keywords edge intelligence, computation offloading, dependent task, collaborative computing, multi-agent deep
reinforcement learning



