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RE MEAEUHFFERAMRAEKRBESFEIN, FFABNLEITH (mobile edge computing,
MEC) kB A F ARARKAZELET R AR AR R, AT, EEEHEFHN MEC WL ET, T
B BAIR SR AR o 2 (A A K M A 3l 25 e 20 0 B RV R A ok T IR Bk, AU R £ & oE £ R P
MEC W& %, % 7 — M B e it R TR BH % 8%, Rl T HH0RKR, FEL .
i R p R E X RS RORawHFEA, &R HEARTR/AMCR SR ZK, BT1Z
A E— MR BRI LMK, AXRET —HETHERARNEN RS ERERLY
> # ¥ (graph attention network-based hybrid-action multi-agent reinforcement learning, Gat-HMARL),
W EEE B R E Z F . Gat-HMARL BB FER I NAHR T A NSRS Z B8 A R
Bl AR K, R R MR R AR R R AR T A W BRAE R, AT F X Bt B
R BB K. &5, HEEREH Gat-HMARL 5H EH AL £ A BRA

XA BHAEUHE, HEHR, FEIR, SEREELFI, HERAIAE

1 5|8

BBV R R R e, an e s U B a2 50 B A R ER ST B &6 B AR B & (1 S ARk
o, B AR T R R SR AR R S R Y AT 45 (). SR, R AR AN SR BRI BRI P R
REH R X AT 55 (1 T SR B 28 75 SR 2R BBk 1 56 B3 it 5 (mobile edge computing, MEC)
T TR T SRR R B A SR P N g G (7)) R PR S AR T BB MEC IR S5 48 HERURIE I
SO, W PRAC T AT S5 AL BRI AEFOREFE, FTRE 1 IR FH P B0 & DU A2 IR A5 AT 25 A BT SR S B (8:91. 4%
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M, FEHEHEN MEC M5, ToEM 4IRS 2% 1) 723 1R AH SR AN B A5 1 45 1o 280 ) v S 48 A
BEUR S T SRS ok T IR PR

HAT, BN E D4 MEC THELETEN TR 70 Be 5 ug Je IT 7RSI 7. STk [10~14] B
{E55 B RE B R G I REAE N H b, A FH A% G B30 0) S0 8 R0 B2 5 20 BC SR JEAT A, 2R, RS54k
T T RG50S R 58 B AR T 1) IR 8RB B, IXAE S BRI 2% o AR MER TR 1Y), I B AR i 55
o PRSI SE L SRR [15,16] BF5T 1 225551 MEC W23 8, M —AMECE T IRE
A5 >] (deep reinforcement learning, DRL) SiEM O REAR SR AZ HIHE R &R HIR, ik T
FES B [l /L AR, 550 A0 S BN MEC W2, R A BR 3845 BT YR SREL S (1 4 5k
AE BB T BAR, AESEPRINZS hIGVESCE. SR [17,18] BEAL T —Fh 2 R AR R4, K P 4ME
BEeAIFEE DRL Hk. H P AURYE B CJRERIINAE BAF i B EE5R, B/ AR /RS
FR. SRIM, HIEE AR AE 2R RE AR HEAT SN B A 58 BLIF AN W 4% > S35 B S SRS IR, TR Reda
KA AT E (1), I FLVE BV e 23 AR

BaE N LR RESERI AT R R, SCHR [19~22) F1FH 2248 REARUR LA 8 1 SIS B I 5002 (multi-agent
deep deterministic policy gradient, MADDPG) A & fif ik 2 & etk RGP AFAE M 0] . MADDPG EN
—Fh oA X B Re AR AL % 2] (multi-agent reinforcement learning, MARL) 577%, il ik 7E VPR 58 M 4%
HGIN T HAR R REAR UG S, (R B A7 ST I PR AR AT A, (£ R 3 ] I i) 2 8 fe ik R4 T
AARGRIE I PE. Hodr, Wang & DO #5077 —Fh I AU BI R MEC 2244, JF3£T MADDPG #2111
— MR ) SR TE AHVEHEAT O0AL, S 1 F P SRR A7 B8R O AL A4, BRI 7
(R AR REFE. Chen 55 200 BIFFT 1 3 9 I S W FH (AT 55 0 R0 B VR A0 iC 77 &6, 25T MADDPG 2 T
— P RE R AR, BRI P IRERE. Huang 25 PU BFFL T 220510 MEC W48 375 T EIH0R
BT X [A) TP bR, B 7ERT A 20 5T B K PR BE /D R G e #E. Peng 45 (221 B 5T T Jo A4 Bh ZE B
(22 EBTIR T IC, 4% M AR SR Oy HATE BN BRSO o BOAR B BE U, v 17 P BT R L. SR, Bk
WS T MEC /2% rhig 78 1 25 [RAH S, P Rk 200 _EAT A fmd R A T AR i i To 42
BEUR S LSRN, 16 5 XAl H0A ¢, HLEE BBk it Bk IX 6] - HbkoR. DRI, 7E @ v B E EOR 555 7
T S B, BT SV A AR JE il 1) T 2 WY 28 IR A5 R

BEXE BIR PR, AT TR BRI M TR G s 2 A se ik Rk A S L (graph
attention network-based hybrid-action multi-agent reinforcement learning, Gat-HMARL). 1% 5754 3
W EAVER BRI, 235758 MEC REMIALILN SEMBERE, X EIRE . EAT AR5 BT VR T 5 R IR AT
B ife. ASCH) T oTmh a4 LR JL A

(1) & 7 AR Z H T MEC 375 T EIEGRE . (S8 ZhaA 7 BoA v 5 58 I 7 Fic (1 1
B, EERIELR N e/ MU R SEH RE

(2) %5 RE& 27 A 3R B HAR 2> FDWLIN ) MEC R85, K65 DL A A A6 2 23 A1 2K B8 2 vl L =5
IRA] KR ILFE (decentralized partial observable Markov decision process, Dec-POMDP), & Gat-
HMARL SyEXH KA. Gat-HMARL fEVEIE K M4 H 5| NEIFEE JIM 44 (graph attention network,
GAT), 53l 7 e 5 1t Sy &4l A LA R Sl R TC 2 I IR A5 R, 4248 MEEC W 2% T 7E 1) 23 [F) AH 5%
P, AT 27 >0 BEIE AR SR 2 IR B 58 7 T SRS

(3) WA ERAE T Gat-HMARL SHEAE 250G 2 F P I MEC P28 5 N BB RS, AT
FEERE, Gat-HMARL REf87E I ZE 251 T SEIL AR R REAE, RN I 35 4 AT 55 1) Se L.
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1 (MEMFE) RERE

Figure 1 (Color online) System model

2 RpEHE

W 1 fiR, ACHEE—ANZHYE. ZHPH MEC &4t 2410306 N MELE T MEC RS
RS, BN = {1,2,...,N} N3G (base stations, BSs) A, € X M, = {1,2,...,M,}
N BSn e N B FEIHF (users, UEs) 6. KK MEC RARINHEHECA T MNMKEM
MR, HES T = {1,2,...,T} £R. £t c T WL, UE m, € M, FFAEMRTEATSE SCN
Vm, () = {dm, (t), Cm, (1), om, ()}, e d,,, (1) BRI EARS IR, ¢, (t) FonEE bit (EF T
CPU J&IHEL, SAA cycles/bit, om, (t) RANEATESS B RS DN GE. A3 BAT 55 2 A 1] 73 EI Y,
UE N5 RARSS AT IR AR RIAT 12 AT 55, B KA 55 AR BN 3 B FLub AL ) MEC IR 284047, €
SRR R oy, (1) € {0,1}, HAF a,,, (t) = 1 F£/n UE EFEHEAESHE T MEC IR 544
1T, G (t) = 0 W HRIR UE EHEAMBPAT IHEAESS, HUELA1S BS n T UEs HEEIRKEEEEN
an(t) = {am, (t)|m, € M,}.

2.1 REER

X UE G FRT 5 #1408 MEC IR45 48 A0 BRI, £ 2508 3 AN EE: (1) @it TRZE AT 55 K
EAER] MEC iR554%; (2) MEC HR 55 %% 00 EA% BAESS 20 B B T SR JS2EAT A 3 (3) MEC IR 55 2%
FEAE PR LS FRICZE AR . T E A5 R 0 RN ad o /N T4 N B s 1 KD, R A S 2 1
3 By B AR IR B SE RN REFE (231,

RYRH IEAS A 4) 2 1t (orthogonal frequency division multiple access, OFDMA) ¥R NZ 4~ UE
PEALIR %S, FEANNX e 4 E AR R IE, KA — BS FAHE UE Z AT P 215 204G ], [Fe
W ERE/NX Z B SAAETI, BFEEIE R BSs X A FHEss. Bk RaLE K MEL IR L
TIEIE, EX K ={1,2,..., K} AEERES, BN TEEEmMW TN Bo. X g8 (1) € {0,1} N

415



R AR B o A 3R REIA S v S E BN B 0 e

UE 518y Bk sS4, o g (1) = 1 ZORTE ¢ W% BS n 4 UE m, 2BEE & F TR, &
W g% () =0, HIELATTE BS n F UEs MIfEE AL R RIREN Bu(t) = {Br,, ()lmn € My, k € K}
TEALSS EARSERGET, UE m,, ¥ —HE (G EE k. R LA E X, UE m, fE51E & ErA 20 EATEH
RN

P, (D11, <t>|2> | ey

", (t) = Bolog, (1 L=y 1

Hrb, p,, (t) R UE m,, FERZ ¢ BIRIETNZS, BE , (t) R BS n Al UE m, [ERIBE(EIEE 5, o2
FORMEF DA, 1F(t) ook B HAM/NX T, By
2

Y=Y > Bh, Opm, O, @) (2)

n’eN\{n} m, €M,
2.2 AHbitERR
Y UE B BT S EAR A EERS, BI o, (1) = 0, UE K AT S 9 B A Mo i+ 5 %23 DL 58 AT 45 4k

B, 52 floc (1) 9 UE m,, SEAIES KA CPU HHEHIE. 15 o, (f) BIAMTERER 5 UE
my, E5 CPU HIREERE )7 52, TR AT LAR B 55 A Hh 1 52N ZE A

dpm,, (t)cm, (t)

loc _
="y )
UE my, A5 72 [Ny 20
1€ (1) = i, (£15(5) "TIe (2), )

K, ki, K5 UE m,, 7 SRR SCH) A 2 RE B R HL
2.3 WBGITEIER

2 UE my, EFHHEIATI, B a, () = 1, £S5 TCLAFE LS BS n ALK MEC R348,
IFH MEC R55 8 PATIZAESS. R¥E 2.1 N IEEHRR X UE EATBERSALHE R € X, LIS 2

EAEAESS pn, (t) PHAERIAR RN IE
A, (1)

T;{:ns(t) = rk (t), (5)
UE m,, FARAES A 015 REFE N
B (t) = pm,, ()T (2). (6)

RS BIE MEC IS5 445, TE 0 RAF RS 4% 2 AL BLER (OPERE, A IFAT THEL 05 SRR 55
IrBCZE A R ERRE R BEAT AR B, %€ SC for (1) MRS 45 /M Fe4a 4R35 (1 CPU SR, [k, W LIS

FIE L5 )+ B 7
A, (t)Cm,, (1)

Tﬁif(t) = mf%f: (t) ) (7)
MEC k&5 83 AbFRAT 55 P2 A2 BT H R REREN
ESO(t) = & (f35 (1)) TS (1), (8)
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Hrp, &, R BS n Ak MEC 55 405 7 SRR AR R IO A R Re = R 4L
gk BRIR, nT AR B E ST 0 SN E Sy

Tolt (t) = Tp2™(t) + Te(t), 9)
EVEHAT L B RERE N
Epn () = B (1) + Bpie(t). (10)

3 |o)EmEE

ARSI H br R AEANBE AR S5 o KA B I SERI TSR 26 4F T, S/ MER SR RERE. 3 i S 14
R FIE AT ThE I OSB3 e (BB A DAL ) R A SEELAAL H . AR B A AL ) R T

P1: i E = 1—a,, (O] EY° () +a,, (t)E°T (¢ 11
Join ZZ Z [1—am, )] By (1) tam, (t) En,, () (11)
teT neN m,eM,

st am,(t) € {0,1}, (11a)
By, () €{0,1}, (11b)
> BE ()<LVneN,VkeKVteT, (11c)

my, EM,,
> Bk (1) <1,YneN,Ym, € My, VEET, (11d)

ke

T < o, (£), Y1 € N,V € My, VE €T, (11e)
fioe < fr(t) < fi05,,Vn € N,Ymy, € My, VtE T, (11f)
Fola S Ik (1) < for ¥ € NV, € M, Vit e T, (11g)
Pmin < P, (t) < Pmax, VN € Na Ym, € My, VteT, (llh)

H o= {a,(t)n e Nyt € T} N UE HIHRKEENES, 8= {B.(t)n e N,t € T} N UE [ZiEH
B SEZ BRI, p = {pm, (t)In € N,my € Myt € T} N UE KIEDNFHEIIES, pmin M pmax N
R B MERIB K. £ = {f1°t), Fo5 ()|n € Nym € My, t € T} NP AMA MEC %5 %
ARSI R IRIEE S, floc, Al floc SNH P A CPU AR [ S AIME AR RAH, fof A foff oy
MEC k45 #% CPU S (¥ e AIME AR KRR Tot! S 58 AT S LB I8, Y a,y,, = 0 B, Ti0tal = Tloc (),
My, = 1B, Tetel = 7o (1), ZF%& AR (11c) Ror BS FIAT— (518 R X g fi s — A P,
{0 (11d) FRRBA UE RAefH—AMEE L AEES%.

AL A P12 — AR AR IR 8, H e B PIRESE BAE A N 304
MEC 355 Hi i LSRR, AL GE0 Ak S AR A et X3 1) R AT SR AL, 0 A 3 45 S 288 R % 9050 4 . ) A
BALIRA K (Markov) 1, FIEASCE H# P1 #4H—1 Dec-POMDP, ¥R F ik M E— A% he
s, FIF SR ST B TR . 25 RS 3 MEC R85 %8 2 TRV E 1) 25 B A S 1 X 0 bk e A B2 ) AR S 4
4 GAT Al MARL $&HH T — 4R3I A 1 22 5 Re A a4k 2 2T B SRR 1] RUEA T SR AR

4 BHE
AT T — R T BRI M IR & a1 2 B e R 1 5 (Gat-HMARL). %%, K
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I P1 AN Dec-POMDP. HR, 451 T Gat-HMARL SyER A& 1L FE.

4.1 |o]RREE(L

KCHEANBCA MEC RSS2 M HEh A — AN B ik, BR 2 MEC MZSIAEE T & Refh T8
IR IR S BOR S AE R, #U6 A Dec-POMDP. %33 F2 7] LU TG (S, 0, A, R) #H T &R, Hirh
S NARRAE DA, O N BRI 2 M4, A N BRIRIBIESNEES, R NEIREL. 75 ¢ i)
Z, BRI n WIRBE s(t) € S FRIFMIMNE B 0, (1) € O, J5, SARYEIA 1 SIS e B #0325 40 L 3h
1E an(t) € An, FHFSHBEIATAC B B SARYE A & RIS BNE A(t) = {a1(t), a2(t), ..., an(t)}
AT —ARE s(t+1) € S, ZE BRI ISR B 2L HIE 7, (t) € R, FINTZ] ¢+ 1 FM
MWER 0, (t+1) € O,. JTLHFICEM EfkE L F:

(1) RBOIRAS. 1 ¢ %, REDIRS S T FrA P AT %5 B A2 I E &GRS, 3
BOIRES s(t) € S BARATRIRA s(t) = {p(t), h(t)}, HH ¢(t) = {¢n(t)|n e N} FRFiIE UE KIMLS
SEMES, BEESEIRE d,, (1) & bit (ST CPU L ¢, (8) FUESS BRI B 4E
Om., (t); h(t) = {hn(t)n € N} IR BS n € N 5 UEs Z[AI¥BE I (58 1 25 (5 5.

(2) M), £ 53 Af 2R 7 AT W) MEC P35, ¢ 208 GEAR n 3632 20 )= 0045 B AT A
TN 0n(t) = {Un (), hn(t)}, o (1) = {thm, (£)|mn € M, } FoRFENEEFIEHE T UB AERMHHE
EEHEE. ha(t) = {hnm, (8), hnm,, ()M € My, 0’ € N\ {n},m, € My} 4 BS n 5HEEF A
UEs (MBS B 55 G, 7T Ll n @i FE M TH3RS, Koy, (t) 8 BS 0 SHEHEET
) UE m,, € M, Z I8 HIBEAEIEIS 55, hp, (1) 78 BSn 5 BS n/ € M\ {n} BHHVEHET UEs ZIA
(1 B P {5 T 1

(3) ZNEZS ). ARARALAL I P1, ¢ B 2B Refk n DR AMEL & T EIER . (S1E0IC . BATHE
AL DR AT R R IR G 4 FhEhE, BARRTARIRN a,(t) = {on (1), Ba (), pa(t), fu(t)}, FoH an,(2)
FoR BS n F UEs [EIERIREES, B,.(t) s BS n F UEs ([SEDBCREES, pu(t) B2k BSn F
UEs B EATHEBS LTI %55, f.(t) £8 BSn T UEs P EBITHEBRES.

(4) 2JRhRREL. B ReAARIE I 2l R IR N AR 2 >0 e A S T R D 2 R B ) T SRS
I 2 R B ) T R S R E AR R A, ARME LA R P1, R RRAR IS ) H AR R TERT B2
MR, BMERGINRERE. FTLL, K RGO REFEI AR OB E 2 ih s T e A, TR 25 7 TR SR 2 I
TEELSR I BEARERANL . R Re A n IR BT 2UR S

rn(t) = —En(t) + Qn(t),

Hrb, Q) = 02, can, H (0m, (6) = Trw(t)) o v S 3O 5 70 B tR 52 1530 2 FH 7 (1 28
BOR, H () NEBALIEREREL, n N REL, 25 AR B ERE, Q, (1) =0, BN Q,(t) = 0.
4.2 ET Gat-HMARL EZHITEEEMNE RS AL RIE

NFEPE MEC WX 2538 75 10 2 (0] A0 2 1 3845 5800 B T S 20 R0 55 305 0 T SR m, A2t & GAT A
MARL #2H 7 —f Gat-HMARL 53k fi# ik iR Dec-POMDP 4], Gat-HMARL HyAZe & 2
iR, A EE—ANEE THE A - TR MG AR, HBERZ 5 FE S EiaiE (&
WA R FIE ) SESENE (ShR AT EIRAL), KIS R MR A TR S S HuES:
eSS LS I S B IR B PRE A A0 b 2. IR, FEVFIR KIS RN T GAT, 5| 38 gefi ik £k
b DA AR 3 HAD R BE AR PR ASAE B, FZIRTE AL 00 25 (A A S, 38 ot B ide sh VB - O HERf 1. ),
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Update ‘F | o'
GAT-based ‘ GAT-based o
critic } target critic

|
Agent n i
|
|

Mini-batch

9 = o o
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<1
=]
g
e}
el
o
0
2
[ed

%}

=]

=

[=1

=

o

&

g

a

Environment |

|
e, | L —— [ e
T |
X, Softiupdate X, |
e Target actor | Experience
777777777777 | replay buffer
| O, =y Oy
- - -  _ __ ____
| e e
:_Decentrallzed execution | 1 > Gy
| | X5 5o Xy
| Embedding table | B Ty
, '
| e u | 9 s Oy
n
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Agent1 | ... . & Discrete - | AgentN NS
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Continuous action !
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-

2 (MERRFE) BIERM

Figure 2 (Color online) Algorithm architecture

B Re MR AR QN ZRA AT I SRR BEAT 5 2] FEAE I ZRINT, B RE AR AR50 Im] it o e /Nt
R T5 SR B B R A, A X L Bl 4R T I S BT S, i) B — A
DCERT TS SE BRI B Y 7 I SR s A 0 AR PAAT IR, B B A (S 5 AR A EL JB s ML A5 2R =24 i F) SRS e AR
S (R SE AN B ) B B 1.

4.2.1 EABERBUEENEHRD

MARL Syl s 108 — 2R B s AR 2= 8], XFFIR & sh 28, & W77 UK IR & 3l 1E
2% [ 368 3o e 481 B A A A MR TR R BRY ( s/ 2 ). 4R, B B S s 2 5 B0 Bk 5 1 s B
R BEE SR B B 2FR K, WA E T30 R 1) 1) . [RI, E SeAb B B sh 1 &7~ 2E 4y
B bR BN A 723 18], AT FE I AL R A 77 THT e SR AN R PRI AE . DR, K VR4 3 4 2% ) 4 B b i AT e 1k
HABEMARA - v e 25 B SR A 2.

A SCEL A B WA ER R S AR, FEEH g MESSEO LT RoR, S BB 5 i
BENEMN G —. B BRI IR IS B ERT, S A S T ¢ MESLSHIGID B ENE e, BT AR
3, RIS RIS HEE w. WAL, BT ESENME o 5B EBENME o Z MAZIERMIE, BHahiE B e
5 S5 IHANRIM S SE WA Rk, than, AR T FIEN ST 2 B v S B A X I . BRIk, %
BeEh(E AR B BN TERG A G PR AT L, A BESRAS AR Y R ok

TEZA RN, BHEER B SR8 FC 2, SRR I B A P T RO E AT B F 3
e, TfEE S B LB K Fshie. Rk, ARIEShER R A1 B IR R 1 RE 92 Hoh
g1 Al go FRORBSHUANVE S LT T S S BN B, T8 51 45 (1) BRI an B 3(b) FIw, T8 53 I 4%
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Discrete action encoder

ek
h, GAT h ‘ 0| Encoding
e discrete action
Oﬂ 0¥ 7

x 9, e i

v A Continuous
o Y Continuous action action
TP zf decoder

Continuous action encoder

@ (®)
Bl 3 (MBRFE) B - TFIERMBRY

Figure 3 (Color online) Actor-critic network architecture. (a) Critic network; (b) actor network

K Je LI 2 i N 2 B BB A G B I 2% R SR B 1R A I 2% ), 13 Bt B BEh AT e AZmASIELLS)
Y& 2. ZJa, ¥ RAMMME B . gl B B Eh 1 Mg h L s A — A4 N\ B LB 1 AR A I 25 vh | A48
ZfE @ R 20 R SIS S B B VR BB O AT 255 25 18 . it g i B EEh 1Rl 5 (12)
77 G H B IRAR P HDESSHEATR L, Rl 10— S B AT AR VR 9 0 R B a1

u = arg min [ley —efl,. (12)

4.2.2 EEEHMNE

TE2 B2l MEC M85 T, MEC WZ8IRAS (A FE B T AE IR 2 A AH DG, JF HLER B5#kis MEC iRk
55 4% 6] B AH ELAE FHBR SR, DA 3RAS SO0 ) v A5 2B 5 R B 20 TG SRS, R R A AT 126 R 1k b o 4T 3 R
fib B B A R RFAE AR B HEAT B, 4248 I 78 70 M T AE I A AL AH DG 1. AN SOR: 2 8 Re AR A S5 A 2y —
MERE G (V,E, A), Herpr V FoRim i RS, Bt 8 A B — N RER, B R BIhargEa,
A B AR R, R RER n AT S, BRI o T SREEE 0 Z RIS E Y 65
Py, YEN 0/ BTSRRI, SEREAE PR KN ZS RN GAT, FRPOG HoR B BEAR T 870 8, R4
ZRBONRHIE S BT 3G, 5l 2R REAE 1R b B0 A1 JE 15 s AR B, 252908 78 1 2 A) A 5%
P, X I B0 E 4 1 SN TERR B0 PPAR, 2% ZER T 3(a) P,

BARME, BHetk n SEBAE o 13S0 RET USSR R -

enn = att (Why,, Why,) , (13)

Horr, att () AR B IHUE], WXt L AT 2 IR RE FE, VER I REL e RN 0/ BURFIEXS
TR n BE B, A RUARE T R LU AR JE T RURFIE AN, (A3 E S ) RBORARX AR R, E
nnt # €prn. JVETART A HEL, € X F, N R n ABJET AR, Ea o R hAEH
e A YuE, AR (14) B3 2 ) REBOHEAT IR — L, 1520 N S IE 6,0
B exp(enn’)
B Zfe]—‘n exp(enf).

N TAE BER IR RN E, K2 kiR IR B T sl R IR R R
LA L, GBI (15) BB BEAR n 80 L NIRSZ AR R N R & 9T AL RO RFE [ B hat:

hérlltt = HlL:I g ( Z 5£m’Wlhn/> ) (15)

Onns = softmax, (epn’) (14)

n’eN
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B3 1 Gat-HMARL

1: Initialization actor networks 7 and critic networks @ with random parameters 6 and w.

2: Initialization target actor networks m/ and target critic networks Q’ with parameters 6’ < 6 and w’ + w.

3: Initialization discrete action embedding table R2Xgl and RKX92

4: Initialization experience replay buffer D.

5: for episode =1,2,..., M do

6: Initialization state sg and local observation O;

T fort=1,2,...,7T do

8: After receiving the local observation information oy, the agent independently selects discrete encoding actions and

continuous actions e,z = my(on) + €, where € € N(0,0);

9: Obtain the discrete action u by decoding e according to u = argmin,/¢y, ||eys — el|2 and execute (u, z);
10: Receive the reward ry, from environment and the local observation o}, of the next state s¢41;

11: Store the experience {01,...,0N,€1,...,eN,®1,...,EN,T1,...,TN,0],...,0} into replay buffer D;
12: for agent =1,2,..., N do
13: if Number of samples > B then
14: Sample a mini-batch of experiences from D;

15: Obtain h2t* through processing h,, by GAT and update Q., according to L(wn) ~ %(Qﬁ" (o, eb, xb) —y?)?;
16: Update my according to Vg, J(mn) = % > ven Vo, ™ (0%) Ve, o, Qu™ (¥, €, xb)|en,,zn:7rn(0$,,);
17: Soft update 6’ and w':

0 710+ (1—1)0
W= Tw+ (1 - 1)

18: end if
19: end for
20: end for
21: end for

Horb, o RARZME AL, || FoRPHERAE, | FoRER NI . 8l B s, B e ik ne
i AR A0 B 11 22 TR AR S A A B P 5 R EAT SR, I JE s TE RS ., X SR 3R AT A R etk A
M AESRAT B BeRELE £ AL I Zh AT

4.2.3 Gat-HMARL B E:RIE

FEATPATHIN B, 3T BEAA n, CEERNI 2T AR IR AIABEERAS 1 = EIIEL o,, %a0 N\ 235 53 A
25 Y O P 2% S IRGEAZ A 55 2 1l IS RS g, 0 tH A B BRI e, HIELEENE 2, €, ZAF
B 5 SRAG BRI . B REVRPAT BTk sh A F S I REAT A T, 45 2B B 2 oy, AT —
AN ZIERIAE . of,, RIS B B REAR 2 R PR A Bl A2 N B8 RIS R R il — NI REAS, BAR T 3R

ﬂ—\‘j\j {01,... ON,€1y...,EN, L1y y INyT1y-, ’I“N,Ol,... ON}.

FESEFUIZRRT B, B AR n A BUBGH FHBEAT KA, RIS EREANE R, RIS 78T
B BRI 2 B RFMIAE R 0 = (01,02,...,0n), ﬁﬁ%FE"J%HﬂIZM’E e = (61,62,...76N) Gibes
BAME © = (21,20, 2n). AXFARE AL & 14&97#%{&1:.,“\ AT BF I, PR K M 2R I8 I

GAT X7 RS B Ry, Jﬁﬁwﬁﬁcﬁéu Ratt FEARTE hat o, e %u o R BERTE I R Brik 3
VEHEAT VRO, S PPANME Q.. 8 I BV B IALEIHE B AR EE ) PR 5K X 48 25 1 # B n 210 38
FERB REAR I R EL MG B, SRR Retk n A RS S, By i HER e, Bk p) Bk m AR
HE 1 PR,
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B REAACE I 22 58 BT R BEAT N R, RIS B AT TR SRR AL HARRORR L. A
T = {m,mo,...,an} M Q={Q1,Qa,...,Qn} 7 HIFIRTE AL MPFR KNG, MNKSHH 0 =
{01,0,...,0n} Al w = {wi,wo, ..., wn} AT, 9 7 IR A v i R R, £EATAR LT BL el
XL HARRI 4 7 A o' IS IR, T8 5% X 2% DL KA SR E e 80 H b ST W 2%
4, B RoR N

venj(ﬂn) ~ %Zvenﬂn (Ol;l) va TWQ (Ob e’ xb) |en,:cn=7rn(o§l)7 (16)
beB
Hrr, B R WA OB H BEVURFERIREA SR, b FRRFEARIIFF 5. Qun (o°, eb, a?) EBNENME K
. VPR KN g i B/ IME R BR AR IR K R ECE BT S8 w,,, TR BRBRAR TR IR A
1
B
p =@ (o) | gy (18)

b,y RITHIE T, o 2 FARE R4, QU (o, ¢, 2/%) NEAMIF RN, BJ5, Bz .
Q' MZH 0! Al W, Hui%%%ﬁﬁ’]ﬁﬁﬁﬁ?ﬁh Eﬂ 0 =710,+(1—7)0, M =7w,+(1—-7)w,
H - REPE.

L (wy) =~ (Q:” (ob,eb,xb) - yb)Q, (17)

5 hESSH

AAE KB B SLIX HET Gat-HMARL [ THEEI R TR 70 Be SR WS R P BEEAT T 50E. &
2, VR T SR E. SRE, K Gat-HMARL ITERES T4 3 RhIEuE 5 e st . 2205
B REFEAUE S 5 e b AT LG

(1) DDPG M7 A AN HE 35 70 73 A/ E — AN Re A, B Be AR SRR B O s S WA B 7 2% 5] 5
W& I ST A B, SR REAA Z 1B o1 B AT .

(2) MADDPG 12U, ¥R a3 73 51 M E — AR Re ik, B RER (R L = — AN 38 [l 7EIZRB B
A3 I 22 56 [ i IR R A R BR AR S B, RIS Bk AT 5 2.

(3) HMARL. B REAN 5355 73 75 A E — AN R Re AR, i VR & B HOE 83 VR gr D A Hxt /R EAT IR HY,
[ ) 8 B A () e 52— AN R IG [ ity 75 IR B nT 38 5k 28 56 [ s 3 B 28 A B e Ak 1045 2., I
ZAE BTS2
5.1 FESHIEE

ARILHEFEZFLIER MEC M28375, 6 MNEUFEAL /A 7E 1000 m x 1000 m [ XI5, 55078 55
VBN 200 m, FEANFEGE RS 5 AN 51 AR AR R s Ve Bl R . B EIE R by, (8) = d72,
ﬁﬂiﬂ d R EH T UE m, 5 BS n ZAIMMESIEEES. 4% By N 20 MHz; 3L 8 NMIESRE(E

T8 H A s, RS IR Ny N —20 dBm; 2205 250 n W BN 5; F P AL TR AE 13~33 dBm
Z (81 FH P A AT A5 B S 15~20 Mbit 2 [8], $UUTHE bit BN BT #  CPU FHIECH 700
cycles/bit; 4155 W B KA BT LELE 15~20 s 2 [0]; AHh CPU SR Ju A 100~1000 MHz; MEC AR 45 #%
) CPU SR N 2000~10000 MHz; ASHWE REER REL K, N 10710 W - 82 /cycle?; MEC R4 %%
FIARRE R R &, N 10720 W S2/cycle2; B BSn 5 BSn ZIEIHIREES dpn <400 m BF, AR AR
AW (n,n) MAEEERN 1, BN 0. BAESHWRE 1 Fios.
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Table 1 Simulation parameter

Parameter Value Parameter Value
Channel bandwidth: By 20 MHz Number of orthogonal channels: K 8
Background noise power: Np —20 dBm Reward coefficient: n 5
Transmit power of UE: py,,, [13, 33] dBm Task data size: dm,, [15, 20] Mbit
CPU cycles for processing per bit: cm,, 700 cycles/bit Maximum tolerance delay: ¢@m,, (15, 20] s
CPU frequency of UE: flo¢ (102, 10%] MHz | CPU frequency of MEC server: f3f  [2 x 10%, 10%] MHz
Energy coefficient of UE: Ky, 10719 W - s2/cycle | Energy coefficient of MEC server: &, 10720 W -s2/cycle?
Learning rate of actor 0.0001 Learning rate of critic 0.001
Experience replay buffer size 5 x 10% Mini-batch size 128
Discount factor: ~y 0.9 Update rate: 7 0.01

AICAFH Pytorch &R SEHVEH Adam AR Gat-HMARL &SR, B0 b i 01 Y
EERE P AL S 64 F 32 AN ICIN A IE B RRRZ LR, VP8 FK 45 ES B A 3 L B 256 Al
128 MHZTCHI A SRR R4, BIME] ReLU HHTEOE. 78 Gat-HMARL SEP A A 7 —
AP SLEEE NE, AP ER TN att () 22— H Leaky ReLU i 5L 2 BT SAP£E R 25,
Gat-HMARL 3% 2L 2 /E g5 W0 26 b 5 /> 4 42 ) B2 20 R, 70 Al & 128 64 A& on. 1R
Zrid i, BANEIE W E A 100 NEEED, SRR ZAE 10000 ANEFEZE A 0.1 FFEE] 0.05, HABKES
Bk 1 PR,

5.2 HEERESH

TRFE R AL 2 2 SIS R 2R B 2 B S5 0 8 N 4% 1) JZ2 BRI R JZ A 2 e AN B0 56, R SO 43 it
Gat-HMARL i rh i 51 28 AT IR S 28 (1 TH R S A FEEAT 40 . S A 4% R 3 AN e it e )
BRI, TR RERTRRN O, Sor, O O, Horp i = 0 R B BB EGR D4, i = 1 Foi
EBBNERILING i = 2 FRoRESENEMILING, L, R « FEEL, O FonMgs o HE | Ef
2RI B YRR SN 4% H TR 2 X 4 AN A I 28 R i, TR v LR RN O(H - |V - F - F') +
O(H - |E|- F') + O(X 1, C¢ ,C¢), e H FoRBER MG %, |V] BRI EE, B #or
B L%, FONEER SIS AN ELE RS, P/ ONEIVERE NS 5 IR 4R O R4
W22 1 ERRE TN B

£ Gat-HMARL Hikrh, AT 2 BEAAR (76 572 X 28 AN 5% 0 4% (R A A2 56 (e st P B LR A B A
FEAHEAT L UIZE. B, Gat-HMARL (IR 24N O(N-T-M-B-(0(X2_, Sori, O CH) +
O(H-|V|-F-F')+O(H-|BE|- F')+ O(X1, Ci_, C))), bt N R B ReEE, T KRR E A
BREHAE, M RRIGEEE, B RS K, 1531514 3 P ERIE MM R S 4R,
mFE 2 fron. RIEE 2 TLUKIL, Gat-HMARL 595k i TN 1R A 2 BEh VE g s IR & ) 4,
T R B B, BB RV HMARL F1 MADDPG. 1l DDPG PR 97 I 2RI 8 B4 F 1 T RE
NN -F/553 54

5.3 MERESHT

ASCNESENE  ~PIIRE « AL R GTREFEAE S5 SE IR 4 DITIHRTL T Gat-HMARL [FI1ERE.
ARSCAE BB Ll bR 45 T 1 i AL I SE A SRS T R BN R, AR AR DRAIEAT 55 58 IR K

423



R AR B o A 3R REIA S v S E BN B 0 e

*2 TRBEENTHTEERE

Table 2 Computational complexity of different algorithms

Algorithm Computational complexity
Gat-HMARL O(N-T-M-B - (O(X7_ X0, C Ci) + O(H - |V| - F - F') + -O(H - |B| - F') + O(X 2, C5_, CF)))
L; ag aj c c
HMARL O(N-T-M-B-(O(X7_ 32, CF O + O, C_,CF))
MADDPG O(N-T-M-B-(O(Xf, Cf-,0f) + O3, Cf_, CF)))
DDPG O(N-T-M-B-(O(X{, Cf ,Cf) + O, Cf_,CF))
105
(b)
100 - l .
U 1y
951 v | N\ f\l h/lﬁl‘\h"j""ul\ lrﬂ'/! \.‘/W \“f
an '
5 90+ g
g i WA { witl 2l
g : 857 Q | v}r’vjhvvbhr'/w\h““h"'\\VVL/JMMMV”\’M MW\H’
4 2 so 1"
4 ) {
“ % | 27
Gat-HMARL
75 — —HMARL | 70 T fartiMARL
—_MADDPG — MADDPG
7 — -DDPG i 651 — -DDPG
65 1 1 1 1 1 60 1 1 1 1 1
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Training episodes Training episodes

4 (MEIRFE) (a) 58X CSI M (b) FE5EE CSI TARIEEMUTETEE

Figure 4 (Color online) Convergence performance of different algorithms under perfect CSI (a) and imperfect CSI (b)

AR N 2L RGREAE. Rk, & RAL RSB REFEAN RARAE S S CE N HE, BxE 1% BT
55 SERCR N RGREFRE. I 4(a) 7R T Gat-HMARL, HMARL, MADDPG 1 DDPG 4 FiS%f°F
P2 il AL i 5 N [l & g g e S 28 W 4(a) FRATLAE Y, Gat-HMARL KP4 52 a7 Il
grd Pl A, 7E 90 BIE A A E A B TiRE, X TE 100 BIE A AUWELY DDPG HikS51E
110 [\ & A A UWEH MADDPG F1 HMARL 53%. t4h, Gat-HMARL Al HMARL HiEUSUS T
BB B v T AR P R SR B, X R RN IE TR A B BOE S E gAY, PR B AR S A
B BIVE AT RS HEL L, B8t BN B 2 A P2 AR IR sg i, (5678 R AR (A1) B BE 4F b AT WM, Rt m T
FHE. 5 MADDPG HiEMEL, Gat-HMARL PERERIIR TR AN 9.71%, HMARL MEREMIHETH RN
6.6%. BT HMARL 7E563 CSI M4 F CA RIS E m R IR T, GAT FxMERE#HTI A iR
PXE, A FE HMARL (RS B 3.11% MASMET, B sF 4 T Gat-HMARL FPEREHS f - 2ok 5
T HMARL. {H GAT 1 DA By BE A 58 47 b H H AT 3 o LAY BE A B 1A5 2., R A IX 285 2 %
SIHEAR g, BERE T EIVERNSCESE. 1 DDPG Hk BRI SGHE Z kT MADDPG A1 HMARL
S A H TR BRI 2 5] 2 TRV {5 B A L, X LA BT ek 2 R I DM E, 5 8 22 ek
B2 i E ST MADDPG 53,

B 4(a) HOUSCSI IR 282 3L T 58 L5 ER S5 B (channel state information, CSI) 3R£F, % & F 9k
SEFEM CSI M RES ™ HEN MEC 35 N REVERIMERE 2526, AR SCWF7T TEIE5E9E CST 4448 F 4 M
S AN P2, X by = b + A, FoH by, FIRTESE CST, b, TR AT (S
BRI CSL, Ay, Fon CST 2, I H. | An, |2 < 04|y |lo. FE5E3E CST T WSt £k an &l 4(b) Fr
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Figure 5 (Color online) The number of agents vs. (a) average reward, (b) unit system energy consumption, (c) task
completion ratio

AN, AT LRI 4 FhBLE )T 350 22 il B AR A B 2 1) R %, I B BB EhBOREIZY, B4R TH BE ORI 7E—
SE G P, T XS SIGEE FE RS N, R R T 5855 CST 454 N RIS . Horh DDPG 52 2 540
IR, HH AR 3 MEEM EE PR, XA E DDPG Hk 1R e A7 2 5] Seng, 1% ik
(A5 B AS H, fEIE5E3R CSI M T IMERK AR T NINHME. 5 MADDPG HiEAH L, Gat-HMARL
PERERIFE TR A 8.51%, HMARL MERERIFE TR A 3.19%. XA Gat-HAMRL i By 2 71 2%
JERR T IR CSIAS R, FHE T X IIZREIT3E, 55 HMARL #HECIEREAR A ARG s o i, IR 1% 2614
N Gat-HMARL MHREIE 68 F 2K A T Gat.

K 5 78 T Gat-HMARL, MADDPG Fll DDPG iX 3 FhELi: (-T2 . BAr RS ReAEMIESS
SE R A B e AR BCE G N AR . WK 5 R RTLUE ) BEE R REAREL H 3N R G F 5
BN AR RS REFERRIZ D F T, [T 55 (0 58 R IB M FEAIC. X2 A BEE B e % H g m, &
G P S BAOR AR 2 RESRAR AL RE E RN W N, R RS RSP E 2 B S, ST,
X JF] -t B 2 38K, R BE AR 8] ) DMK A8 15 BE O IR M, (75 SR R G REFE 2T T v HLAT 55 11 58 A&
RIZH PG, B 4(b) BEMMEIE T Gat-HMARL SEMERE EIESE, Gat-HMARL SHyk7E .47 R
G AERERAR I RINT 55 5 BRIt i T IR PR 92, TRICERAG T 5 = P X 3 a8, bk, AL &R
GuReRERI T LARI, DDPG SyEM EAHsl B B TR PR B, X 2R E DDPG HiL M)
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Figure 6 (Color online) Bandwidth vs. (a) average reward, (b) unit system energy consumption, (c) task completion
ratio
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Figure 7 (Color online) Task data volume vs. (a) average reward, (b) unit system energy consumption, (c) task completion
ratio
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Abstract With the emergence of massive compute-intensive and delay-sensitive tasks, mobile edge computing
(MEC) has become an active research field to improve user experience and reduce system energy consumption.
However, in densely deployed MEC networks, the complex spatial relations and dynamics of the wireless network
state present serious challenges for designing offloading schemes. In this paper, an intelligent collaborative
computing offload and resource allocation algorithm is proposed for a multibase station and multiuser MEC
network. First, we formulate a joint optimization problem of offloading decision, channel allocation, transmit
power allocation, and computation resource allocation to minimize the system energy consumption under delay
constraints. Then, because this problem is a mixed integer nonlinear programming problem, we propose a graph
attention network -based hybrid-action multiagent reinforcement learning algorithm (Gat-HMARL), where each
base station refers to an agent and configures the Gat-HMARL algorithm. Gat-HMARL adopts a graph attention
network to capture the potential spatial relations of wireless network states, allowing the base stations to selectively
attend to the wireless network state of other base stations to learn better computing offloading and resource
allocation strategies. Finally, the simulation results demonstrate that the proposed Gat-HMARL algorithm
exhibits a remarkable performance improvement than the benchmark algorithms.

Keywords mobile edge computing, computing offloading, resource allocation, multi-agent reinforcement

learning, graph attention network
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