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Hybrid DRL-based task offloading and multi-resource coordinated scheduling
optimization method in distribution networks

ZHOU Ya'?, WANG Qian*, FANG Ruju'
(1. Xuchang University, Xuchang 461000, China; 2. North China University of Water Resources and
Electric Power, Zhengzhou 450045, China)

Abstract: To address the joint latency-energy optimization problem arising from task offloading and coordinated
scheduling of “computation-communication-energy” multiple resources during the digitalization, decentralization, and
intelligent evolution of distribution networks, a data-driven three-layer collaborative computing model encompassing
local terminals, edge servers, and the cloud is developed. With a weighted delay-energy-fairness objective function, the
model comprehensively characterizes key factors such as wireless channel conditions, transmission rates, and CPU
frequencies, thereby quantifying the impact of multi-resource coordination on system performance. To tackle the
challenge of a hybrid action space composed of discrete oftfloading decisions and continuous bandwidth, computation, and
energy allocation, a hybrid deep reinforcement learning (HDRL) framework is proposed. In this framework, a double
deep Q-network (DDQN) is employed at the upper layer to select offloading actions, while a deep deterministic policy
gradient (DDPG) algorithm is used at the lower layer for continuous resource scheduling. An improved prioritized
experience replay (IPER) mechanism is further designed to enhance sample utilization efficiency and convergence speed.
Simulation results demonstrate that, compared with pure local computing, pure edge computing, random offloading,
genetic algorithms (GA), and the DDQN+DDPG method without IPER, the proposed HDRL approach significantly
reduces average system delay and total energy consumption across multiple scenarios. Moreover, it maintains high
fairness as the number of users increases, exhibiting superior scalability robustness, improved task completion rates, and
enhanced algorithm stability. The proposed method thus provides a feasible and efficient solution for multi-resource
coordinated optimization in distribution networks.
This work is supported by the National Natural Science Foundation of China (No. 62103349).
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Fig. 1 Edge computing model for distribution networks



JE R, SE

Jic L [ P B TVR-A DRL HIAE 45 #1855 22 05 1 5038 F oA 7 v - 167 -

VB AR ZR v, H 2R P OREAE /Ar s
P& SIRRNIEAT & R TN G — R, K2ttt
SERH N RGBS ALLGAT AT AT .

HiZRAGHIE N ADNEIRRE, L ES AN
N ={,2,---,N}, MAILGRSEH, iIdEEGHM=
1,2, M}, RREREERC. HTAESAR G,
R ALty 7= AR (AT 55 W BT F— b 58 A B
1.2 ESHESLIEER

i R AE S (D, C) ik, Hodh D,
NEAEEMDI), C AR (cycles/bit) .
NREREIE R, SIS HCE

DDQN _ 1 DDQN _DDQN  _DDQON _DDQN
i _[ai,o sy~ sy SGic ]

a
Hr
alP™ =1 = (LS AEAS A b 3
a??™ =1 = AL BAREHBE S MLERERA< j<M)
ap™ =1 = ARSI E R
BExE 2 1 IE T /> IO oL i S R, 5
NEGENFA &

DDPG
a.

Aoe @™ & i o BC IS TE AR, RS AL S
Ry a™ NS i RN G A MIFTIRTE I CPU BER
7/ = A1 = A T

T AN A B AR EE 77 5, FAERT ABEFETH BT o
1.2.1 A ib 3

TS AE L0 A FR AN SiE T FIRERE E°°" 73 71K

=[a;"",a™] (D

i i

a D-C
Zlocal — lelocgz (2)
Eilocal — Di . C,- . Gilocal (3)
A S NZIRBTHEAA ¢ N B
AL it5 e
1.2.2 b Pt

B TS HIAE R AN LIRS
FLRE T 5 3 A RE B 1 AT SR F 4 A1
GO SR IR . ST T S I R B
FIRIAESHIN, T8 [ G BRI 5E 5 ke ] 2
Moo FE, EATHEHIIE T SHERE £ 450

rans Di
7:,‘/ = Kec.lge (4)
L,J
trans __ trans
Ei,j =D Tz] (5)

F e g MR (3 A A G A 1 £
WE, p RASRINR ST,
LIRS BE VT SN 2E T FORERE B 53 5101

K (6)RIR(T) T -
D -C
];?jmp = ledgel (6)
y
edge edge
E[,jg =D, -C € g (7)

e £ ARG S | AR B A KB
€% I K AL TR
1.2.3 Z b #R

IR, L | R LA SR
i, SARTAE T, 5 BB B, KBTS AT (RS
DU SEPTHSAY AL o T4 OB iz /T4 A K
W, TATIRIT 20, TR EATHRRNE T
REFE B 5230

rans Di

T;,tc = (®)
Tic

E = p, T2 ©

R 1 T,
IS AE T 15 REHE £ 4550

mgw =2 (10
' f;,C
ES™ =D, -C ¢, (11)
b f o SRR | A S
AR B

1.3 AT

7E B LA U MU B AR 2 5
T S 5 2 K LA T DL ERAR AT 20
SRR . R 2SR 24 A T B
3N Jain ATHECE,, - HE X

)
F_=—tl 2 (12)

Jain T
N (L)

K TN i A KRG EINE IS AR PAT I ZE . 2T
A &t e A F, =15 # A7 E A
T 0,

T ENAL B R B RIE SR A TR, 2 X
NIRRT P N

P =2(1-F,,) (13)

A 41> 0 NETTRE ZL.
1.4 FERB S EHERE

TERC W, 280 510 2 R 45 4 B 2 B0 0
)3 R T 2R B A AT Y 2 AT B R A

= lMZ



- 168 - B 2GRy 524

IR SLPRIEEAEL, A RGERA A (14 Frs i
fEERA,

gd)=——-h (14)
b d WA SR ICL BB o, R
RAFEIREG h NI AR NN B LA &
i LRI TR p, RORBAE,  HoAk G Bk 15 e bL
Ro MITHE AN

Ry = 28D (15)
O

K o? MR TR, T HAEH, 2lLs &
ARSI p TR A XA
% :aiband'W'Ing(l'*RSNR) (16)

K o™ N i R T LR W o
Gigtrie/
1.5 AL BEr

gRe B, RGUSARHFRE T IR F AN
Ab PRI SN BRI LT 5, A BEAR A B MK
BIERS . REFE L A PHET N E M N a « S
Ay WRGEAC

sys

Cy=—la-T+p-E+A(1-F,,)] (17)
b T=3 7 NRGHE: E= ) E WR%R

25 TR T 43 M A SR A A 208 L0 th 3 — B e
SR, DM ), S T R
GRS, SR P RS RS

2 |oJRRiERE

i PR 5200, ARSI T E B LR IR
UE & oA 45 ] 56 B ELHE R T e . TE B B R S PR
HIRTHE T, BRAMAAESSERR LS. 5 58 /0t LA St
HIRAEC, 13 RGO I 5 REFER/DN . TIEEA
A FT ) 1) R 2 AL R n =X (18) BT /s LAk i)
DDQN ll:l;}d /-cdgc f a 'T+ﬂ'E+7(1_F'Jain)
St CLiaPPON 7 gPPoN 4 ooov v

=1
C2:0<a™ <1,Vi
C3:0<a™ <1,Vi (18)

N
C4: Z f:fgeg fm £ =0, V0
i=1

N
C5:) fro < fI™, [ =0,Vi

i=1

ASCARA AR B AR AR 55 E B . 1 8 B

S3HC RS54 CPU SZ It . £ a(CL) TS
H PR, ARR(C2) N EE AT S5 1 T ¥t
WLIHR s 2R 0(C3) N FLAT 55 TS B IR 2 o
LI A(CAH MRS 28 B, ASREE I K
Ry AR (CHRNE M B TAR, AReitid i
PNSY

3 EiREt

P T ) R — ANV A B R AR Y ), R
U, AN SIER, SRIIELML, I
H— R T 2R = I BB SR T R, DARIRY
Fif P A O 1 5 N AT 55 R IR E S E I
W BAKIN S, &5 RME T HRRREN: b
JZF|H DDQN ST 2% B Bk S AT B HER B, 2
X H DDPG X EI AT 55 IR T BSR4 s B2
@S B R H 5SS, T IESeIl RS 8AA
K ME
3.1 HEREKEEEHM

1) B HR SR, 2R | DDQN X4~
L (R EN AR R S AT R . R AT 45 1 I A
5., DDQN AR iy 1k B AR I AL B Rb A, RTRA
52 a”" ™ [REUH .

2) AR FE R . X T ik B E AR FE 1N Lok 2
T4, RS E—B1E B AR ot Bk T %
JEATE. FEBHCRA DDPG J7iE, W4 Rk
HIESE TR AL, HA U T SRS e W
i AR 5% 25 T S B0 B IRAS IR LB o X T 7E 480 A
AR HIAT S5, TR TN E ] B BN ERIME .

P Z R [AE S S B E R . T
/= DDPG 4t i 555 7 i/ S vl /E 5 DDQN
FEH Y FORSN, #Bh L2 B R AN A
AR S K I B s T bR D R SR U
TR RS AE 2
3.2 BEURRESILIT

BT OT 55 BEAR D 2 1) B HL L 3, DDQN B %
T EEAFRREHIE T

T A S, HORES B AR5 S &
D, HHETRC YA LLEERE.

DDQN [{#Z.0 B AR & F B 45 /A [E] . S50
ST Q WA 450 B 3 B (FE 28 I 28) 5 A VP (H B
W28 38, MR R 2% Q-learning (193 A 11-fh
%o BARME, QEFRERE s FRINE a
KRATI RIFBRIE, He SN

O(s,,a7" ™) =E z7jr,-+j| So= Si> 9= aiDDQN:| >
=0

e r NITEDE ¢ ORI 2R3y i+



JE R, SE

Jic L [ P B TVR-A DRL HIAE 45 #1855 22 05 1 5038 F oA 7 v - 169 -

DDQN I # 28 B2 Bl O {E BRI AL, P45 A IR
s, W NEAER O 1E, B

0(s;,a™™:0) ~ O(s,.a”™™) (20)
X 0 NHEMK IS @idH/ME Q HiIRE
SKREFH A MG RISE, KRR RN

L(0) = B[(y,— O(s;,a"";0))°] 21
Xy NEE O, HIHEAX S

Y, =1+ 7 Q(s,.,argmax , s,.,,a30);07)  (22)
X 0 NHEME RIS, R 5O
J5 k.

0 «—10+(1-1)0 (23)
K ¢ AHFRMEEFPK . DDQN KH - 7%
OV RIS KT TR B AR o ACHE DR & R FRBEHL
VEGRR), IR 1 — ¢ S 2400 O (AN,
BEE IR MHEAT, BN e, (G155 MR R 3%
I -
3.3 ESFEREILIT

DDPG #&H T 3 2 AT 55 19 55 Y5 40 I n) 88t o
DDPG # T Actor-Critic HEZ2, i i 3% 425 Vi AL
BT e H bR AR 24 o IR A S e i 92
PR FCSRNS, F KA KRR .

DDPG PR MG 4 R RGUIRES . AT 55 H)
R (DDQN BEERZE HY). DK 24 AT f) B Y5 P 1
Wl 0T, D s, TR N

7 = [0, a2, a7 (4
s o ICARSET MR, dnFelspad 9. CPU FIH
(SR, o""  DDQN BEHufg s vk
FORZS; @ T2 DDPG BB 1 B U5 2 BE 501 «
A E) 2 — AL R A B 2S10],  FHA 5E AT
R R R R . X FREA %K, SRS
NE @ =[aP™,a™ ], T o M EE R 2
(5T

Actor PIZBRIA RPIRG s, VENBIN . i 4t

IR BEENTE aP°¢ . 2SR
a’’ =n(s;;0%) (25)
X 0" AL IS EL
Critic R Z VPRS- BIER I E, 1 O .
O(s;.a™:0%) =~ O(s,.a™) (26)
A 69 A Critic WIS HL.

MR /ME Critic BB K BRBCR T Critic I
ZMB SR, RERECN

L(0%)=B[(r; + yO(s,,, ©_(5,,,;6);0°) =

27
O(s;,a,";0°))"] 7

XA 07, 02 AN BERS Actor. HAR Critic (S5,
Actor I Z5RIA &% 6 _F 7 1ok B 8T,
H A5 A& fie KAk Critic & 1K) O 18 .
Ve (O =BV o O(s;, 0" 00V . m(s,:67)] (28)
Actor H ¥R A1 Critic H A7 W 2% [ 4% K H 4 58
o T, w9y =X3Bo)HR.
O 10" +(1-7)0" (29)
02 « 760% + (1-1)6° (30)
3.4 HIHHIM AT
NP ) ROR IR S, AR T Al
IPER M. SEGHILL KFER PER J7iEANH,
IPER 5\ T Ji S &5 B = 2= A Bl A& e g8
Hroems, M it B OGEANEE AL, MR
RTEN R FE b 78 i IR B KRB A 5
IPER WAL Fatt AT 1H 5, R gA
T HETH TD w2, &5 iR ZE MBS
BN, AR AR e I i R b e 75 20 B A
SRR A UGN JE IR TD %2 5, MR Bk 5h 7
B(EMAYTH, 536 mRGDITR.
5« ys+(1-S)5,0<5<1 (31)
XA ST RIS ARV RO E 5
TD R Z G AT — IR H -
NG TD RZEN 0 FIFEAJGZ AR RFE,
FINNE R € -

p=-r h<a<i @32
DS, +e)
s o BRI B X TD 1218 B (1 BUS RS

e~10°,
FEYN SR T RT & SRR e R sem, Bl SR
Wi ) e RAE, B3R,

v(t)
=

v(t)
>R
j=1

A v NENA TR, M 0 etk (84 B
BEREE 1, SRR RE b R A0 0 i I B e 4
RS .

IR AR SR PR R A TR 22, 51N 1S R
Hw N

L0<v()<1 (33)

1 1 B)
—n——J,ogﬂm<1 (34)

k (N ()
KA. B WIS WG TG B, 4l



- 170 -

W) R Gy B

BEE) 1, PRUESS IR EEAG T ol S bR SRR R
R — AL 5 AL W, = w/ max, w, o
3.5 REBEFRIINGILIE

AT REM G ZAE N TT 2, AR B Bk
TR HORIE S AR R, SEILREAR H Ar g B
oo BARIIGRREIER 1 s,

x1 BRIGEE
Table 1 Model training process

HDRL 5%
iN: REHBESH HDRL 3
. HDRL M4 23
D) MR S48, L5t ot
2) for episode =1to P, do
3) VIHGIRET ., RS vl
4)for t=1 to T do
5) i@ id DDQN HEHAR # 70(22) 1 FAE 55 E 85K
6) 45 a?" N {8 F] DDPG BLER{E A BE S BL AR S 2 . X T
BENG BT KT, DDPG i Actor 484 H 785 4 B (3%
HHME.
7) AT aPPN PP, FEIREUET RS s, N3N x;
8) WM (s,,a,,1,5,,) FAETELLM D
9) F A IPER HL N5 [R50 D Ho R
10) R#E=0(17) 5% DDQN M5, {§H Adam {4625 KE Hi DDQN
BETHE 21
11) RAER(26). Q7)EHT Critic WML SEA Actor YIZMLE
12) iR (29). R(B0)EH Critic HARMLESHON Actor HARMZS

13) end for

14) end for

4 HEXBRSERSH

4.1 {HEIE

AR SCR P BB B AT O SR, st
WEEHT Python “F & H & B . 456 % [ER ZETT
BHATEERETTAY, IR 2 Ak 3 HINSBEL B
HIAEL,
4.2 HEZ%R

NEGEFTH: HDRL 5% A %50, AR E L
T 5 MELEVEIATH . LOCAL HIFTE L5
LS AMAL T, MEC IFTAAES A ntEiR S
BTN Z RS %% RANDOM $H&FMESSBENLIE
A, E UG8 mmhdT; GA K& disf
%%:; DDQN + DDPG 5 HDRL 5 [F—4r E5h1E
ZE WZLERAE S, ERBELEA 225
KAETMAE IPER,

*T2 BHRE

Table 2 Parameter setting

ZH EE
D,/Mbit (2.7]
C./(cycles/bit) [300,600]
Sf/GHz 0.9
e™/(J/cycle) 1.6x107"°
f7¥/GHz 10
e /(J/cycle) 5%x107'°
i /GHz 20
e./(J/cycle) 1x107

W™ /MHz 10
W™ /MHz 20
M/G 3
Ni& [5,10]
a 0.5
B 0.5
A 0.1

x3 BSHRE
Table 3 Hyperparameter settings

ZH [}
e KN ZREE 3L 1000
R KN 256
& — TR R VIR IR R 1
& —TRAE RS I B MR R 0.05
BRI S ¥ 4R 0.1

HIE 2—[&] 4 B81E 7RG HE S KN R
GivEREMIEN, LOCAL(EA M) B T A%
AR LI AMAT T, AR RS54,
WELINS S BEFE 3 22 ph 28 g A b T S50 PR AT 55 K0 Hi
ER/NGE, ik E 2LV K. RANDOM(BEAL

3.0 T T T T

—=— LOCAL

—e— RAND

—v— DDQN + DDPG
—o— HDRL

GA

2.0

1.5

RYGUTH BT

55 4 2K/ /Mbit
2 ESHBBE RN EHIHEAZ T

Fig. 2 Task data volume vs. average overhead
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the fairness index
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Table 4 Runtime comparison of different algorithms
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