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A collaborative service offloading approach for Internet of Things based on

deep reinforcement learning

CAO Yuhui, HUANG Yuze*, FENG Beipeng, ZHANG Miao, GUO Zhenzhen
(School of Information Science & Engineering, Chongqing Jiaotong University, Chongqing 400074, China)

Abstract: Aiming at the problems of insufficient terminal computing power, limited resources and large delay in edge computing, a
collaborative service offloading approach for Internet of Things based on deep reinforcement learning was proposed. The delay model
was established through three different offloading methods, and the association relationship between services was mined. The associ-
ated services were cooperatively offloaded, and the communication delay of the associated services was added to establish a perfect
offloading delay model, and the value of the offload rate and how the associated services were cooperatively offloaded to minimize
the delay was combined with the overall model. Therefore, the service request delay and the communication delay between services
were minimized. The experiment results showed that our approach could reduce about 20% service delay in the system than other
baseline algorithms on searching the optimal service offloading strategy.

Keywords: edge computing; service offloading; interacting service; collaborative offloading; deep reinforcement learning

W A A E | T AR B S AT

0 3% b, BT I I oA R R R RSk
ST NI | 4B A TT ) B

B PR R TR R — R R AR, BRI A A RE A
H T 2% SRR R B e R B, P R T T AU LA B R AR A DR (B

s B #3.2022-10-13

HEUH .  \mE A RBL 2 4 % B3 H (CSTB2022NSCQ-MSX0368) ; # BT # H % it & B2 B R B 78 11X 5 45 101 H ( KIQN202200702,
KJQN201900708, KIQN202100738) ; [H 5% 1 48R} 54 % B3 H (62101080)

FE—EEEN W FE(1998— ), L, ZHRUEIR A W5 | FEIFR T 0 4315, E-mail : caoyuhuil0@ 163.com

* BISEE B A B LR (1983— ), 53 DUJIH Y& PRI A2 S0, ) = 2EF9 0 ) s gt 58 IRgs 15

E-mail : huangyz@ cqjtu.edu.cn



84 TR VNI S

»e
£

L,
&

(T Ji) 554 4

PiraEE RSy Kb T =t B L
VAL FR 2 1 SO A% i P AT 4 B S R AR i
55 B FE P ORGSR SR AR A Z A S Y T
fif ke bR 0] 31 2% 3580 A T A= 75 3] 27 R LRI
PEME S T O

NGATEANE R — R R BT AR 2 EAFE
NGBEE (IR RE R 2 A i W) 0k 152 45 B g
85) % n ML & (WK =) 3
ARG G AT KK AR 1% B 4, Ay
FH P B AS SE A i ST i R 45 W R S5 3R T
FIESR D 255 L AT

WK 0 iz 55 = S48 Wk I BR 85 v O 58 BURE E
v 55 HFRTT R A — RN 55, 014018 42 S i 25
JA AL R 55 A 1) B D015 8 L0 B AT 15 B4 X
SR 55 FEPA T R r e Ak B K R O B R e
RIS AL G800 2 IR0 1 4 AR R S i) 49k 90
g5, B St B s, sitE s, il T
HGESTTRE IR R, W&t R IEA R, m
) 6 BT 2 N 8 L SV W S
55 HE BN G M55 4% LT, BRicA Aot
8 TAESE I T A0 IR 55 2 3R s . SCAik[ 13 ] IR
FE 543575 (deep Q-network, DQN) #4761 1k
RAAF I RIS E 5 SCHR [ 14 ] R PR BE s Ak 5~ T
& Q ML P BAREAE ; SCHR[ 15 ] R H$L
K& B H 3fe -1 Rk A R A A 24 4 fie 5 SR [ 16 ]
SR HIFA% B H 3fe 7 25 0k B /MU Bl B A8 REAE FIAT:
S PATHS[E] s SCHR[ 17 ] FH Q-Learning 5815 16 AL 4
25 ) 4% sk /D B SE R

P ERZH R % 8 P 4155 —ih IRk 55 4% =
2?21&ﬂﬁ@9§%§,ﬁ?ﬂi¥§i?ﬁ§ﬂﬁé§f§ﬂﬁé§21ﬁﬂEﬁﬂéﬁf
£, I H R Z A0 P4 M 30 335 Ak 27 2 SR SR A 1 17)
R ARG A > JR BR T Bl A 25 (] FIAE A 255 [1] 45
RN, H— R HIEET . WRE RS
TEAEA B AR R AR 25 A I 22 i sl A a5 1), IR
BE i E K W% Bf B (deep deterministic policy
gradient, DDPG) 553k 1] At DA 25 o 4 5 & 15 42
SIWEAS R 58, S —FR 456 T IR EE M4 1 Actor-
Critic J5 i, B hni& H TS it a5 .

P Tk I i 55 5 222 Ak RO Y i , LR
55 Z IR AE A BUH A% i, D [l 50 ) 263+ AT 55
PRIt , 0380 A I 95 0 80 AN AN e 2 e AT I 55 B | B
25 G 7 TR REAR IR 55 =2 18] ) B0 A% a2 i 91
A T7IEXT TR 55 18] B8 A% an ek SE 1 00 A6 7% R At
o NI AR Y — PP TR B SR 2T B )
15¢ X i 55 P[] 20D 268 s 6 1 FH P 9 Il 55 1 s

3

IC3%, (P AR S I 3L A2 40 B R OG &R
(SRR Ml 55 XoF 2% 18l 55 160 IR 32 Al 55 =2 [1] Y
B A it A 57 R 55 b [R] S 3O T 4t — il B
TR PRE T S 1 SR B R 3k 14 R 55 D ] 2D Gk
HHID; FALK AL B AE S L AT XS L, Bk 1 1%
TR RERE A RO Il R 55 S 2N S

1 Zogga

Ui 1 ek rpER B L S S5 A% IR AL U]
HIFEATT AL S5 . HE07 % A 3 F AT
PRI AR I A, XTI T R AN B i 5T
Mo sl 2% S AN BOREAT 55 0 B 10 ¢ IR 55 A HEAT 3T
B o XTREESS , 5 ZORAE 5570 S ] H1 R 73
RIS T SV 73, T 0 280 70 o 28 381 i % Al 5
TR EATALEE AN AT B r AEAT A IR XTI
SRR TUT ST | T 2 AR B BN 1D G e 55 4 P AT

E
A A

B3
I it %Hl%z

]
i néﬂ&
1155
l \\ B —=
X ﬁgz
AU
N \\\
= B2

a1

HE
151 Bl
E3 I VIR~ SR =iz | E= A R i s

Fig.1 Classification of edge computing offloading
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Fig.2 Service collaborative offloading framework
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