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Abstract:In the past few years, Artificial Intelligence technology represented by deep reinforcement learning ( DRL) has been
introduced into the design of computer network systems, propelling the networking research towards a data—driven and intelligent
paradigm. New breakthroughs have been continuously made in typical networking systems. The common challenge of versatile networking
applications is that they are difficult to be modelled in complex network environments. With the excellent feature extraction capability of
deep neural network, deep reinforcement learning is able to perform better decision—makings through trial —and —errors. Meanwhile, it
demonstrates the privilege of an end—to—end design rationale. This article first explains the principles of deep reinforcement learning,
including a variety of typical neural network structures, training algorithms of deep reinforcement learning based on value functions and
policy gradients. We then describe in details the deep reinforcement learning applications in networking systems consisting of job
scheduling, video streaming, routing, TCP congestion control and content caching. Finally, this article describes the challenges of using
deep reinforcement learning in computer networking applications.
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Fig.1 Framework of reinforcement learning

WE 1 FrR, —A~ S8 A58 Bt AL LR L
AERE  AEREN T ¢, B RE AR T S UL I IR B 1) R 3
s, € S BHIGIRET RN 7 (s,) EHEIE o, ,E q
YEH T SEBOAEDRE AR R s, , RN, ae ik
W BREEIRIA LA T3 r, B AR I B A BR B AR

604 Radio Communications Technology

Vol. 46 No. 6 2020



SFNHRMEA B R XS S AW E R,
Pz > B RE PR Y H AR B D i K Al BT 4 Jil g S 22

Bl S y'r] M T=e B,y < | WTBy Ik AR

BIRTCTF Z (BRI 2 i 2
A3 RARER 7 T R IRl A 45 3
AR 775 SRR (Monte Carlo ) J7 3% il i) 2
47 ( Temporal - Difference ) J7% S
1.2.1 BTSSR SR A i Ak 2 > ) i
LV, (s) FRMARE s TR, AT HRBE 7 BEIR
139 23T Rl ARl DR 2 0778
Vo(s) =B, [ry, +yV,(s.) s, =] =
2omals) X pls'srls,a)[r+ ()],
(1)
AT LI 20 25 R 08 J7 1 SRk e 0 SR, HG v SC
Y 2 A B 2 TR W 3Tl ( Policy Evaluation ) 15 %
it (Policy Improvement) , HB&PEAL T DR 2
PRV HTARE T 2 RS A R 8, TR Y
TSRS ar FOGFIAR  TiT 55 e s DO i T a6 il 56
MTIARATH B w2 i, % 0,(s,a) FERTERE
TEHE o, B 5 3T 3R 0E 7 BEAT SR £ FT BB SR AR 1Y
TRl SR PR i) BN Ay A 2R il e K
IBhAE, /I
7'(s) = argmax,Q,(s,a) =
argmax, B_[r,, +yV_ (s, )1s, =s,a, =a] =
argmax, ZS,JP(S',H s,a) [r+yV.(s") ]o
(2)
SRS 5 A RIVAS VB B 52 SR s DAt A0 SR s 15 ik
P TSSO e L SR Mt . ik 1 Bl 2 W %) 19 7 vk AR
SRECF IR, (E R 5 28 1 o B FLURGE 19 38
SRS PR B 2 O T RERL (Model —based ) B9 5
P, HTSEPRAFREE AR R Z R, 3 T 8 S A4
(977 ki HIVE FR A
1.2.2  FET SR RIS I R i s Ak o7 ~ R) it
SEFR 15 (Monte Carlo) J7 12 A MK #51 T 24 15 A5
A1, FUiE kR REAAR RN PR 45 52 A i B Kag DR
R 7 AT 22 21, Hrh B B A0 45 B BEIR
& EBESELL B ARG, 9 1 i REAR TR R
B, SR RIS TR B R e AR R BR B 1 28 Lok AR
LA A (Episode) IIE 1T, —4~ Episode J&4§
B REIARTT W FN A 85 22 B, B4 1k IR 528 Y 58
Herh ) AR 7R R v AR B B B T LA R R
A S,A LR LS, A R, Sy AL R, T RARIRSE

+ Rk oz

HREIERE], AR S, 1 R R v g
XTI

G, =R, +yR., +¥’R,,, + - +y""R,, (3)

BEXS SHON HORT, 50 R8T AT R R BUR
AR AR 24— Z A Episode 45 WA X {H PR
AT T [ X S M R A T O B AR T Y R
W AR A LN AR o (L eR R BRI A i TR AR
BT XTSRRI SRR I 2 S gl , R
MPUIRES S, MR B A s 1T B2,
Z AR SR S A A 2 R B ek R, 1
[N W

V(s,) < V(s,) +a(G, - V(s,))o (4)

BB Z | R 7 V5 R A E R
BT AT, 7ESEBR N A, BT SR (E R AT
AR DM 3R S SR DRI A T R 2 s 1 R4
HAtB e R R B 2R 0
1.2.3 LTI R] 25 53 7 VA SR A it Ak~ ~J )

SERE RIS T I RN T EORG i i BR A A, O
HSEIJ5 A B A 0 R 2 o 550 T 0 2
SR> Episode Z5 98, I W] 22 43 J7 ¥4 7T DL TR
T — 2D XHE PREHA T TR

V(s,) < V(s,) +a[R,, +yV(s,) - V(s)]T, (3)
DL BT E R R AR TD(0) , WHR A B A5 I
[B] 2245 (One—step TD) , HLACHF[E] 223/ 2 AMCFR
PEBE: J) SARSA Fll Q-learning B35, SARSA &%
N TR} A% (On—policy ) 512 , LBl V(B pR £ AY BB 20
XN
Q(S,,A,) —Q(S,,A) +a[R,, +
YQ(Sui,AL) = Q(S,,4,) 1. (6)

Q-learning ﬁ?ﬁﬂﬂ%%lﬂ%ﬁ%(Off—policy) JH
SR PR A IR AR

Q(S,,A4,) —Q(S,,4,) +

alR,,, +y maxQ(S,,a) -Q(S,4) 7, (7)
A, On—policy /&35 SARSA FEAERZS S, il
METRIERIBIE A, 51T Q-learning 515 1E BT AT
FHPIRZS S, TR B e RAE R ARy HAR o Off-
policy,

1.3 REBLES

1R Ge By s Ak 27 2T (1 FH A% 1) 5 s RN g 7
SR PRS- Bl M 23 (B A KN, Je v 4k A ] 2k
PN Ty s, b IRE AT {5 T pR 50U AL 25 T AL 5K
m A 2 R, SIS ECH 6 12 M4 ik
LSS 7 I, FRZ A DRL, I 7, 3R

HE T AR 4315 000 T A1 5 3 85 ) R AR 1 02 R

2020 35 46 £FH 6 M

FARBMITIRAN 605



1 Rk
(Model—free ) i, A< 5 H A G445 B K 01 0L T 4 ey
i {1 DRL J5 i I 2R fEIA

B2 REBUFIIREIER

Fig.2 Framework of deep reinforcement learning
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Fig.3 Framework of job scheduling in cloud data center
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Fig.5 Framework of DRL-based routing algorithm
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