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(1) X2 HE/ZNM Zefekgel 22

<+ SDN (Software Defined Networking)[2,3] 7]&=2] Wl whe} 7|9 =9
o] Ao EYANA AZELOE 7|Wo R st UEAR WHslsto=A i

§ A9 QAR BN BA0] Ao 5S FY PEIFORH oT o]
SRV Bolet B UolEE Belsta AolF & U HUTh T, dole]
WS Sodahic WE st 2EelX), Anlel et oAzEel g 45 9
3 SDN& Abgato] W=D 48 % BAE gt 840 fs thgshs B
o% 9% & U Sk B 4x AP o|F AFAS FHY /& D4
oA G T 5 QE AFAS MARE DEH AL AF SvhE AEes)
A chesk Aokl A s HES|o) FFF RN E FESa ek ol uf

Lls 2
HWEYA F2e 7|EHo=z ;ﬁl‘i —/F;é], dlolg dAe] % Alo] ¥ d&a gt
HIE 9] Alo] Aol Ass =dst7] HAsl A7t g5 (Self—learning) & 3= ¢1&

s EEe AEYEt oy d AVt shas g VleS s MEHZY AT Al
o= AA A (self—aware), AHA|  AH-S(self—adaptive) 2 AHA] 3
(self —managed) &} & X 50| E3ty|ojt}

AaE HEAADY AT EES HEYAL AEEYNM HEAD dHE 4
gkaL o] Al ARE AR AHPste] 4 2 ARt UEH Y Heoly ZHd
ARg-2= vhEE QIE o] = (SBD 9] 944 =7 7] (Telemetry technique)& AH&-3}]
EE oy, Y EA]A BEE22X], Ja JH B gis JHE 2¥ste] UEY]A A
HE AWsle 94 diolHE s EY A AEE 02 HolHE 4138t
Al Hloly AAEE #13F 914 7sdlA Holy Ael EEd fmEdit.
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Application layer

Security Failure Load Metwork
Access control management FECOVETY balancing oustHTEzation
L —
+  NBI |
Control layer e
Al module
Seff-adaptive modules
———— " Al-based resource allocation
Al-based device Al-based nonlinearity Supervised Reinforcement
controlling compensation leamning based learming based

Self-aware modules

Al-based OPM

Al-based OQoT
estimation

Al-based traffic
prediction

Self-managed modules

Al-baszed failure
management

Failure prediction

Failure detaction

Failure localization

—

Mohile
Matro network

Access network

L . Status & resource status etc.__ L & devices adjustment, etc.
Data processing for Al Metwork control with Al
Data Database i Path [ 0os
Data Feature -
Topology labeling engineering Failure Application
mry ¥ 7 | management r.dleduﬁng
— || Data Data Data —
m ]| collection agErEgation desensitization Euntmlu"hmnl
-abstraction || ) {Openfow protocol)
|TEI:-:-met=r',r| | sei |
Transport e e
layer
Business
. r/_{.b{(\ Diata center
i s 71 | |
o Ll
ot
Data center

Diata center
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NFAFE @ A FE/1S Ak H2e| Mok FEL W] Ao GPUS
dA e} g Sedels] waE e SER A4S gk ATAFe MAHYS
2 gt glom HAeYe A4 AdE B¢ dolgRrE ueths A
NS A gleh Ml de 1 20 o] S Aol whek A Eat, A=
%o o

2 ERE S Atk A2 A2 A5 BAE B 99 AFA%
o

Machin Learning

Reinforcement Supervised Unsupervised
learning learning learning
« Decision process « Labeled data + Mo labels
» Reward system » Direct feedback +  No feedback
» Learn series of actions +  Predict outcome +  "Find hidden structure”
Jd 2. g SF 2R
Fepeha el e ol of'l &l Aeow o] ETL dAje
BHE st A8 7hsd Aes T BAS HAdslehe g B AT A5 A
gk 7ol 9 32 AstekEe ek 7 2E HojErh ool dE(Agent) =
27 (Environment )] &+ el (State)oll dislA &5 (Action)S FH3stal ol& &3l &
& B (Reward) & Sl H3EE Gt 7IMolt) dlo]EE oA & BA
] o] HE7V} &S AEshi= WHS 2 (Policy) gkl

10 WwWw.nia.or.kr



J| Agent |
reward ,
state action
T
St Ae
s Teea
P Environment ]‘7
" Se+1

J2 3. Yslsks O [

Lt. Q-Learning

Q—learning[5]2 MDP(Markov Decision Process)[4]ol4 HZ o] HAS 37| 9
gy T shuolr; AstekEe] 7P 71241 darg]Folth Q—learning oFF ] E)A]
= 7| F o7 F3)el; ol7|HHE uEr Q-learnings MDPE 7|WFO. 2 &AL Q)
o wak v 2] (Bellman Equation)S- o]-&3hc}h, #Hnk v Ao 7% sh4=5 53
S Aol ol 712 $h=(Value function)S 73 A4S F2(1) o2 F3H 3L}
, A 7ER 9 vl 7Ex] o] go] vt W= s AEste] 7FA|(value) @b T
li ol& HH=E st d5S Y= Aol

v(s) = max, (R(s,a)+yv(s"))=max, (R(s,a) +72P(87a,s/)v(s/)) (1)

)

N

off

FAAA 7 74 Feal HHRE ekt ks R(sa) + Tv(s) &
Q(s,a) ek X gstn o] & Q grolgtar gt whebA] 7k g 4240(2) 3 o] ¥4

g 4 glom Q ghe A3 Lol ANHoE FyHh

v(s) = max, (Q(s.a)) 2)
Q(s,a)<R(s,a) +ymax, Q(s',a) 3)
Q—learning®] &3+ MDPe} nlz A2 Q valueE H U= 3= 5 3= Z 9]
th =, ZF Al wEk HA Y] dEs Feke Q FHE(Q matrix)S WHEOloF 7t Q
FH2 F2(4)9] g RHTS T HHEA o R sheHh
Q(s,a)—(1—a)Q(s,a) + a(R(s,a) + ymax,Q(s",a)) 4)

A EEAM RS 11
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o714 a g5 (learning rate)® 3k O stepol] dulr} A wkgS- & A7}
Asl= Aotk
o|& HIF O ® Q-learnings &3 StEHAS dagls 13 ol 7=, A=

Z713} dA|9} =4 @Az g

it

Algorithm 1. Q-learning

Initialize Q(s,a), V<€ S, a € A(s), arbitrarily, and Q(terminal — state, - ) =0
Repeat (for each episode):
Initialize §
Repeat (for each step of episode):
Choose 4 from Susing policy derived from @ (e.g., e-greedy)
Take action A, observe R S’
Q(S,A) < Q(5,A) + a[R + ymax,Q(5’,a) - Q(S,4)]
S S

until Sis terminal

)

718 @A 1 0~19 Y3 oF AAstaL B4 ) d(Reward matrix) <
gt o] B FE2 Zf Aol tiel dEeS FAPS Wel RS dEE A
B ZPd(Edge)o] Rl 352 Null g5 W=tk T#t2 0ol 7hess o
5 BA A Ha 1o 7heE Al 35S sl " e
Q FHE 007 x|}

22 @A o] A= vHEAR 5E Fal Q B
= (episode) EFl ). dojo] HHE A

=
—
sl B4 02 ARgslhe e e—greedyolth e—greedyw 2

JB

o

1

I ox W
fuj

Al

iy

=2 A3 7= Aol Brbsel 7R dA AlAle] EAE E7] Al Ak )
ol E thFE Zo] wt=EA] e gy o5 dZdstr] $la 201559 DeepMindoll A
DQN[6]& 2708kt 13 4% DQNY of7|€lx1 S 1 ojFu},

DQNS 7hes] Adsid, t7] FEAE uakde s ol o] 838t7] A
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CNN(Convolution Neural Network)<=- o]-83}o] A} U $ o]|F 9]
H&st= Aolt). DQN 7|Ee] Feletsae o2 4=l AEjzE argsfjolst
= Ao A77F s A7) "l Q 5 AsAl7]7] Mol CNNE- o]-8-351o] A4

el A9 BE 5 Q §4E F daetae daa,

[ DON Loss P

Gradient X b
)% s'.a’'le
wrt loss Q(s. al6) o' Q" @'16)

a Q(s.alf) r

[ Envirenment Q-Network
y 5

1F o

AT My
~ B

Target
Q-Network

L]

(s.a)

Store
(s.a,1.5") Replay Memory r
1% 4. Deep Q-learning Of7|ElX]

detekgel HeEd 7lEe “—1./\17171 -‘Hﬁﬂ/ﬂ ok asord Atso

ol st TAE A5 Yl DQN-2> 43 2}d (Experience replay)[7] W& =

A2 AEES 7= FH= doly Aol A4l FaL mini—batch W4 o= ¢

of et ME FEY HlolE A2 ¢, = (s, a5 1 s,41), D=eps €9 o sen F ETH O]
23t mini—batch ¥ o] QHO|EE o] 8shH A 7|Hke] 7} ~8le Ao @
& 1A QlelEsl AAE R J)esl A dulolEE @ Hek ALaahs Ay
o dlolElE T EEMOT AMET AT ER, A5H ABE shirdhs AL A3

=
ko] g el wlaEHolAnt o] MEH e Ao FEaAVE Har
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Q—learningell HelQd¥ A3 AA 7'M HEAI DQNO| SargF2 ojvi=
ol 3= S CNNE o]83te] A7]E & | =
7} Q learningg 7|Hko & <a1g]Fo] 2HE3ho)

o
A
ol

(0]
)
H
[»
%

2t. Deep Deterministic Policy Gradient (DDPG)

Q learning¥} DQN-& 7Fx] 7|49k 78} ekzolty, 71| 7|uk A3}eha2 Q ol 24
= B0l Q #he ek aAle BEUlE GRS AYshs Aot JHAE THte R
G AYstr] witel Alrte] AR kel QAN Aeo] Jhsskal 747 et
G Ao Wyl A o)¢h thE WA o] Asetgor A |nk Aslslsiol
oltt o)== AR A= 7FeEF3ste] <= A7) (Function approximator)olA] Q=
o] 7¥A] 7t obd AR ApAolv. =, 7R 7|k A3slkso] Zb dsol el ke
Aol o]F 7|Rte® FAE AE i A 7wk st ZF e uE A &
EE Tgote] olF VIwtem dEd = v wiol s Aloks d W

DDPG+= DPG(Deterministic Policy Gradient)ol] A5 WS 5 5A
th. DPG<= 2014 DeepMindol| A AQFRE 7R 0= Qrol A vk 74x] 7|RE ZFs}st
53 A 7\ 7Fslskso] 3 AleE= 8192} BB (Actor—Critic) T-R2 0] Fo]
A At =, g Atololl AAS A= A9 AF(Actor) oF BHAF AEE S
B7Veh= H] (Critic)o] EA. A= AH 7o m FAS AAshy nla
AAE AHORTHE A2 WS o]&ste] 7HA] VRte g AA S Hrleit o]
TZEE PR v 22} sk DPGe DDPGY] 7]& ol

DPGE] H|#A = Q S5 vh7FH afxfoll A A& 7]5k 4
= WRo] dasirt Skl Aol AL Al ek X5 Vvt m AA 5

Se theat g

N
&7
NS
SR
[N
o

po(s F’Hoﬂ T’H:_]_' 5—(_7] ‘L]":T]:;i—
p(s—s' k) 1 AE soll Al AR mebA k A2Fjo]S A ol =R 7R o] Wt
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ued

o5& "= (Visitation probability density)

= / SV ), (s k)ds ¢ 1E AE) 3 (Discounted state distribution)
sk=1

o] = o]g3te] 9-gl7} HA3lefoF g =37 H=(Objective function): tha-3F Zth
J0)= [ 1" ()QUs.p1ys)ds

S

HA9 53X = 8] DPGE 71271 (Gradient) S o] &3t} -4 5ol thal Q
o] 71&71E Tokal, AA ueingel dis) A4 4 A (Deterministic policy
function)®] 72715 gttt o7|A Ao R0 we} FEEACRE AQGsr) &
sk DPGT H] AAA FH2(O0ff—policy approach) 8.2 2l&%=H o= g5 A4
(Training trajectory)”} 522 A3 (Stochastic policy)ol <&l A5, o]& ¢l
af AH EE7F dlE AH vlEE mEE Ho.

DDPG (Deep Deterministic Policy Gradient)+: 20169 DeepMindol| A A<kl o
™ DPG9F DQNS ZFAIZ elo]t}[6]. 13 5= DDPGO] op7|8lx & HolFE T} 7]
=9] DPG= AE4Q1 @5l a7t 7o, 7114 DQN2 L2191 geje]
A7} 7 3tk DDPG= o] 23t d3ls Aesk idlojgt & E} AEA 21 PFol

Target-evaluation network Hi%aq)

Argumnet

=
. - gt o
7Vsgk DPG 7|8ke] S 9jxp—n]d Fxo A v H]E%ﬂc‘ﬂ S8 AEAT
A< =
omd %49l Al 17t FsRES sk
Critic Netwark Actor Netwark
| ! ! |
| Crilie [ | Actor |
i Opiimizer | | Optimleer |
i update 87 E_e:_":‘d;;“' | | updare 0 :'I'F:f:?gmd" "I
| craimt s v ea '
| Evaluation nerwark iradintwire I Poliey netwirk I ns) Reward m
- argummn et | T argumnned nadse
| | = gl | =
i ¥i Soft update | | Soft update
i i |
i i i
| i !

I
|
Target-policy network I F I Environment
AT I
! | . :
Tt — — — — — — — . —— — — . 2 Reward =1
I 1 Tumetiomn

shore (S5, 0,V Siey)

—

Sample data Experience
N' (.ﬁ'é. @, Ti%ieq ] Replay Sample strategy
memory

% 5. Deep Deterministic Policy Gradient2| O7|ElX
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(3) HEH3 7I=0| Zeleks 88 s8¢
SDN/NFV 7]szo] sl A ofe 7HA] Aed 7IMS HEHA 7sd 4&std=
AZ=7F ALE I Ytk AHEY WEYAE Fdsty] sl UEH A defol vhekst %
Hog Asleas A& A A7 Edglel ME 9leW  Routing,
Resource Management, Security, QoS/QoE 9} &2 ofg| Fofo|A g5 QJr}.
7t. Routing
HIES A Sl B4l HlojH & 1 HA e AR5 Aests 89l ghed2 vE
A3 Y E AT T8 84 F sholr 53] kY] Holy dAES g A
/] BEE H A 2 g dom 7P wE Azt ddgsks Ale algste] At
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