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ABSTRACT

Nowsaday, Computer network system is effective and sophisticated.So there are a lot of
Artificial Intelligence tactic to solve computer network problem such as Heuristic, Neural
Network, Genetic Algorithm and so on.

This project describes Reinforcement Learning which is the problem faced by an agent
that must learn behavior through trial-and-error interactions with dynamic environment.Then

applied Q-routing algorithm to solve packet routing in dynamically changing networks.
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HUANBI AN

2.4 Return
Tuudazruian Agent 92 185U reward (U WU #0 71a ), Fre2, Tra3, oo UAT
s v v [
{19990 Agent #89m15' 1850 reward 1Huinfiqa faium Expected Retun (R)) Aidoenisey

Wunasauvean reward auauns 2.1
R{= Fogat Ry + N o By b h ki T (2.1)

T f® final time step

#1075 interact AUIETMIN Agent AuanwiAdoulinsusesmiudduden
Ao ) . 2 - ) o w
(subsequence) NLIVNI “episode” Taon episode WAUYAYN terminal stateISIIUVATNVUSIIU
S . . ) a ~

HUVUIN “episodic task” HIVLUA1 Expected Return AINTUNTITN 2.1

uAluLRTEiMS interact AUTENIN Agent Auaamiadeyhiimsuviesniiiu

. <4 o ‘:I 2 " ” 4 o VY . @

episode BSLTUYNANHUSITUHDDUI “continuous task’ %Qﬂﬂﬁﬂ‘l final time step (T) = OO0 N

L4
yfuf Expected Return funas 1deinaums

2 C K
Ry =T + YR + ¥ Fua + kfav Mkt .(22)

Y fio discount rate A1 0 ’)/S 1



2.5 Markov Decision Process (MDP)
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quautAvesanmIndou(environment) Tu RL sxgnTuaalviifiu MDP Tng Agent
3 @ o =) ° . = 3 -y & o &
2219 state vosanminadonlunmsaaduladennsz il action FWAAL state WUANUTUNUT

@ ' 9/ o -
iV state AOUMI HAAIAIUN 2.3

a r" r“ rh
2 aNJ

Tunisanaulouss Agent 9590 state 489 environment (Hundn TavUnd state voa
environment ﬂzﬁﬂmﬁ ¥1AY03 Markov

Agent sefivihilunmsdaduladen action Tt Ty state signal Y84 environment
) o 2 N 1 4 -1
%4 signal state %znmummimﬁo immediate sensation {¥U msh Agent UDIUHUURSHTINITD

v1 4 4 < A o o ) 4 y 4 & g
vonldhdanveariudessls wezdiamnsausnuosAumisesdanedld Faiavuail state
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v2gnaf1aaE maintain TasYUAY immediate sensation VAN state ApuntMIaANUT e
state AOUNT
P 1 . w9 ' ¥ = o . A A

N3N Agent 3 state signal Tu'lanmneaaumn Agent 9323INUINY environment NIV

a1 lFlunisaadule (decision making) 1¥u 1 Agent Mauann 511 dmanTafiez 14
»

Agent $911lude I ludfuszdlues’ls Tavlunsdifiesli hidden state information Tu
environment

A b4 o ¥ 4!” aq 3 o o o .

ma‘lnmsmmmnwm:ﬁuum“lw state LBZA reward HITUIUVINA (finite number)

. ¥

&1 state signal SifaIEruTAvB Markov Environment 9ziin1sasuauedninm t+1 lngasduy

. P = ' [ ' r a
state 1191& action NLIAt Tﬂaummm%nﬂumm state A2 R reward ﬂi)'lﬂﬂ’mﬁnﬂ'li?l 23
' ——
Pr{s,,, =S',f,; =r|sS,a, |} (2.3)

3 o . = o o _ o G J . A A ..
019U UV state LA action VI THIUINR ISITININ“finite MDP” FINA transition

probabilities AINTNNIT 2.4
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)
s,s’e S,ae A(s)
P feo amuninsiulumsindou state 910 5 (T §” edennseii action @
uazii Tomaiee 1ATuAT reward muaums 2.5 .
a _ ot
R =E{r,, s, =s,a, =a,5,, =S"} (2.5)
A
(o
s, s’€S,ae A(s)
R2. fio ammhezifiuiiez 1431 expected reward 910m151fou state 910 5 il 5”7
d'l =) ° .
WBDIBNNIENI action d
9INA79679984 Recycling Robot (4A28619993 MDP 1Ay action i agent 9znsEh
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high Thigh wait 1 Y Lt
high low wait 0 Rt
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low  low wait 1 R
low  high recharge | 1 0

low low recharge | 0 0.

715199 2.1 transition probability Hazm expected reward Y04 Recycling Robot

AsauanInIsiaouuadves finite MDP Tun1319% 2.1 18A70 transition graph #a

uaaaluziil 2.4 FaeediTnua 2 Tnua fie state node (IMUAIBRNANTFYTI) 0T action node

(UNUABRNAUTR)

SuAUR state § TAon151800 action @ P umMslasunn state node S lihitlu action

node (5,Q) 13i® environment 31015 response 1UN1S transition Ty next state node Tavriu

action node (S, @) FgnasuAaziduIINUAL (5,5, @) Tauii S’ fie state fala)

1, R wwit

gﬂﬁ 2.4 Transition graph Y83 Recycling Robot
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2.6 Value Functions

Fuilafiaruea state (state-action pairs) A1 umsUsziiiuit Agent 135 unand1alslu

o’: A Vo ] A ° . z Ay Yo = ol
state UU] N3O Agent "lmunaamﬂsmaanﬂszm action UUYIN state 185y Fawadnin
naEeRAD M reward fioz'181ueuIAn (futute reward) M1 value function ANsouLBentA
{2 uwu Al _
- :
2.6.1 State-value function : V' ( S )
¥y . . ' dv ve o ) <

mold policy 7T State-value function Hus Expected return AlASuAwA state S U

state Tlagiiuiion ldaauns

V*(s) =E.{R;|s; =5}

= ..(2.6)
= Eu{zykrhkﬂ I St = S}
k=0
A
(o
E,; #i® Expected value #i Agent Uiifian policy 7 Fagnnsadvulioglugilve
b4
aun5Bellman 1ARaTl

V7(s) = Y (s, a)z PLIRZ, + W™ (s")] 2.7)

2.6.2 Action-value function : Q”(s,a )
Ed

aold policy 7T Action-value function Husn Expected return AlaFuAuA state S 9

&4 state Thgfu Tasmsidennsein action @ Honldmmaums

Qn(sia) = En{Rt I S =5,a, = a}

o ..(2.8)
= En{Z'Ykrt+k+1 | S¢ =S,a = ay
k=0 .

backup diagram 11 lanzunsuilFvenanuduiuslumsdman 3o backup
13 ] ] 1 4
operation Laadazl 2.5 Fudluialedhfnwes RL TaeTonlerssumartinslinds transfer 2

ndu'11da state 130 state-action pair 910 state fald
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31]‘71 2.5 backup diagram Y01 (a) Vn iaz (b) Qn

2.7 Optimal Value Functions
3 lumsudTym RL Ao msm policy 9z 185uA rewards S1aumnluszozem
) 3 . v oA T ' .
&4 policy 7T9zAn policy 7T Aaeiile V7 (s5) = V" (s’) TavezTidfivasdaion 1 policy
lgts'dlddl ! v ,d'ld ,ayl“, . *” aa o
IMMUNANIINITBUAUNINU policy BU (58N policy 1T “optimal policy (7T ) TagRUMsUss
1 ar 9y * A -\
fl1, state-value function (@82 TN “optimal state-value function Vv Fativ lamu
AU
*
V' (s) =max V*(s) ..(2.9)
1

L e & ' E . .
UazINISUYSAN action value function IABINU 15UNTT “optimal action-value function

(Q*)” Failon'l@aauns
Q’(s,a) = max Q" (s,a) .(2.10)
T

a o o Y U
A5V state-action pair (S,a) Wanmuﬁvz'_’lﬁ’m expected return IANSLADN action A

3 %* 5 &
Tu state § M1018 optimal policy Fsannsafou Q egluzdves V' 1 awaums

Q'(s,a) =E{r,, + W (S.,1) | Sy =s,a,=a} ..2.11)

4 9/ . . 4 IS [ I
swunnwla optimal policy 1 state-value EUAUNINUAT expected return Tuns
) 3 t 4
[@on action NANTANN state WU unsouaniliogluzivesduns Bellman optimality

equation 1AAWANNTS 2.12
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V' (s) = max Q" (s,a) = max T PLREL +7V ()] .1

HAZEINTOUTAIA optimal action-value function °1u§,ﬂ=lmﬁ1:ms Bellman optimality

equation 1AM NENAS 2.13

Q'(s,a) =E{r,,, + ymax Q' (s,4,@") s, =5,3, =a}

= 2PL[RS +ymaxQ'(s',a")] e

backup diagram %94 optimal state-value function 102 optimal action-value function 9
o 7T T Vo w o
miloufiy bakcup diagram v84 V' uag Q" uduananafuiilumsiden state 130 state-action
pair 1 1171 value 1nTigA taasAagli 2.6

(ﬂ) S (b) s.a

max r

i * %*
gﬂﬁ 2.6 1oAY backup diagram VoA (a) V uaz ) Q

2.8 é’ana‘%‘ﬁuf‘hﬂummﬁ'ﬂ@m Reinforcement Learning

2.8.1 Dynamic Programming (DP)

ASAUIUNIA state-value function (Vn) #1M5U policy 7T Tu DP 59071 “Policy
evaluation” éoﬁm:@uninﬁu “prediction problem” 9¢'1AR1 state-value function MVANNIS ﬁ
27 ao 7(s,a) Wunmninedhulumsiaen action @ Tu state § MolA policy 7 ums
Mz 1933 iterative method cis‘mzzflumsﬁmsmfh sequence U8 approximation valge }
function Vg , Vi, Vo ,... Taemsmm V; , V... ¢unsofuoeldnn Beliman

equation AMUFUMI

Vi (8) = Y. m(s,a) Y PE[RE + W, (s")] .(2.19)
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LfUN sequence {Vi} 92 converge l‘i’l"l’ci V' $1k>00 Son algorithm ﬁy'h
“iterative policy evaluation”

Tums approximation A1 Vi 9110 Vi 92i8hums apply operation inileuiuluusas
state § TAB9ZYINT replace AUAIUBA state ABUNI GonTowlows st “ul backup” 1u
UAaLAT1ueanIs iteration i3 backup AWEANNY state 1 ﬂ?ﬂﬁauu’e’\"ﬁidﬁ?ﬂ”ﬁ
approximation new value function Vk+ 1

250159049 full backup SvaodssamAufy state 130 state-action pair ‘r‘iﬁﬁqgn
backup azauRuaeiuilums estimate A1wea state 61l M3 backup 14 DP algorithm
zidu full backup INT122UT base on YN next state fstu I 1dmnnieziium sample
next state

4
o

Tupoulums implement Iterative policy evaluation & mﬁnﬁflﬁmug Un 2.7

Input 7T, the policy to be evaluated
Initialize V/($) =0 forall s € S+

Repeat
Ae—1D

ForeachS € S:
v V(s)

V(S) — D 7"(57 a) o P [R:s' + F}'V(s')]
A — max(A, |v— V(s)])

Until
A<B

Output
VeV”

§'L'ﬁ 2.7 Iterative policy evaluation

$ o ' . s o . g A . 4
MsAidealimIMuIamMIA value function dM3Y policy MNBABINIM policy 1A
] a o= 1 . T o o . & 9 } 4
a1 auuAnlumsAIsam value function V' @151 policy 7T &a1u1n4 state 9ABINSTS
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Haasilasu policy n3e'ld Tasmsiden a # 7(s) Tasmsninsenan V(s) usaelidn
as ddy ) 1 Y =t P . t
uezasunseudasdiimstasumnlas policy Inai

Fatiozawla A msnnrsanlumsiden action @ 14 state § A policy 7T A1 value N

1aeismuaums 2.15

Q*(s,a) =E {r,, + W"(S.,1) | S; =s,a, =a}
=2 Pe[Rs + Wi(s)]

.(2.15)

Taoideu v igeidnnnnimiedesnh Vi(s)  dilsmnnndinzinsg

£L - 3 . - :
{@en action @ NANTITIAA state § FauTlumsuanady policy Tmifind1 policy 11
n e AN ' % .
& Q"(s, 7’(s)) = V'(s) urasdi policy 7T’ And T Senizmsuuuiiin “policy
1 4 v
improvement theorem” aariuezldnn expect return ﬁmnn'nn?ammu“lm]n state § € S

MUFAUNIT 2.16
V™ (s) = V*(s) ..(2.16)

A a b ), o ° - - .
11j93 policy iae value function AVSHAINITONINIG evaluate Tumshseilaou policy

] 3 ) ’ P ' T 4 ' ' .
N&5retu Taomsiden action Tuudas state Al Q" (s,a) mniiga nSond121871 policy

Tl greedy policy , 72 ldmuaunis 2.17

7' (s) = argmax, Q" (s, a)
= argmax, E{r,,, + W"(S..1) | S, =s,a, =a} ..2.17)
= argmax, Y, P3[R% +W*(s")]

s argmax, mneia mves a imliidamimnniga
AszUIumMsTIMsUiuYse policy @uliflu policy Tmilasmsni greedy Gonh
“policy improvement”
an . ) . da "wm o . a v &
AUUAN new greedy policy (7T) @ policy N ua Lifam policy 18Y (77) MUY

V= V" swnaumsi 2171
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V™ (s) = max, S PLRE + W™ (s)] ..(2.18)

Py @ . . @ 3 T * .
Faozmilounuaunis Bellman Optimal equation #3111 V' = V' uag policy o
7T sz optimal policy

14

Ao b 4 - .
favu ola sequence Y94 policy

)

o T A
Tumsi$uilzs policy Tauld V™ them policy 7T

4
1ag value function 1]
E o ! E 1 - E .
T —»Y —3»T—» ... 5T —V
E_ a . . I s
Tay —p f1D.policy evaluation itag — A0 policy improvement

uAag policy 19ZQN improve 910 policy ABU UBAVINTY policy yuezifiu optimal
policy 0;1:11’5’) tfl"mil‘lﬂ finite MDP 1 policy (JuuVY finite number ﬁ'ufuﬂs:mumsﬁ’ﬁaz
converge fj: optimal policy a2 optimal value function :

35 Tun1511 optimal policy fazdonth “policy iteration” UAAY policy 9¢UNT evaluate
ﬁ":ﬁumquazﬁ1nﬁﬁ1mmc§1 Taoezisun policy neumdit sanesiulumsi policy

iteration {18 mﬁ'ﬂg UYn2.s



1. Initialization
V(s) € Rand 7(s) € A(S) arbitrarily for all SE€ S
2. Policy Evaluation

Repeat

A0

For each S€ S
v+ V{(s)

V(s)« o Pi [Re + V()]
A max(A, [o= ¥{s))

Until

A<B

3. Policy Improvement
policy-stable «+ true

For each S€ S

b« m(s)

n(s) ¢« argmaxe Yoo Pry [Ry + 1V (5)]
It b#71(S), then policy-stable < false

If policy-stable, then stop; else go to 2

5ﬂﬁ 2.8 Policy Iteration algorithm

. . . . Yy 3y  w
115578 policy improvement 1A% policy evaluation step IUVIAIUAUAINTUNIT 2.18
Vi (8) = max, E{r,,, + Wi(Sy.1) | S¢ =s,a, =a}

= max, T PR IV, (s)]

16

1 4
doidou04 policy iteration fiv TunI3 iteration TuUA aATIILANISN policy evaluation

a de o A . . o a o
ﬁxl‘/lﬁ‘lﬂﬂﬁﬂlllﬂ policy evaluation §f stop HAIINUNT sweep Wos 1591 backup

i d »
VYOAADY state) DANDT AudiiFona “value iteration” AWITNVIU simple backup operation 7l

...(2.18)
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e una'ld71 value iteration backup 3iMifOUNY policy evaluation backup UARNAUT

92911015 maximize TUNNY action Sane3 Ny 151uNs1 value iteration uaraedazh 2.9

Initialize V arbitrarily,e.g. V(S) =0 forall S€ S+

Repeat
A0

For each SE€ S:
v +— Vis)
V{s) « maxe 3t Pry [Riw +7V(s")]
A — maxiA, o= V(s))
Until
A<t

Output a deterministic policy, 7T, such that
n(s) = arg maxe .o Pag [Rex +9V(5')]

gﬂﬁ 2.9 Value iteration algorithm

::' o q ¢ ) | v oA o . 4 .
msnsziln converge Y11 optimal 752 Aemsi multiple policy evaluation sweep
4
FEMININ policy improvement sweep 1 A3
a a { o o &
deiuveeiEms DP fie szdeunvadesnuTenloissulunng state set 489 MDP %4
9 - U n’;’ A Vl 1 o d'ml v &
VTADIUNIT sweep state set INATUU HIVS ININWIZAY state set *nn'uum'imy Faamnsoud 1
18 Tnems1d Asynchronous Dynamic Programming
M5V Asynchronous Dynamic algorithm 21U iterative DP algorithm
° 1 dyy & .’: 3
Tagazinnis backup VYD stateclﬂ‘]ﬂvlﬂ FIANVDIUN state DIVISYN backup NAWINTINDU
< 4 I . .
N value YN state DBUISYN backup 1 AT Tny Asynchronous Dynamic algorithm swwilinwta
nguluasiden state fivzrinTg backep 1AAND
Asynchronous algorithm mangAum s TU1¥uamuuy real-time interaction %9

AI1505Y iterative DP algorithm TuaufgInud agent 1993 uui’mn MDP
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2.8.2 Temperal-Difference Learning (TD)
TD Learning ¢ 1¥Uszaumseilunisudilgm TaghidesnrduTumaves
environment 1AY9Z1INITONANA estimate V( St) 910 reward R,.,. ] Wag estimate V( SH. 1 )

BundEmsuuyiih “Tpo)” aunsodouldaumums 2.19
V(st) <_"'—V(st) + o‘[rt+1 + W(st+1) "_V(St)] ..(2.19)

1INAUMS 2.19 919 1971 target Tumsdmanvea TD Ao 71y + ¥ Vi(Ste1)

algorithm 483 TD(0) uamﬁq;ﬂﬁ 2.10 uazgﬂﬁ 2.11 UEA backup diagram Y84 TD(0)
ﬁﬁ‘]u “sample backup” W3 131?;011’1'mﬁ'u sample successor state Tao1961 value U941 successor
HaLA reward TUMSAIUINNT backup value aniufin/Seninlas vale vos original state

Sample backup UANANIN full backup ﬂﬁﬁ sample backup %‘ﬁuﬁ'mlfi single sample

successor lmuﬁﬂxlﬁﬂ’l'fl’mﬁ'ﬁ‘r}ﬂ state ﬁlﬂu‘lﬂ‘lﬁ'

initialize V/(S) arbitrarily, 77 to the policy to be evaluated
Repeat (for each episode):
Initialize §

Repeat (for each step of episode):

@<= action given by T for §

Take action @, observe reward,r’, and next state, § 4

Wis) € V(s) + ofri+ yV(s') - V(s)]
s €5’

until § is terminal

317 2.10 TD(0) algorithm

311 2.11 backup diagram Y93 TD(0)



S = Yo o D - = & ' ¥ o o v v
wnanstluenashanulidwiunisidnuienisfinwwingu eugrelnhluldusslevdmunis

ldnsdllansdu dnviwvnuillvnaudadiiion wagdesdeddiadiveaenarsynasaninisiluly
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aca . o ' da 4
A5MIYBY TD method ﬁ]umi estimate state NAINU LUAQS error Mnavulums
; 4 : ,
prediction s¢iinsilAsuntanasaia ¥aSundn “temperal difference”
49Av09 TD method
- lidediTunavss environment
] L d
- amnsoims implement WU on-line 1@ Tnulidioassaunssmiduga episode Tny
P~ 1 ] :
TD method 92 381WULA 1 time step INTUU
o ) o ¥y A < v ' . aY 1o A A
-l msSoudSuiisanmdumsiSeudvinuaas transition Taoh lidriisds

subsequence U84 action ﬁgmaﬂﬂ

2.8.3 TD(A)
[ =74 n:; o p— ¥ ] & o '
Wusanesiuihinel eligibility trace 1119915 TD Learning Taoluusiaz state

4 + ' ' ge
923 eligibility trace iNIABI0aTAY €4s) € R’ Faluusazsrane eligivility trace 93an

[ | - A (] WA A A -ay st ]
MmN ’}’/l T3 state NIQN visit ATYB eligibility trace ISHAUNUTUNASHUIMVANNTT 2.20

A, (S ifs#s
e,(s) = huy(S) , . ~(2.20)
A&, (s)+1 ifs=s,

se s

&
Y fi8 discount rate

A fie trace-decay parameter
L d » » »
Sy ued eligibility trace LUVTIFUATT “accumulating trace” 111090 TULADZATIN

a [ ! o ey sqs ' A my .. <
fims visit state M eligibility trace LQAAAWITILABLNAAAULD state Tai'ldgn visit &2

Mr\mmulsmgelwbduy raca

LT 11 | times of vieits to s 8B

weraAagyl

gﬂﬁ 2.12 Accumulating eligibility trace
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Tuudazna9zinsudin eligibility trace state Nign visit Tnoeziiomlumenves YA
¥ t4 ] * ]
34 trace vzifufBiat state TnummnzaiiszinmsndouilaimsSouifiezdlu TD eror

y
a1 YUY 1AY TD error 113 state-value prediction seithu Tdmmeaunis 2.21

8y = Ny + We(Seis) — Ve(Se) - -i221)

* 14
a6 TD error 9z1iludadumumssnianveann state Hiin13 visit winounhiia

AUNS 2.22
AV, (S) = ad.e(s) (2.22)

G435 increment vzilunIsnsz luugas step Milu on-line algorithm 3euuY
. o a S o 4 & 3 o 3 o
off-line laudanesiuiyy on-line TDOA) umaadagUii 2.13 Fwdazmsdnmanssudy

o 1 o ¥ A o H
current TD error fill trace YBUNGMIIAUTINANDY FaldAIAgUN 2.14

initial V(8)) arbitrarily and €(s) = 0, forall § € S
Repeat (for each episode)
Initialize §

Repeat (for each step of episode):
@ +— action given by = for s

Take action @,observe reward 7, and next state s’

6 —r+V(s)— V(s)
e(s) —e(s)+1

{;ES) «— V{(s) + abe(s)
e(s) « yXxe(s)

5+ 8§

until § is terminal

511 2.13 On-line tabular TD(A)
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3
K

gﬂﬁ 2.14 Backward view of TD(A)

8181 A = 0 92 eligibility trace HAuTU 0 vua oAU state S, v l¥msswan

amauns 2.22 daudu
V(sy) & V(s,) + off,; +W(Sy,,) = V(s,) -(2.23)

Tunsdives TD(O) vxiltiea 1 state Aouni state YogriuRitinmsuldounlasdis TD
o J o \ { l!' ; J
error M35 M1 0<A<1 9ei$1UM state AoumNNMsIRumnlannntiu udas state 9zgn
P v OCOD... Ay & ' [ aa P '
wasuuanieraaunsie eligibility trace ifiiovas F10190a17 107 state NuNanouszlinans

credit Y83 TD error ﬁ‘ﬂﬂfm

2.8.4 Gradient-Descent Method

o

Tunsdiflgmiitismau state hinnnfgmnsal¥ms lookup table 14 ualunsaifdiu
i‘]m,mﬁﬁﬂﬂu%'m’f’aw’fafh’f function approximation ﬁﬂh’ﬂu supervised learning U neural
network zi‘luﬁ’u

Y o £ . J o ~ o o a I'd 9

drimuativatue function (V) iuilanduves 6, Tnenalusmaumsilineseziies
AU state tazmsldoundannsidimes 1 desiinarin i estimate value tiansiaou
iaanany state

R Asaa Yo ° . . .

Gradient-Descent Wudsadenlgiunnlunsi1 function approximation Tny
parameter vector seidu vector MiusuINSI1TAYDY real valued component,
ét = (Ot (1), Gt (2), ,Gt (n))Tll’ﬂ:: V,( s ) seiilu differentiable function V®4 Gt

Tng gradient-descent method 915 state-value prediction sedlu Tdauerums 2.24
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6, =6, +a (v, — Vi(s))V; Vi(s,) .(224)

» ]
lunsdlues TDA) M1 V= R} mswasiuaumsi 2.24 aunsodow1didu

0., =6, +a R} -V, (5 )V Vi(s,)

_ _ ...(2.25)
=6, + b8,
4
1o
5, 0 TD error 9218
=~ & s e P Pat o
€, N0 column vector YON eligibility traceFUIATEL component YOI et wonian lay

§an83 3104 on-line gradient-descent TD(A) ugaafegili 2.15

Initialize 9 arbitrarily and é = 0
Repeat (for each episode):
s « initial state of episode

Repeat (for each step of episode):
e « action given by = for s

Take action @, observe reward, 7, and next state, 5~
T AV(E) o V(e)

€ «— A€+ VgV {s)
§—0G+abZ

s« s

until § is terminal

gﬂﬁ 2.15 On-line gradient-descent TD(A)

2.9 M3 Prediction 1asly Temporal Difference
. a /y 2 A ¢ & 1 Y
Prediction lﬁuﬂ‘)i’Jlﬂi'lz'H‘UEli;gfmN’IN!J‘HW?J%Zﬂ‘Iﬂﬂ‘liﬂl’dﬂ’mﬂ'ﬁ'ﬂlﬁ'NHU’l ¥u M

o ° ' s
yueAmmisveannngn,minnnseieima, nsmanzuaanzaniaqu udu maiSoud
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o . . LY « e A A' oo o . e
Tumsi prediction 1nvewuInlu heuristic search FITAITNYVOINIINI prediction fio M3
) - 1t 9
Souduvulifidaou

- ~ Y a [Y ° * ' ' (4 P
'umz'nmﬂswguvummztﬂumsm error TﬂUﬂ'lu'lﬂm"lﬂﬂﬁﬂ'l\lizH’J'l\lﬂ'lli]'lﬂ'b‘!‘ﬂ?l
Yy a oo 9 d sy 1acy . [ 9 '
UNTINAVAUDIAWNNADINGT  LIRITNITYDY Temporal Difference ﬂxtﬁuaﬂymwamamq
J . ... A a  yda a
FENIN successive prediction ‘mﬂums15Uugnumsxﬂauuuﬂamaaﬁnm -
YoAUINI5H Prediction Tavly Temporal Difference
1. Wu3EMsuuy incremental Yinlddwdensfiim dedrasu mswnnsalomalu
Futar§ 8y Prediction 41U Temporal Difference 9@ 1MITOBNIANMS prediction

L A Y

TunaazTututudaly'ld uvmzfins prediction HuuANIzABITBIUDITWIATTA0E

] ¥
[

= = - a o S v £ 4 ° ’
Inmsildoundaans prediction UVDINIDINAY F9LADIFMIAIUIUNINATIVY
] ° -] q’: o
. Temporal Difference UazAsalanamizoniuir lumsidudeyaveniadia

a a P ' o ™ 3 ' o
2. HszanEmmnnni uazlAnadns lun1s prediction Miud

" ] o
Prediction-learning uueeemiy 2 dszinn Ae

[ b d
1. Single-step prediction WHums prediction Vmﬂqﬁauangmﬁﬁmu‘luﬂmﬁm

2. Multi-step prediction mmgnv’faﬂumi prediction ﬂz'lﬁqmilmnuwnszﬁ'mﬁamn
. H s 1 a e 9 o v

1135 prediction il step uaz*uay,amaﬁ'm'nmuwmnuﬂzgmﬁﬂmu“luuﬂaz step

i 4 1 v

TuuNANUTIILANTUURNIE multi-step prediction 9 experience ITNIVINHAGNTN

b
v oA

Funa'ld Taelidrdudiadl fio X;,X0,X3,..., X2 Iavhudas X, U vector voadaiduna

= o o

18 tuas Z fi0 HAANBYD sequence
’ . b4 °o_ & . . o Ay &

luudaz observation-outcome sequence Agent 3TAINAIAVUYDI prediction AU 7D

P}, Py, P;,... P, Funazduszilums estimate 12
] . . L& ia a -; ’ 3 ]
ufay prediction P, willuilanduveamgmssifidaiuseuniiinm ¢ duilu
} 4
Y . a 3 . o o d o
HafFuves X, Tasns prediction 9 WNT81910A weight (W) iy Prazidluiladduves x;
was w ansadou 18 P(x,, w)
] ] y
fvee w infdsundadlilszunudis Aw, ndwndugn sequence M W 3N

dwianaowaswvesmsiasuuasues w lunn sequence

m
W W+ > AW, .(2.28)
t=1



24

cl ad . . 1 o @ A t:l'u 9 o o o P
HITNTUDY supervised-leaming llﬂﬁZﬂ'lﬂ‘lJ‘UﬂQfN‘ﬂﬁilﬂﬂv[ﬂuﬁzﬂﬂﬁWﬁ‘Ulemﬁ)tll

msim”urflufjmm sequence Y84 observation-outcome pair wu (x ],Z) ’ (xz,Z ) ’ ...,(x,,,,z )

.
1~

[3 ¥ 14
ARARUTUILIURY error 53MIN P,y AU Z Taun1somanveq supervised-leaming sziilu
AW, = a(z-P,)V, P, _.(229)

O 0 learning rate
= . . .
th f1® vector of partial derivatives Y93 P ¢

Tunsdin P, 13l linear function 484 X, 10z W Tnuf
T - )
P =W X, = > W(Dx(i) ...(2.30)

w(i) waz x,(I) W component F7l i vea W Lins X, Amdasy
Wit Vi P, = x, duiuaumsd 229 annsodonleglugilves Widrow-Hoff
rule lAdaauns
AW, = oZ — WX, )X, .(231)

A 3

adas 4

HUINNNAAYDIITH A HAANYDY z-wa, su1lu scalar error 581319 prediction
Y89 wa, 1Az Z $995QAIY observation vector X; 1A X; siiufadsahmsdsunlas
YoaRaz weight 95 IHaA0 error 08115 1 error huavein it x,(i) Wuvande Fufusz
Wit wi(t) Sy dusam® wx, divdu Seezild emor anag

Tunsdifi P, i non-linear function 04 X; ttaz W Fagansosnia Tnold multi
layer network

Tinzdunsileiam un Aw, Tusums® 229 ssdufum z uazlhicunse
#915211 1AUNI19L9Y sequence ﬁ'u'funn observation (1A prediction S¥MI1 sequence ILAB
gnifue131un319z91 sequence Faaziftudnaumsii 2.20liaunsoM U201V incremental
it

Tu53M 5984 Temporal Difference §1130MIMSAMUIUNVY incremental 17 198 error

senin z- Prazidiumasmveamsildouniloq prediction mnaums 2.32
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m
z-P, => (P, —P) ..(232)
k=t

auM3 2.28 uag 2.29 asawonldidu
m

W(——W+ZOL(Z POV.P. W+Z > (P, —PIV,P
t= k=1

W+ oy (P, —PIVy, P ..(2.33)
k=1 t

= =1

3

3

=W+Z t+1 p)zvp

t=1

amnsodoulfeglugiaunsi 2.28 14
t
w, = o(P,; —P)D.V,P ..(2.34)
k=1

AUMIN 2.34 ANTINFUNITN 229 ATIRAITOMUIMLVY incremental 14 INTIZUA

4 ar w4 ia o 2 1Y '
ay Aw, s2ifoadoedu prediction Aanfunazrasmwes VWP, dsgslsendaniavaiy
° o ] ° ' 4 : ’ '
s1lumanunnawes VWP, uagsslimsianm w anfasuuasluudas time step s

AN 2.29 2ADITOIUNTLNIIY sequence LAIVIABIRINITAIUIN

2.10 $129¢19M15%1 Reinforcement Learning ‘llni’f‘lumiui’]'ﬂiyﬂ1
2.10.1 MmssauiesFanaluszuuinsdwmndouniuuylauiin
o w 4 a o Y a ar [ [ a
JymidrdauesnmsiemsluszuuInsfwmnfoun As msdautsgosdygun
v v -4 ]
muzanlunssesfunsiFauninsfounlaswasanarla Taslimsudenuinlumsid
a [ 4 ] 1Y u’: [ [ 4 ]
ySmseeniduwad uazdosdyanuniinuavesssuussgaulisdesoenilu channel Taofiug
L4 Yy ¥ o~ o a ¢ o A Y o 2
az channel ansaldanuldniouqsuiimadanduveilostumssuniuvesdyaiu 9
seozvirarioofigafl channel 1AuatuasolFandlandeuaiu Sond1 “channel reuse
constraint”
a o o 1 1 [ A
Tagulszasn lumsTautsresdygu Ao
1. N159AUA channel 719 1uMITRITUMS InsiduNoansIums block call
o 4 1 4 o d 4 td o o
2. andSums drop call edims hand off (MsfnTosInsfmsiiadoundemas

[ s ¢ A & A a s A LY - s & te o
aunuity NSNS 8ty nasunnnradnile lddnadnillas ludadanae

MSAUNUAAY)
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nssautsresdanalussuyInsdniindoufidiulngifuuyy “Fixed assignment
° ] o o 4 o ° ' ar i~
FA)Y Taviimstmuavesdagiuldfuaaduuuaoda %l licusesesums1daund
msuldowasmasanarld
ad d' ] £y LY ] t LY 4 L T ::':15 - o ] [} as
Fmsnvelinmssautesdyanadidssdninmnasu Ao msdauuresdyan
llUUVlﬂu'lﬁﬂ Tﬁﬁﬁﬂn‘h’f' fio “Borrowing with Directional Channel Locking (BDCL)”-TﬂU!dJﬂ‘Ii
a o w & a ' ° 9o s A o aa
3091FUNNIOE@Y channel 910 1-N Falimsulaasfmua channel I¥furatiniiouniuis
" [ td
¥4 FA 815 channel 310iiled call Mu101aY channel Adgaszgafimualifiy call 1Ty und
Tuns@iflud channel 31979211M384 channel AilMIBaUEIqAN channel IndiRsarilH
4 A’I’ ] o 9 9 P b3 as o
wamin lieaunsegmi ldlFauldissnnssiiamssunudygnuiu
b4
5515909 BDCL moudnduden luunanuiwidumsnSoudivudsedniam
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