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policy )
o - o 1 = o Y - ey A
Tuihweuduany yarwesmsidennisnszin o Tuaowe s noldnad 7 3
o W o J & o a
unudedydnual 07 (s, a) WINBAs MAIANIILYEIHARDULNUE UG UANIINAD IS s

Huaaduludenmsnszin a vazdwinlUawIngd 7 msfmausm 07 (s, a) @

b d
=1

woulugdvosaumsdmiu Mpp Tads
O (s,a)=E (R |s,=s,a,=a)=E.(Q 7" r,.,.,|5,=5,a,=a) (2.8)
k=0

¥

Heidu 07 liGund1 WanduyamuesmsnszmnuIngs 7 (action-value function for
policy )

Taoia ) FEmsauamemsGouduuuaSumidsgjmiu ldfinsudlymaes
§ it o e [V o i - & - o o
FeaniaNuduiuEiu Ao Jayninsinod (prediction problem) FudumsGouidaidu

" 4 o = a e P
yafudiedniulauInadla q uardlyniniinaugy (control  problem) Fafuns
o i aa A 4 ot -

YiunldounsedumInadine W 1&g Indgnminz auiiga

A de v o  w y & a a a ¥ S o o &

deidnydmivms ldundawoaeuunuiigeigalunssouiuvuiasuid 4

ar " ° 9 o - & o e

maliuaugaszndrnsdisasuazns 19ds Tomivnanudidy Fafuraninnisdadule
- ° o s - o =, | e | A
[AONMINTZNIVOADIIUA TDMIIADNNIINIER MU VIBNTaOU-NIA ( £ -greedy) 1TuTTnile
cs' aa a:: as @ -~ o - v = o ar & Y -
niuiiiouigaluiimsdaduludenmsnszilunsoudimaiumse 3314msiden

o A ' = 1 - b)) L3 Y 1 a ' 3
nsnszihiiyamaeiqaidudaulngiiol9Us: Tomivinanudiisiegiay ualuuienisee
l¥msquidenmisnsziiuiiedrsasmsnsziivu q 1dw Tasdmualiaanniesiiuly
£

2O

o 4 ' S 4 o o d.
BONMINITLINDY q ANy —— e |4(s)| vanvdadwaumsaszimdul 14 nas ¢

js)]

[ o 2 o o L ] " e L4
{hudasimsdisngainfdimuadaanioo 9 ud liiiugud

°

U =) cid i ns' = 1
Msguiaenmsnseiilyamgeigaiiauily 1- ¢+

uazanmizihulumsdy

ueNNNITMITIENMINIZMIVVIENGaoU-NT AN STmTiEenms nIzimdIny
a4 ma A& oA - 3 4 o Y ad a oA
BNIBUUIND MIADNNINTTNMVUBBNNUNNS (softmax) Y0AVDIIT oW UNNTAD AW

' ' =) o G;ﬁl ] = == s o 3 [} '
wnziulumsquidennisnsziiifisigeeziawn faudiinsnszinfues Iilens

o Ao ' = ° v ' - o Aa v Y ay '
ﬂﬁzﬂ‘lﬂugﬁﬂ’lq@'ﬂqﬂ 'n'n"ﬂ'nllu‘mzlﬁu1“fnﬁ!aﬂﬂﬂ'ﬁﬂi3ﬂ1ﬂu7}fﬂﬂ1uﬂﬂuuaun'}1

v "
a1 =

L] ] 4‘ " ar o A d
mmuwxnﬂu'lunmﬁanmsnﬁzmnﬂm"lnf’hﬁmnnnwnssnmummnqﬂ PIA199IN

u
» " .

3 v

et - ° - et - o A UL P |
’Jﬁﬂ'l‘ilﬁﬂﬂﬂ'l'iﬂ'.i3Vl'lll‘lJUlElW'lfﬁﬂu-ﬁ‘iﬂﬂq[‘lfﬂ'liqiu'ﬂﬂﬂﬂ'liﬂ?:‘.Yﬂﬂ'l—l el | 7]1111‘]50157’153“1'"
o - F ' "o ar o ada o s -

isgangadonnieziluiion q fu Taoiali wsuvvseNungitouiga 19

= 4 . . = § = o ' -~
MISIINUIIMVUNVE (Gibbs  distribution) n3eniFonlaenali3nsuenuseTuangsu
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A o ] o e
(Boltzmann distribution) "'INﬂ'I'Huﬂﬂ’ﬂlll.l'ﬁ]zLﬂu1uﬂ13§ﬁﬂﬂﬂ1§ﬂizﬂ1 a wumrad

aunsg

eQ,(a)ﬂ’r

n eQ,[b)n‘r
b=1

Pr(a, =a)= (2.9)

4 o ' ° o It a ' a
e O (a) Lﬂuﬁanﬂsugﬁﬂwmmﬁﬂszm uaL 7T MU WITTUADINITUNIYMHAH

A = T H L Ll o
(temperature) Faiifniluuan Agumgingeszdemaldnnumitnziulumsidennisnszi

a <

[
e o

A 9 UAN 9 M Quugiindiassedana lfifannuuanasvesnnuinziulunisiden

-~

o Aot ' ' [ ' = 1 o o
mansziiiiyananaeiu deaminiimes ¢ faudrlndgud madennisnsziee

Mramiloutumsidonnsnsziuuunia

2.4.4 MIBBUIHAAZHINOM

nm‘%’uui’nm‘i‘m:wﬁmm (temporal difference learning: TD learning) [11] Ry

e

o °

=g Qs e o " o ar " é ar = Aﬂ.c o
anessunand miu1Flumsinnemvesilsiduyan ua:si‘luwuﬂuaanmnnnmﬂm
galumsiSouiuuuaiuiids sﬁ'mﬂmé’ana?ﬁnd‘m'lnqiﬁuﬁmﬁums1?uui'u‘uum?u
e @ 9 = 9 ' " d:‘ =l 9 o ar ] ar 0
mm‘lmms15uu;uamﬁxmnnmaﬂuwuj1u1ummuuﬁqnwyam msdsuanlszunm

o o 1 =) g d’ U - ] ]
vosflsnduyamdsmsisouiuuuil sidulmwinufanaavesmadieszuiiaaa

é or s - o dv
(temporal difference error: TD error) Faumudvdaydnuel o, uaziivi 1ddaii
O, =1, + W (s.)-V.(s) (2.10)

4 =) o dl Yo = o« o i -

e 7, vnode 397aN 185 w nar 1+1, ¥ vineda Wanduyan o nat 7, s, vuwoia
: oo a ' @ 1

Yoyaamuzvesanmiadeniienuasu uoz y vinei sasimsans mariusives

Haduyamsaihuludad
Via(8) =V,(s)+ade,(s) (2.11)

dmiunn q a0z se S uazdmuald o unsiivessziumslium (step-size)

o o & ’ o °
Waidu e, (s) nuwdla seemansdiuyan (cligibility trace) 3904 lugnuuiunlsanw
HInsnvensnud Tasuaasdeszdumsdsunlasuawesilsfduyamdmivaoug s o

= 3 o -:iv
a1 ¢ wazvom laaatl
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(2.12)

yAe,  (s) ﬁﬂs#;
e (s)= { 4
e (s)+1 e s=s5,

4 oo [ = [ 4
Lﬁﬂ ¥ rﬂumﬂmﬂmsaﬂm uay A rflumﬁmmasnmﬁﬁuamwmﬁmrmN (trace—decay
A o L] dy 1 v
parameter) cxmaumamsﬂmgamuuuuﬁunﬂ WUNNaTay (accumu]atmg trace) 910
8/ b ar Vo ' Pei o - a0 A dy 9 '
qauNIIVIIAU 'saumqmsﬂmgaﬂmﬁnmzmqwmmuﬂ"lﬂwﬂui}znmmwumum 1
- 4 [ A (P =l L4
VUSNIDONNVDIADIUTOU €] ILADY 9 imwm"lﬂaum%1ﬂ"l,11um'smmawmmmuﬂ
a o @ ' a o
uenvnns I¥soomaazaulumsusuilsdsuyanuda faiims 145 oomanisysy
1 A = @ L] 1 9 a ! & ° ¥ Ve
UAAULVUDY %) BN AIDU1UTU ms“lﬁrsmmmmuﬂ (replacing trace) %&mfﬂ'ﬂﬂﬂ‘lﬂﬂﬂﬂm‘s

= Sha'dé) o ar o @ = = Y as qy
BougNATU Handu e (s) dmsusoomaununannsoiionlagsi

; (2.13)

yAe, (s) iiie s # 5,
sioyn ;
I D 5 =5,

dane3u TD AildseomenisySuyam aunsedous &y anesiu TD(2)
3/ ar ' o Vo af = = 1 & 1 [
mslgseenunmsiSuyasnilisanessy o UANVBANYUFA 1HBINNTINa TaoaTny
o ar " A a 1 = o o = P 1
oAsIMsUsuyan Fenduguladaemsisusmsiines 4 Sane3iu T A4 4=0
& ' 4 & o ' '
U001 TD(O) M3 TD nilsvuney (one-step TD) ﬂxﬂiuﬂ1sﬂw1xn“aﬂ1ﬂri)aﬁn1uza1qﬂ
0 1 L £ 4
Twiui wdennailinsidennisnssifiao i uaz 185U fanduinlundastuney
o o o q Y as a  ya = o o ' 9y oy
nsanaule m‘lwaanmﬁnmmmﬁuugmms;ﬂauuuﬂamazﬂsumsmuwm"!nanm
@ : ¢ @ i A 1 1o o o w
Taviuilunuveoulm] uazldmalunfdouiiaziesTasmuysal Taolisuiudoss sy
- J o a J = =) o v ow s = P 9
mMswonanIuzal q inavuluen laadoany lunenduiu danestu TD 7119 1=1
9/ s " ﬁ'd : 1 C;
nie TD(1) wl¥nsfuyanwesaniuzyn 4 anmziitns liounnonudauncudy
= ] s 1 n’: & o Vvq ¥ o =
e lanaunszisdsaosilgiuluidazdunou Sei 18 19a lunsdruan sauis
' o o v d o a 3 § ) o -
HUWAMUNFINTNEMI VAV IMTIToUTnZA1 9 Mndudemanisalguiiu )
g e [ o ¥ o ar L= 9 J o U =Y o
uanihlimsinneivesiteadduyasiinnugndeanindu msdmuaswisiiimes 4
uonniie 191na 0 waze 1 Tailumsdiunuangasznhegaunmyesmsihuiesas
i [y ' o = o [ = as =
nailFlumalivawessane3su msdszgndl98anesiy ™o SemuisnlsunEouls

aeandesiudnuuzyes landilym 18iduedea
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2.4.5 5an035Y Sarsa( 1)

9AN03 DY Sarsa( A ) [12] Lﬂuaimiﬁﬂuflmwﬂﬂujwaéﬁ (on-policy learning) ‘%41‘1’;
msisoudilenduyaniivos Inadiiden]Flumsaadule Sanossy sarsa( 1) ldmsisous
HUY TD Li‘luv‘fug1u°lumsﬁmwﬁwmﬂﬁ%’mgam oz ouimsliunldon Tnadlaold

[
landuyaniiwoamsnsziin Tuiil snnuRanmaveanadisssniaamie 8, Mu1I0

b
o =

o ladai

§r =ha +}Ql(sl+1’ anl) L QI (Sr'! ar) (2.14)

y dar dw o o &
aumstinnmsunuandu ¥ (s) Tuauns 2.10) droflardu 0,(s, a) o
o ] o 4 i o "
MINUIWMVDINITNTEN o doruzlagoiuzvila unuiinsinommzavesan e

b
matluaesilaiduyanidauiluTudadl
Qu(s,a)=0,(s,a)+ade (s, a) (2.15)

o o o A E;ﬂ’ 4: b4
TMIUNN 9 AL s €S uazgnNn 9 MM a € A(s) ¥1lunil uenansoona e, 1%
' o
gliaaniu ldmwaniuzuda dalimaeiuniunisnsgieg q ey q 9ndao lu
:lvd ° ﬂ o o 9 ar G’I ¥ o o R
aumsuInmuassomaduileansu e (s, a) unumsly e,(s) AU MUDININFUTY

-] YV .qy
ansomun 1aaetl

e, (s,a)+1 il s = s, oz a=aq,
e(s,a)= ; (2.16)

e, (s, a) dmiunsaiou 9

dMiuNn 9 a0 s uazn 9 MInse a
2 23 uanaylalfnvosdaneity sasa(4) Tunsdifildmsrenrvesiledduly

as v o o "
msdiumvesilenduyan
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fmuam O(s, @) MuABIMI 1Az e(s, a) =0 SMFUNN 9 A1wos s, a
Y (lunsazionTaa):
fmuanisudu ity s, a
Y ("lmwiazifuﬁauwamﬁ‘iﬂﬂ):
TAnoudaominszin a uazissamves » s 1145y
donmanszin @ mwaoz s Taold Inagason 18annileidu 0
(1Y 1OWFADU-N3A)
O «—r+y0(s',a)-0(s. a)
e(s,a) «e(s,a)+1
FMTUNN 9 AV09 5, a:
O(s, a) « O(s, a)+ade(s, a)
e(s, a) « yle(s, a)

s« s,a«d

" kd
wnsgmane s Wuaouzduga

1 o a v ¢
317 2.3 Bane3 Ty Sarsa( 1) nuvldasremvesilais

2.4.6 9an935N Q( 1)

ar = e as o L= 4 = 2 - £
2aN0I5N Q(A) [13] LﬂuaanaswmsLsuuglmuﬂaﬂiwacﬂ (off-policy learning) %4
9 = k) o a 1 Y @ ao P - oo Y ada A -
l¥msisouifedduyanrdmioInaguuunis vusideduladisIndssnuuunid

b 4

unnein 8ane3sy Q(A) M¥nmisSeuduuy o Wiz lumsvinnesvesiediiu

4 P 9 a P aa [ o o [ o 1 =) v W =]
yam uazisougmsdiunlaon nad lavldleiduyamvoamsnseRududoiusane sy

" s d.. o 1 -y J ¥ A
Sarsa(4) UAANNUNNIAUIUAINANWHANDIAVOIHAA1NIZH NS, S, Feawiso

Ed
=

Ho'1Ad il
O, =Ty +ymaxQ(s,,,a)-0(s,a,) (2.17)

o o 4
auMsuINNMsunun O (s,.,,. a,,) luaums (2.14) da max O, (s,,,, a’) FIMuIWwHa
a

yafwesmsnssimmanzuiuiluninsziiiiaige o anmzdaly n1sdiusives
Harnduyamludanessu () Wulumuauns 2.15) udvafusane iy Sara( 1) i

»
Tdnsdmnuileidu e (s, a) waii



dulnnomyanan wazsemnfimansedy i

¥Ae, (s, a) Lﬁ"ﬂ Q.(s,,a)=maxQ, (s,,a)

e,(s, a) = Iss,naa, 4 { (218)

0 dmiunsaiou 9

AMTUNN 9 @OUL s wazNn 9 MInszi a uazdmuald Lyrus, =1y 1, 1001,
= o o ' d’ o d L . . y A A " 4 =4
nun Hanvulssonany (identity indicator function) FIUAUNINY 1 100 x = y uazl

ANMIAY 0 §MTUNTADU 9
1 2.4 umasglaldavesdanestu Q(A) uuuiaiu (Watkin's Q(A)) unsdinle

' s @ o o 4
asnmveilsidu lumsdiuavesilanduyan

fuam O(s, a) MuABINI uag e(s,a) =0 dmiunn q Aves s, a

¥
o

W (luuaazion laa):
smuanisudulisy s, a
Vi (1uu¢ia:1‘?umauwammﬁﬂ):
Tdnoudaonianizii a waziinsanmaes 7, s 7145
@ennsnizi @’ awaoz s Taol¥Inddisnnldnnileisu 0
(19U IONTADU-NIA)
a* < argmax, O(s', b) (M a' ﬁﬁuﬁ‘uﬁ'umsm:ﬁﬁﬁmmﬂﬁqﬁ ud a* < a')
S« r+y0(s', a*)-0O(s, a)
e(s,a) < e(s,a)+1
dmiunn 9 Aes s, a:
0O(s, a) < O(s, a) +ade(s, a)
M a' =a* uda e(s, a) « yAe(s, a) uan%mﬁy e(s,a)«0
ss a«d

' L4
wnszisanuz s Wianuzduge

3N 2.4 Sane3ty Q( 1) nuvadulugiiuunsldmsiemvesilaii

108536



Unn 3
A ' Y, @ ot 0, a v
mstaenirAdesaennavIvInamnigalaglymsisauiuuy
@INNIAg

¥
' o a0 w
Tuuniiszadnts msdszgndldmsSonfuvmasumaslunsudlaymmsiden

' v d o A &£ da a o o
adavaeanapIvuIAEnNgansoilyni Mcss Falunil wwinsanissmuamanns
a oy o I TR ¥ ' ¥y ¥ A o
Fouiilyn Mcss Tu 2 dnvauzdloiu Ao MsduniratouaoandoIduNIsINLS I
Tus 1a'Ind) (prototype insertion approach) Az 13 AUNNBATOUTDANADIGIINITAATINIY
T3 Tanil (prototype removal approach)

¥ [ " ° = [ 4
wie T hodemaiaamdhle msefuemanmsidouiilam Mcss sz 19yadoyn

o = & Ao Y P Yy a a1 VoA
MIDUNNN 1 “H\?ﬁﬂﬂymzﬂﬂl!ﬁﬂﬁﬂluzﬂﬂ 3.1 ti‘lumsanaq uﬂnmnnmsszmﬁuaunau

T T T >
1 2 3 4

3N 3.1 namluamspaidnyae 2 TAvesyadoyadetiad 1

o U d’ ar L] 3 @ J s -
gadoyadietialugui 3.1 Ysznoudaodiedredoyarianun 7 @ Fesaidhuriia A
4 A1 (A1-A4) unz¥iia B 3 §1 (B1-B3) quidnumzvosdoyausazdilsznendiodeyarifa

aa M = = a -
2 UA AD X AL y AU 1Uﬁ$lUUﬂﬂQllﬂﬂﬂ1UﬂTﬂﬁ1ﬂ 3.1
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MINN 3.1 Audnvuzvosdoyaluyadoyadaodiei 1

Al A (1,3)
A2 A (1,4)
A3 A {1,2)
A4 A 2,1
B1 B (3,2)
B2 B (3,3)
B3 B (4,4)

vindoyalumsteil 3.1 um3Ingazoena (distance matrix) szniadoyaudasgvos
o U ﬂ‘ A o - & - 1 o
yadoyadi00190 1 F9ldvnmsAnnuszoemaunugada (Buclidean distance) s

r
uaadlumsan 3.2

:; - o [ Y 1 -
M3 3.2 n3ndszoznsvestoya lugadoyadedian 1

Al A2 A3 A4 B1 B2 B3

Al 0.00 | 1.00 | 1.00 | 2.24 | 2.24 | 2.00 | 3.16

A2 | 1.00 | 0.00 | 2.00 | 3.16 | 2.83 | 2.24 3.00

A3 | 1.00 | 2.00 | 0.00 | 1.41 | 2.00 | 2.24 | 3.61

A4 | 224 | 3.16 | 1.41 | 0.00 | 1.41 | 2.24 | 3.61

B1 224 | 2.83 | 2.00 | 1.41 | 0.00 | 1.00 | 2.24

B2 | 2.00 | 2.24 | 2.24 | 2.24 | 1.00 | 0.00 | 1.41

B3 306 | 3.00 | 3.61 | 3.61 | 2.24 | 1.41 | 0.00
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3.1 mathszgaaldmaBouiuuadumaslumsudilum Mcss

Ay a 9 ¥ = v
S'lUﬁ“‘L‘E!UﬂLﬂU'JﬂUﬁNﬂ‘IJ‘iwﬂﬂ‘UﬂN 1 Ne mwmimﬂumsﬂs:qnﬂhmmuuymu

wsuhaalumsudilynr Mcss fait

3.1.1 gdupvaozvesamwinadon

] s o

dmiviyni Mcss anmziligiuvesanmuaadenveamsiouiuuniasuids

v v L ¥
sedesiidoyaineaiu 1us T lndi 1ddenun e Fnvewadaumu luvmgiiu daiy
o 4 ' = 4 % = - i
AR unuaIeg lugdvesinnmnes (it vector) H3aliniwa (bit set) ﬁl’ui‘lugﬂuummmzﬁ

P A = 3 o o ] 9/ Qs ' P
mnzaunga esnnlauaeandony lindilym lavase wu Tugadeyadiotisi 1
driimadenlslalnd A1, A4 wazBI  WuamFnveswadaununda guvy

amuzilapiueziiuldwanslugyi 3.2

T A1, A4, B1
(o) A2 | A3 ﬁ4ﬁ1 B2 | B3
= 0 1 1 0 0
.

30 3.2 gluvamuzvesanminadenuilyw Mcss

' L] v
I3 3.2 dandian 1 szuaastansdenlys Inlnihiuduaunsnvesaaduny

wazfiniifion 0 vzuaasdi s Talnihiuli IR umninvonandaumy deluitd wa
dunuii 18Ae a (A1, A4, B1)

nngluyanuzdnan mssmuasouzEudur e @nawglmudioiy
WU MIBUNNANIUzIIAII nsuInaeuzaaiunugadoyasudy (sacudi) nio
nsiBunInanuzadenla q vouwAsuAY fauson1d

Tuiueudoaiu msﬂmuﬁfmm.,ﬁuqﬂnmmmm"lﬂwnwsﬂuuu TATRIRE
auqﬂnﬁmu.,mmN mafugaRromzAd Ry wienstugafianuzisadenla 4 voq
A uAY LBNIN] mmfamﬁuﬂhﬁnm:ﬂuqmﬂuﬂmu:mi‘lutwuauﬁﬁqmauﬁ'ﬁ
Anwdeandes niemersimualihifidouzduge Savuiods msfmuamadns

- o 1 & [~ o 9 [
Goud lugduuumaduuusaeiies faunsadh 1dvusiy



21

3.1.2 luwumsnsziweeaun
v Y A ° e hlw
vngluuuamuzluiadenuds sawsasmuagduuumsnssiveuonud 14
2 anvazaloiuie mamin1ys lanilusadauny uaznissalys Ialndesnsinea

ar o a o 3 w o [ 3
Ay msteaomziifannmsnsziins 2 snvaizveusiudiiuliduaaslugii 3.3

amuzifagiiu amuzdalil

St Ste1

() My 15 Ta i lumagauny

- B2
aouzifagiin | B E aouzdali

B2
st st+1

@) MmsnalysTantlesnvinmasumy

a 3 o 4
E'Ll“ 33 ﬂ'liﬂ']Uﬁﬂ_luzinﬂnTjﬂ'j:ﬁw‘]’uﬂ\uﬂmuﬁiuﬂfyﬂq MCSS

P i o daa - " a Hq 9 -
1NZUN 3.3 MInseRng 2 dnvaziiffemsulasumbafi ldunuaaiuznisiden
TsTalndds 9 moluaadumu Tasmswdouninar o Tidud 1 Sumsiuausn
w3013 Tn Inilluaadumu uazmsulaousing 1 Thiiue o BiflumssaTisTalniloon

VINIYAA N U UL

3.1.3 mMsmvuas1ada
- o = 9 o et @ o YV as o ar 9
HBININIDIIUA RL 150U3MINTLMNaNganIns193an 1450 msmmuasieiald

mnzaniuiududidglumseenuuudaneitu RL dmiumsudilym Mcss Taold

) o o o 4 P
RL 1naanns 19s19%anmuizauie ms s iaeaamzinuduaniuefigawy

= o

aoanans uaziluan iz fid il Ia'lnies gallagnuznnNuaeandneils1uIu
d ar 1 v J qs (] [ P : ]
TsTalnilios Avzdeslisraanimgeiumudadiu udlunsdifgormzi linny
3 o e yva - oAy ' aa v &N o v o A
apAnad s Tai lanalseziimimioonhaousiianuaeandemioimualisniai

=1 v o ' s " ar ] & |
Tassuilugud Fuguiedmsliseialugomezdi q Faueaslugln 3.4
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A1, A2, A3, A4, B1, B2, B3

31970 = 0 (BAUTNAY)

519 =0

Chiinnuaeanda)
A1, A4, B A3, B2

INM=4(7-3) 19Ta=5(7-2)

310 3.4 Mvdumsimuasietaluaniugai 9 Tuilym Mcss

- a o - = o =] (]
1zl 3.4 Sugedumuiinnuaeandes s193ai IR dimmuvunaiibngs 5y

ar " [ Y] A ] 4; 9 ar
150 {A1, A4, B1} a5 reTadludwiniy 4 FansnsauTus Talnd s udy #7)
avdaed s Talndluae G §2) Tumendudu usadumu biianuaeandes

o o o v ¢ o [ a o o o 1 a 1 ar
sedaildfvziinuiiugud dmsuwasudu i ldtandugudiguiu 7-7-0)

3.2 MInunIsntesaaanaInlemsiins s ialnil

Y &

= =t ¥ w 9 d' ey o é é 9
VINNTINITUITYDSIDUAAT 9 11,!1‘1'1‘1]81’1116’3 'Jﬁmswugmawuwﬂﬂums

3

= o~

AunugadosenndoslavldmsSouduvuaumideie mssudum Tnoduduainisa
dunuduihuaaing ermiy Whituaungnnio s TaIndlnngadeyadududuniiv
dulsznovveswaiiazin nasnmsiuandanileds hineadaunmui 181018 ums
ﬁmum’fﬂu,aﬁ”’»mnwxﬁanﬂﬂﬂnﬂmﬁnﬁﬁmmaﬂaﬂﬁm duamdumuii I8 amsel9umn
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Episode Continuation and Exploration Start for Reinforcement

Learning with Large Number of States

Boontee Kruatrachue ' and Ekaphol Anantapornkit '

' Department of Computer Engineering, Faculty of Engineering, King Mongkut’s Institute of Technology Ladkrabang,
Bangkok, Thailand

Abstract—This paper presents simple techniques to improve the learning rate of the RL algorithm in a task with large
number of states that the algorithm cannot fully explore by going through all possible states. The problem with the
standard RL algorithm is that varying the e parameter in the e-greedy policy is not sufficient to improve its learning
performance. The techniques allow the algorithm to focus on exploring the local path to eventually obtain more rewards
and occasionally switching to another path to avoid being trapped in the local region of the search space. In order to
investigate the effectiveness of the techniques, the minimal consistent subset identification (MCSI) problem is used as a
test problem. The paper concludes by comparing the size of the identified subset obtained from the standard RL algorithm
and the proposed algorithm along with those of the standard MCSI method.
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1 Introduction

Reinforcement Learning (RL) [4] has been used widely for
Markov decision process (MDP). This paper proposes a simple
method to improve its learning rate in a task with such a large
number of states that the RL algorithm cannot fully explore by
going through all possible states. This is close to a well known
problem of exploration and exploitation trade-off in the RL
algorithm. This trade-off is usually handled by varying the
parameter in the e-greedy policy to encourage the agent to keep
exploring the search space. This is a problem because the RL
algorithm keeps exploring and does not follow the greedy path
long enough to be able to find the better reward (the optimum
path). During an exploration, the number of states grows very
fast and is finally out of control before the RL algorithm could
find the optimum solution. On the other hand, if the & parameter
is reduced and thus the algorithm explores less, the RL
algorithm tends to get stuck around the local optimum path and
again the number of states is out of control after experiencing a
large number®of episodes. Hence, regardless of the £ parameter,
the RL algorithm has to stop before a good solution could be
found.

The paper proposes a way to encourage both the global
search (exploration) and the local search (exploitation). This is
in contrast to the e-greedy policy that trades one for the other. In
order to investigate the proposed method, it is tested on the
minimal consistent subset identification (MCSI) problem.

Minimal consistent subset identification (MCSI) is the
problem of selecting a minimum number of prototypes from
training data set while maintaining the consistency property [2].
The set of prototypes selected can be used in the nearest
neighbor classification [1] instead of using the original set. The
selected prototype set is defined to be consistent if it is able to
correctly classify the original data set by using the nearest
neighbor classification. The MCSI problem is a hard
combinatorial problem [5] that the optimum solution cannot be
found by fully exploring the search space in limited time. The
traditional MCSI method [3] by Dasarathy is one of the
prototype selection methods that try to obtain the minimal
consistent subset. The drawback of the method is that it employs
the greedy strategy and is usually being trapped in a local
optimum.

This paper is organized into 4 sections. Section 2 explains
how to apply the reinforcement learning to the MCSI problem.
Section 3 presents episode continuation and exploration start for

the RL algorithm as a mean to improve the results obtained
when solving a task with large number of states. The
experimental results are shown in section 4. Section 5 is the
conclusion.

2 Reinforcement Learning for the MCSI Problem

Reinforcement learning (RL) is a framework consisting of the
agent going through states and the environment. In each state,
the agent learns which action to take by obtaining the reward
from an environment. After taking an action, the agent receives
a reward and moves on to the other state. The goal is to repeat
taking action and learn the best action to take in order to obtain
the largest total rewards (returns).

It is natural to apply the RL framework to the MCSI problem
as an episodic task by starting an episode from the start state
with all of the training data being selected as a prototype, then
let the RL agent repeat deselecting a prototype from the current
state and move on to the next state which has one less prototype
than the current one until reaching the terminal state which is
the state that cannot be made consistent by deselecting more
prototype (the state that represents an empty prototype set or a
prototype set that doesn’t include a member from some class)
and thus the episode ends. A positive reward will be given to the
agent if its action leads to the next state that is consistent (i.e.
the state that represents a consistent prototype set) otherwise a
reward of zero will be given. During an episode, the RL agent
learns by averaging the expected returns of each action at each
state and updating the state-action value function using a
technique called Q-learning [4]. The agent can continue
experiencing more episodes to learn more about a better way to
deselect a prototype (thus gaining more returns).

The standard Q-learning algorithm is shown as follows:

For each episode:

s = the start state with all prototypes

While the episode does not end:
1) the agent selects an action a to deselect
a prototype from the state s using
policy derived from Q
2) the environment provides a reward for an action a
at the state s and generates the next state s,
3) the agent updates Q(s,a) using Watkin's Q(3) [4]
4) the agent goes to the next state s, (s=s,)



5) If the state s is the terminal state
episode end = true;

The reward is set to favor a path that leads to the consistent
state with the minimum number of prototypes. The environment
gives a reward of zero for an action that leads to an inconsistent
state. All prototypes are selected in the start state. Any action
that leads to the consistent next state will have a positive reward.
The reward can be more than +1 if the previous action has a
reward of zero.

The reward given for taking an action a from the state s and
advancing to the next state s, is defined as follows:

Reward(s, a,s;,) =0, if the state s, is not consistent
= P(Scon) - P(sy),  otherwise

Where s, is the latest consistent state found in the current
episode, and P(s) is the number of prototypes in the state s.
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Fig. 1. Example prototype set.

AL 1=00 QA0 =0

Fig. 2. The sequences of moves made by the RL agent.

Fig. 2 illustrates the sequences of moves that the agent made
in 2 episodes. An example data set used in this figure is as
shown in Fig. | which consists of 7 data from two classes (4
from class A and 3 from class B).

Initially, the value function Q(a) of each action is set to zero.
In the first episode, the agent deselects A1, A2, B3, A4, B2, and
Bl from the original set and the episode ends at the terminal
state, represented by the double line rectangle, which has only
A3 as a prototype in the set (thus cannot be made consistent by
deselecting more prototypes). The best solution found in this
episode is of size 4, {A3, A4, BI, B2} as represented by the
thick line rectangle, thus the return of +3 is obtained and Q(a) is
updated as shown in the figure.

In the next episode, the agent learns to exploit by deselecting
Al, A2, and, B3 according to its Q(a) at its corresponding state,
and incidentally deselects A4 from the state {A3, A4, Bl, B2}
in which the best action so far is not known, then tries to explore
by deselecting B1 (as represented by the thick line) which ends
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up in a consistent state, {A3, B2}, and is given a reward of +2.
In the end, the terminal state is the state {A3} and the best state
in this episode is of size 2, the state {A3, B2}, which is the
optimum solution, and the return of +5 is obtained. The
inconsistent state is represented by the dashed line rectangle and
the dashed lines from {A3, B1} to {B1} and from {A3, B2} to
{B2} represent an unexplored path.

3 RL with Episode Continuation and Exploration
Start

The number of states in the state space of the MCSI problem
grows exponentially with respect to the size of the data set (2"
where N is the number of data in the data set). For a small data
set, the RL algorithm can eventually converge to the optimum
solution by simply exploring the entire state space. For a large
data set, the RL agent may learn slowly and the optimum
solution is rarely found in limited time. Controlling the &
parameter in the e-greedy policy is not sufficient to improve the
agent’s learning rate. When the & is large, the agent will explore
more but converge very slow and the solution found in limited
time may not be good. This is because the exploration is often
made too early. On the other hand, the agent may follow the
greedy path for a very long time even if the local minimum
solution cannot be improved when the ¢ is reduced and the
agent’s opportunity to explore another path is very small.

To overcome this shortcoming, this paper proposes two
modifications to the standard RL algorithm. The first
modification is the episode continuation. In contrast to the
standard RL that always starts a new episode at the same start
state (with all prototypes), the agent is allowed to start an
episode from the latest episode’s state where the returns are
maximum to find out whether more rewards can be gained from
that point. This encourages the agent to search for the better
solution locally by exploring from the potential state instead of
starting over from the same starting point. Another advantage is
that a convergence to a good solution is possible while the &
parameter is set to a large value. For the MCSI problem, the best
state to continue from is the consistent state with the minimum
number of prototypes found in the latest episode.

Because the agent is not allowed to move from any state to
the state with larger number of prototypes, it is not a good idea
to always start a new episode from the latest episode’s best
solution. Instead of always applying the episode continuation,
the new episode starts by selecting the start state from the past
episodes’ best solutions with probability £gaq. The Egan
parameter controls whether the new episode will continue
searching from the latest episode’s best solution (exploitation by
continuation) or start from the best state in the past episodes
which is kept in the pool (exploration by selecting a starting
point). This second modification is called the exploration start as
it encourages the agent to explore many regions of the search
space. With these two modifications to the RL algorithm, the
balance between exploration and exploitation is made in two
levels instead of relying only on the e-greedy policy.

The selection of the start state of the new episode is defined
as follows:

If the latest episode’s best solution S, does not exist
in the pool of the past episodes’ best solutions Ppes:
Include S, in Pyey

With probability &g

Select the start state Sy randomly from Py,
Otherwise:

The start state S is assigned as S,

The state with all prototypes being selected is also included
in Ppey. This is done to make it possible for the agent to start
over from the start state with all prototypes as done in the
standard RL.



4 Experimental Results

All of the algorithms are tested with the IRIS data set of 150
data from three classes available at UCI site [6].

180 1-
> e 3
fag LB — — = S <)
(% !
120 k1 4 o —_—
\ b [ e J
——n it =
100 — 3 ': -;F i Ty —r‘—H—' CRRE ’R W
[ e R B # At r S -
[ ¥ 1 \ Y
ﬁ-l.\_, {‘.’ N A ot 1 ‘
” X »d - T
40 - - e
b — - i
o 1000 2000 3000 4000 5000
Steps

Fig. 3. The number of prototypes of the start state and the best solution
found by the standard RL algorithm in each episode.

Fig. 3 shows how the standard RL algorithm converges. The
RL agent always starts each episode at the same start state with
150 prototypes (an upper line with the cross marker in the
graph). Each point is associated with the cumulative steps from
the beginning of the execution to the end of each episode and
represents the data of each episode. The agent then starts taking
an action to deselect a prototype from the current state until the
end of the episode. The lower line with circle marker shows the
best consistent state with the smallest number of prototype
found in each episode. The best solution in each episode keeps
getting better but not monotonically depending on the
exploration rate parameter (i.e. the ). Each episode takes about
150 steps (actions) since all episodes start from the state with
the original set.
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g
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Fig. 4. The number of prototypes of the start state and the best solution
found by the proposed RL algorithm in each episode.

Fig. 4 shows how the proposed RL algorithm converges.
Compare to the standard RL algorithm, the main difference is
the continuation from one episode to the next one as the start
state of the next episode is the best state of the previous episode.
In order to avoid getting stuck in the local minimum, some
episode starts from the best state from the past which is kept in
the pool. The cross marker in the graph shows the number of
prototypes in the start state in each episode. The circle marker in
the graph shows the best solution found in each episode
corresponding to the cross marker at the same step. The circle
marker becomes the next cross marker when the continuation
happens. When the exploration start happens, the size of the
start state of a new episode changes abruptly and is different
from the size of the best solution of the latest episode. The size
of the best solution in each episode decreases and eventually
converges to the size of its associated start state when the
episode continuation is applied. The number of steps in each
episode varies depending on the start state. Most of the episodes
have fewer steps compared to the standard RL episode.
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Fig. 5. Comparison of the number of prototypes of the best solution
found by the standard RL (¢=0.01) and the proposed RL algorithm
(e=0.01, 0.05, and 0.1, £4ur=0.1).

Fig. 5 shows that the proposed RL algorithm with the &
parameter being set to 0.01, 0.05, and 0.1 and the &, being set
to 0.1 converges much faster than the standard RL algorithm.
The best solution of the standard RL algorithm with the £=0.01
is represented by the straight line with the cross marker, The
graph shows the progression of the best solution found by the
algorithm since the start of the execution.

The size of the prototype set obtained from the proposed RL
algorithm is compared to the standard RL algorithm and the
standard MCSI [3] algorithm. Because RL-based algorithm has
random elements, the algorithms are performed 10 times. The
results are as shown in table 1.

Table 1. Comparison of the minimum consistent prototype set found by

each algorithm.
Numberof | MCSI RL Proposed RL Algorithm
Prototypes £=0.01 £=0.01 e=0.05 e=0.1
10 - - - 4
11 - 1 7 3
12 - - 2 3 2
3 2 | - 1
4 - 2 = =
5 10 2 -
16 - 2
17 1

The optimum solution for the IRIS data set was found with
size 10 [5], [7], the standard MCSI method’s [3] result is 15.
The standard RL does not perform well. It finds the result with
the size smaller than 15 in some cases but performs poorer than
the standard MCSI in the other cases. In addition, it could not
find the optimum size (10 prototypes). The proposed RL
algorithm outperforms the standard RL and even finds the
optimum size in some cases. It always performs better than the
standard MCSI.

For a larger value of the & parameter, the proposed algorithm
may obtain better solution more frequently as it spends more
time on exploration. The standard RL algorithm will perform
poorer when the & parameter is lower as it learns slower when
frequent exploration is made and the size of the state space is
very large. The results obtained from setting a larger value of
the & parameter in the standard RL algorithm are omitted here.

S Conclusion

This paper proposes a way to encourage exploration and
exploitation in Reinforcement Learning in another level in
addition to the action selection policy such as the e-greedy
policy. The learning rate of the standard RL can be too slow to
find a good solution in a limited time when facing a task with
large number of states. With episode continuation and
exploration start, the RL algorithm can focus on exploring the
local path to eventually obtain more rewards and occasionally
switching to another path to avoid being trapped in the local
minimum. As a result, the proposed algorithm learns faster and
is able to obtain better solution than the standard RL. Compared
to the standard MCSI method, which is a greedy local search
that usually obtains a suboptimum solution, the proposed
method can obtain better solution or optimum solution as it
focuses on exploring many potential regions in the search space.



Episode continuation and exploration start can be useful in the
planning phase of the learning task with large number of states.
The authors expect that the technique presented here can be
useful and further applied to other tasks in machine learning as
well.
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Reinforcement Learning Algorithm for the
Minimal Consistent Subset Identification

Ekaphol Anantapornkit and Boontee Kruatrachue

Abstract—This paper describes the reinforcement learning
(RL) algorithm for the minimal consistent subset identification
(MCSI) problem. MCSI is widely used in pattern recognition to
select prototypes from a training set to be used in nearest
neighbor classification. The RL agent solves the MCSI problem
by deselecting a prototype one by one from the original data set
to search for the best subset. Because the algorithm rarely
descends to the smaller solution via its exploration strategy, a
simple modification to the algorithm is proposed. The
modification encourages the agent to try as many actions as
possible at the current best solution to improve the results
obtained. The paper concludes by comparing the performance
of the proposed algorithm in handling the MCSI problem with
the RL algorithm and the standard MCSI method.

Index Terms—minimal consistent subset, nearest neighbor
rule, prototype selection, reinforcement learning.

1. INTRODUCTION

Minimal consistent subset identification (MCSI) is the
problem of selecting a minimum number of prototypes from
training data set while maintaining the consistency property
[2]. The set of prototypes selected can be used in the nearest
neighbor classification [1] instead of using the original set.
The selected prototype set is defined to be consistent if it is
able to correctly classify the original data set by using the
nearest neighbor classification.

The MCSI problem is a hard combinatorial problem [5]
that the optimum solution cannot be found by fully exploring
the search space in limited time. The traditional MCSI
- method [3] by Dasarathy is one of the prototype selection
methods that try to obtain the minimal consistent subset. The
drawback of the method is that it employs the greedy strategy
and is usually being trapped in a local minimum. This paper
investigates the alternative solution by applying the
reinforcement learning (RL) [4] to the MCSI problem. The
standard RL method is also being trapped in a local
minimum. In order to escape from the local minimum, a
simple modification to the RL algorithm is proposed. The key
modification is the new definition of the state transition
function. This enables the agent to try as many actions as
possible from the potential state and prevents the agent from
exploring the unproductive region.
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This paper is organized into 6 sections. The nearest
neighbor classification is reviewed in section I1. Section I1I
reviews the minimal consistent set identification method by
Dasarathy [3]. Section IV explains how to apply the
reinforcement learning to the MCSI problem. Section V
presents a modification to the RL algorithm to improve the
results obtained. The experimental results are shown in
section VI. Section VII is the conclusion.

II. NEAREST NEIGHBOR RULE

A prototype set ((Xi, ¥1), €1), ... , ((Xn, ¥n)s €n) is given,
where the (x;, y;) is the attribute value of the data point i"™ and
¢; is the category of the data i".

The unknown data ((a, b), z) can be classified as c,,,, which
is the category of the prototype that is the nearest neighbor of
(a, b). If d((x, y), (a, b)) is the distance function that measure
the difference (x, y) and (a, b). The nearest neighbor of
unknown at (a, b) is defined as follows:

(Xans ¥nn) = min d((x;, Y (a,b));i=1,2,...,n (1

[1I.  MINIMAL CONSISTENT SET IDENTIFICATION METHOD

Minimal consistent set identification (MCSI) method is
one of the condensing-selection prototype selection methods,
which is based on the concept of covering defined by
“NUN?, the Nearest Unlike Neighbor [3]. Any data point A
is covered by any data point B which has the same class as A,
as long as B is nearer to A than A’s NUN. Hence, A can be
correctly classified, using nearest neighbor rule, to be the
same class as B if B is selected as a prototype, as B is closer to
A than A’s NUN.

Once a distance matrix among all the data in the training
set is sorted and all NUNs of each data point are located, a list
of data points covered by any point B, B cover set, can be
constructed. The cover list of B includes any data point A that
has B located closer to A than A’s NUN. The prototypes can
be selected greedily incrementally by choosing a data point
which has the largest cover list. Once that prototype is
selected all the data point in that data cover list is covered
(guarantee to be correctly classified) and that cover list is
subtracted from all the cover lists. Then the data with the
largest cover list is selected again as another prototype. The
selection and subtraction process continues until all the cover
lists are empty, which indicate the occurring of consistence
property, where all the training data can be correctly
classified by the selected prototypes.

The prototype set selected from the above algorithm is
consistent but is still not minimal for two reasons. The first
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one is the greedy order of the prototype selection which has
no guarantee to minimal number of prototype. The second
one is the inaccuracy of cover list calculation using NUN as
boundary, since if the NUN is not selected as a prototype the
cover lists can be expand. But before all prototypes are
selected, it is safe to assume cover list boundary at NUN. To
alleviate this problem, the prototypes selected are used again
as boundary (instead of NUN) and the whole process is
repeated until there is no change in the prototype set.

The MCSI Algorithm proceeds in the following steps. (as
shown in Fig. 1)

1) Create a sorted distance table (¢) among all data in the
original prototype set (a).

2) Label all the NUN (Nearest Unlike Neighbor) by
assumes that all the NUN are selected prototype (¢).

3) Create a cover list for each prototype (d).

4) Select the prototype with maximum cover, and remove
all the data in the covered list from all the cover lists (e).

5) Repeat step 4 until all the cover lists is empty and
obtains all new selected prototypes (f)

6) Stop if the new selected prototypes from step 5 are the
same as the previous one.

7) Re-Label the sorted distance table (g) with the new
selected prototypes from step 5.

8) Go to step 3.

The “cover” concept is shown in Fig. 1 (¢), (d), where A1l
covers Al, A2, A3 since Al is closerto A1, A2 and A3 than
B2, B2 and BI (the nearest unlike neighbor of A1,A2 and
A3). Hence, if A1 is selected as a prototype, A1, A2 and A3
can be correctly recognized.

A1 A2 A3 A4 B1 B2 B3
@ e Alloo]iofiof22022] 2 |3.1]
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Bif22]28]2.0f1.4]00] 1 |22
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(a) Original prototype set. (b) Distance table.
ANAARAS Bl A;IBBI
AJA2ZJATJAS Bl|B3jA
A3ZJA3JAJA. A2|B2)B3|
A4 A B2JA1|A2)B3
B1|B1}B2 Al|B3jA2)
B2|B2]B1]B3 A4JAZAY
BB'BS'BZ Bl AljA
(c) Ist sorted and labeled distance table.
AR s [5] Al cover - Al cover. 0
AZJA A2 cover © 2 Al cover . O A2 cover . 0
MERE] o= 2 — s o b - M oo
1] Y1 T O e mmjelas] e m Bl cover - 0
RIBIB2 e cover % BIBB2 B cover - 3 B2 cover - 0
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(d) Ist selection. (e) 2nd selection. (f) 3rd selection.
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(g) Re-labeled sorted distance table.
Fig. 1 lllustration of the MCSI algorithm

From Fig. 1, the first round of the MCSI obtains A1, A4,
and BI as a prototype set. After the second round, the MCSI
obtains the same prototype set. So the MCSI obtains 3
prototypes (A1, A4 and B1) from 7 data.

Initially, if only A2 and B3 are selected as a prototype set
and used as a boundary instead of NUN, as shown in Fig. 2
(a), the MCSI will obtain A2 and B3 as a prototype set.
Hence, the optimality depends on how to initially label the
boundary.

Al
A2
A3
A4
Bl

AlJA2
A2JAl
A3JAl
A4IBI1
B1jR2

Aj

A3B2]B1

A4BIJAT

A3lB2]Al

AdfA3]alB3
BAB2IBIIB3JAJA4)A3
B3|B3|B2]BI AlJA4A

(a) Sorted and labeled distance table.

B2JB1JA3

A3
B2
A2

AII.-\I A2 AJ[AJ cover: 4 Al cover: 0
ool cove A2 cover: 0
aslarjazlasag]  cover: 4 A3 cover: 0
.-\—1[.-\] A2RAZIAY cover. 4 —p Ad] cover: 0
pifB1fB2fB3 cover: 3 piBifB2]B3] cover: 3
B2fB1|B2]B3 cover: 3 BB1fB2IB3]  cover <
pa[B1|B2jB3 cover . 3 pieiB2dB3]  cover 3

(d) Ist selection. (e) 2nd selection.
Fig. 2 Illustration of another selection approach

IV. REINFORCEMENT LEARNING ALGORITHM FOR THE MCSI
PROBLEM

Reinforcement learning (RL) [4] is a framework consisting
of the agent going through states and the environment. In
each state, the agent learns which action to take by obtaining
the reward from an environment. After taking an action, the
agent receives a reward and moves on to the other state. The
goal is to repeat taking action and learn the best action to take
in order to obtain the largest total rewards (returns).

It is natural to apply the RL framework to the MCSI
problem as an episodic task by starting an episode from the
start state with all of the training data being selected as a
prototype, then let the RL agent repeat deselecting a
prototype from the current state and move on to the next state
which has one less prototype than the current one until
reaching the terminal state which is the state that cannot be
made consistent by deselecting more prototype (the state that
represents an empty prototype set or a prototype set that
doesn’t include a member from some class) and thus the
episode ends. A positive reward will be given to the agent if
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its action leads to the next state that is consistent (i.e. the state
that represents a consistent prototype set) otherwise a reward
of zero will be given. During an episode, the RL agent learns
by averaging the expected returns of each action at each state
and updating the state-action value function using a
technique called Q-learning [4]. The agent can continue
experiencing more episodes to learn more about a better way
to deselect a prototype (thus gaining more returns).

The standard Q-learning algorithm is shown as follows:
For each episode:
s = the start state with all prototypes
While the episode does not end:
1) the agent selects an action a to deselect a prototype
from the state s using policy derived from Q
2) the environment provides a reward for an action a
at the state s and generates the next state s,
3) the agent updates Q(s,a) using Watkin’s Q(1) [4]
4) the agent goes to the next state s, (s=5,)
5) If the state s is the terminal state
episode end = true;

The reward is set to favor a path that leads to the consistent
state with the minimum number of prototypes. The
environment gives a reward of zero for an action that leads to
an inconsistent state. There are N prototypes in the start state.
Any action that leads to the consistent next state will have a
positive reward. The reward can be more than +1 if the
previous action has a reward of zero.

The reward given for taking an action a from the state s
and advancing to the next state s, is defined as follows:

Reward(s, a,s,) =0, if the state s, is not consistent
= P(scnn) o P(Sn), otherwise

Where s, is the latest consistent state found in the current
episode, and P(s) is the number of prototypes in the state s.

There are many ways to balance between exploration and
exploitation. The popular method is the e-greedy policy
which is to choose an action that has maximum action value
with probability 1 - £ + (g / |A[) and choose all other actions
with probability € / |A| where A is a set of all possible actions
at the current state. The other method is the softmax policy.

The softmax policy used in this paper is defined as
follows:
With probability &:
Select an action a randomly
With probability 1 - &:
Select an action a based on its action value
with probability
(1-¢€)Q(s,a)1.4/3Q(s, b)1.4
For all action b that has Q(s, b) > 0.

This policy is adjusted to suit the MCSI problem which has
many actions to choose at each state.
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Fig. 3 The sequences of moves made by the RL agent

Fig. 3 illustrates the sequences of moves that the agent
made in 2 episodes. An example data set used in this figure is
the same data set as shown in Fig. 1 which consists of 7 data
from two classes (4 from class A and 3 from class B).

Initially, the value function Q(a) of each action is set to
zero. In the first episode, the agent deselects A1, A2, B3, A4,
B2, and B1 from the original set and the episode ends at the
terminal state, represented by the double line rectangle,
which has only A3 as a prototype in the set (thus cannot be
made consistent by deselecting more prototypes). The best
solution found in this episode is of size 4, {A3, A4, B1, B2}
as represented by the thick line rectangle, thus the return of
+3 is obtained and Q(a) is updated as shown in the figure.

In the next episode, the agent learns to exploit by
deselecting Al, A2, and, B3 according to its Q(a) at its
corresponding state, and incidentally deselects A4 from the
state {A3, A4, B1, B2} in which the best action so far is not
known, then tries to explore by deselecting Bl (as
represented by the thick line) which ends up in a consistent
state, {A3, B2}, and is given a reward of +2. In the end, the
terminal state is the state {A3} and the best state in this
episode is of size 2, the state {A3, B2}, which is the optimum
solution, and the return of +5 is obtained. The inconsistent
state is represented by the dashed line rectangle and the
dashed lines from {A3, B1} to {B1} and from {A3, B2} to
{B2} represent an unexplored path.

V. IMPROVING THE EFFECTIVENESS OF THE RL ALGORITHM

The example in the previous section indicates that it is
unlikely that the agent will obtain more rewards once it
deselects a wrong prototype and advance to the inconsistent
state. From that point on, the agent may just experience the
sequence of zero rewards till the end of the episode. If the
agent can return to the previous state before the wrong
prototype is deselected, it may be able to find the better
solution by trying another action from that state. However,
the agent is not able to return to the previous state in the same
episode and it rarely returns to the best state of the previous
episodes via the normal action selection policy such as the
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e-greedy policy if the agent fails to obtain the largest returns
from that state. This hampers the agent’s effort to locate the
better solution from many potential states.

For example, if the £=0.1 is used in the e-greedy policy, the
agent will follow the path that leads to the smallest consistent
state experienced so far for about 9 steps before the
exploration step happens in the 10th step. If the exploration
step at that state leads to an inconsistent state, the episode
may end with no more rewards and fail to influence the
change to the agent’s exploitation strategy. Consequently, the
agent rarely returns to many consistent states located deeper
than 10 steps unless they are part of the current best path.

To overcome this shortcoming, a simple modification to
the algorithm is presented. The idea is to force the agent to
return to the last known consistent state if the current path
from that state is overly long or the agent moves to the dead
end. This encourages the agent to try as many actions as
possible from that consistent state. The agent will eventually
reach the smaller consistent state if there is one. The smaller
consistent state then becomes the last known consistent state.
The maximum steps allowed in the episode must be defined
otherwise the episode will never end. The detail of the
modification is as described below.

The new state transition function is defined as follows:
After the agent selects an action a
and the environment generates the next state s, as usual
If s, is consistent:
The environment provides a reward
and proceeds as usual
Else:
If s, cannot leads to the smaller consistent state
or with probability x
s, = the last known consistent state in the episode
Reward = -1
Else:
Proceeds as usual

This transition function prevents the agent from moving
through a long sequence of inconsistent states and ending the
episode prematurely without a chance to explore a better
path. The reward -1 is given as a penalty to signal the agent
that it is better to explore another path instead.

The probability x can be any value between [0, 1]. The
zero value means no backward transition is made unless the
agent cannot deselect more prototypes. The value of 1 means
the agent always moves back to the last known consistent
state within the episode if the move does not lead to the next
consistent state with one less prototype. The value of 0.2 is
selected here because it prevents a move through a very long
sequence of inconsistent states, but still allows an agent to
move through a sequence of states that has some intermediate
inconsistent states (this case is as shown in Fig. 3) which may
be longer than 2 steps.

The termination condition of the algorithm is also changed
from reaching the terminal state (there are no terminal states
here) to reaching the maximum steps allowed in each
episode. The maximum steps can be any number larger than
the size of the original data set, but 5 times of the size of the
original data set is usually good.
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It is clear that the agent’s behavior is not changed since the

update rule for the state-action value function is still the
same. The major change is in the state transition function
which is defined by the environment.

The performance comparison of the standard RL and the
modified RL for the MCSI problem is as shown in Fig. 4.
Both algorithms use the e-greedy policy. The data set used
here is the IRIS data set of 150 data from 3 classes.
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Hg. 4 Performance comparison of the standard RL and the
modified RL for the MCSI problem

* Each point in the graph shows the best consistent state with
the smallest number of prototypes found in each episode. The
cross points show the results of the standard RL algorithm
while the round points show the results of the modified RL
algorithm. Each point in the graph is the size of the best
consistent subset found in each episode associated with the
cumulative steps used by the algorithm. The best state in the
later episode keeps getting better but not monotonically
depending on the exploration rate parameter (i.e. the €). Each
episode takes about 150 steps in the standard RL and about
750 steps in the modified RL. The size of the best solutions
found by the modified RL algorithm in each episode vary
from 10 to 18 prototypes while the standard RL gets stuck in
the long sequence of inconsistent states in some episodes and
the size of the best solutions vary from 14 to 147 prototypes.
The modified RL algorithm finds the solution of size 14 at the
first episode as it also learns within an episode. The optimum
set of 10 prototypes [5], [7] is eventually found by the
modified RL algorithm while the best that the standard RL
algorithm can find is of size 14 in this case.

VI. EXPERIMENTAL RESULTS

The size of the prototype set obtained from the standard
RL algorithm is compared to the proposed modified RL
algorithm and the standard MCSI [3] algorithm on the test
data sets available at UCI site [6]. The test data sets are as
shown in Table I.

TABLE I
DETAIL OF DATA SETS
NUMBER | DIMENSION | CLASS
OF DATA
IRIS 150 4 3
GLASS 214 9 7

Because RL-based algorithm has random elements, the
algorithms are performed 10 times for each data set. The best
solution found in each run for the IRIS data set is as shown in
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table I1.

TABLE Il
THE RESULTS OF THE ALGORITHMS FOR THE IRIS DATA SET

NUMBER OF 10 11 12 131 14] 151 16 | 17
PROTOTYPES

MCS1 - - - - - 10 - .

Standard RL - 1 - 2 2 2 2 1
_(e-greedy)

Standard RL - 2 1 2 2 2 1 -
(softmax)

Modified RL 7 3 - - - - 5 y
(e-greedy)

Modified RL 7
(softmax)

In the IRIS data set case, the optimum set was found with
size 10 [5], [7], the standard MCSI method’s [3] result is 15.
The standard RL does not perform well (for both e-greedy
and softmax). It finds the result with the size smaller than 15
in some cases but performs poorer than the standard MCSI in
the other cases. In addition, it could not find the optimum size
(10 prototypes). The modified RL outperforms the standard
RL and even finds the optimum size in most cases. It always
performs better than the standard MCSI.

TABLE Il1
THE RESULTS OF THE ALGORITHMS FOR THE GLLASS DATA SET
NUMBER OF 80 81 82 83 | 84 | 85
PROTOTYPES
MCSI - - - - - 10
Modified RL - - 1 3 6 .
(e-greedy)
Modified RL - 1 3 3 2 1
(softmax)

As shown in table IIl, the modified RL algorithm performs
slightly better than the standard MCSI method in this data set.
The softmax algorithm has more variance on the results
obtained, but the best solution obtained by this method is
better than the e-greedy method in this case. The results from
the standard RL are omitted here.

VII. CONCLUSION

This paper presents a reinforcement learning approach to
the solution of the MCSI problem. The traditional RL method
has some drawbacks and is easily being trapped in the local
optimum. However, with a simple modification, the RL agent
is able to get better results or obtain the optimum solution.
Compared to the standard MCSI method, which is a greedy
local search that usually obtains a suboptimum solution, the
proposed method performs better as it learns to make a
correct move through many trials in the potential region in
the search space.
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