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[eHeTUYHI aNIropuTMum

Nekuia 01. Bctyn



3MICT

PekomMeHOoBaHI o)xepena

Ulo Take reHeTu4Hi anropntmMmum (GA)?
GA AHanoria 3 IT

KomMmnoHeHTU A

OcHoBHa rinote3a GA

BigMiHHOCTI Mi>)K GA Ta TpaguuinHNMN
aaropnTMamMm

IlepeBarn I'A

ObmexeHHs GA

Konun sBukopuctoesysatn GA



PeKkoMeHAaoOBaHI p)xepena -KHuUri

(nefkKi 3 HUX BUKOPUCTOBYIOTbCA TYyT!)
KHurm (Kknacuka):

Nronnaunp (1992). ApanTauid B NIPUPOAHUX | LUTYYHUX
cucTemMax: BCTYMNMHWUW aHani3 i3 3acTocyBaHHAM ao 6iosoril,
yrnpaB/iHHA Ta WTY4YHUW iHTenékweca MIT.<-BUHaXigHUK
GA(!), Hanbinbwa KinbkKicTb UMTYBaHb Ana GA-nyonikauii
Bio Google Scholar!

MiTuenn, M. (1998)BBeneHHa B reHEeTUYHI anropuntivpeca
MIT. <-KNACU4YHUMN NiJPYYHUK HanbiINbLUIA KiNbKICTb
uutaTtn po NA-nippyusig Google Scholar!

KHuru (3 kopgamu Ha github):

BipcaHcbkun, E. (2020).MpaKTUYHI reHEeTUYHI anropnuTmMm 3
PythonPackt Publishing
Lennapg, K. (2019). N'eHeTn4HI anroputmMmm 3 Python



PeKkoMeHAOOBaHI p)Xepena - cTaTtTi

(nefkKi 3 HUX BUKOPUCTOBYIOTbCA TYyT!)

XonnaHnpg, (1992). [eHeTn4HI anropntMmun. Scientific
American, 267 (1), 66-73.<-BuHaxigpHuK GA(!) <- lNMpocTo

3apna possaru! :)

KaTtoy, C., YayxaH, C. C., Kymap, B. (2020). Ornan
NPO reHETUYHUW aNropuTM: MUHY e, TEeMNepPIiHE Ta MaNbyTHE
MynbTuMeninHi 3acobun ta nporpamun, 1-36.

[[apcia-MapTiHec, K., Pogpirec, ®. I1>., JlozaHo, M.
(2018) I eHeTnYHI anropuTtMun, HOBIAHVK 3 €BPUCTUKW,
2018, cTtop. 431-464.



3MICT

PekomMeHOoBaHI o)xepena

Lo Take reHeTu4Hi anroputMmu (GA)?
GA AHanoria 3 IT

KomMmnoHeHTU A

OcHoBHa rinortesa GA

BigMiHHOCTI Mi>)K GA Ta TpaguuinHNMN
anropmnTMmamu

IlepeBarn I'A

ObmMmexeHHa GA

Konun sBukopuctoesysatn GA



LLlo Take reHeTU4HI anropuTtMmn?

feHeTU4HI anropuTMun(GA) € CiMenCcTBOM aJICOPUTMIB
NOLWYKY, HATXHEHHUX NMpUHUMUNaMU NMPUPOLAHOI €BOJIIOLLII.

IMiTauis npupoaHOro Binobopy Ta PO3MHOXEHHAGA MOXY
BUPOBNATN BUCOKOAKICHI pilUeHHA AN pisHUXnpobnemu:
nowyKkK,
onTumMmisauis,
HaB4YaHHA.

AHanoriwo 3 NpUpoaHOI0 eBOJIIOLIED Aonyckae TAnoponaTm
nefaki npodonemMu, cKnaaHi ona TpaguuinHnx
anropmnTtMmn, ocobnmeo onsd sUnNagkie 3:

BeJIMKa KINbKICTb NapaMeTpiBi
CKJNIagHI MaTeMaTU4dHI YABJIEHHA.



Teopia A -
esoJsiouis flapsiHa

GA peani3yoTb a
cnpolleHa Bepcis
JapBiHIBCbKUA NPUPOOHUM
eBoJilouiA.
[TpnHUMNn

ﬂapBHﬂBCbKOTeBOﬂKnﬂhgr
Bapiauisn g
CnapgLwuHa
Bubip

o




Teopina lA -
esonwouia flapBiHa

Bapiauisn:

Thepucn(aTpmOyTHn) oOKpeMmnx 3paskKiB

Ha/1IeXXHICTb 0O HaceNeHHAMOo>XXe 3MIHIOBAaTUCH.

B pe3ynbTaTi,eK3eMnnaapm BiAPISHAIOTLCAOAONH BiO OOHOMO
neBHOO MIpOLO,
HallPpUKJ1a4, VY.
IxnoBepiHKaabo
IX3OBHILUHIX BUrnan.



Teopina lA -
esonwouia flapBiHa
CnapgLwmHa:

[lesaKipuCMUE NOCNIJOBHONPOULLUJIMHA Bif
3Ppa3KMCBOIM HaLWLaAKaM.

AK pe3ynbTaT,HalWaAKM CXO0XXi Ha CBOIX OaTbKiB
OiNbLUIEHIDKBOHU CXO)XiHecnopiaHeHi 3pa3kKMu.



Teopina lA -
esonwouia flapBiHa
Bubip:

NMonynsauiitTnnosodboporTbbanng pecypcis
B Me&>XaX CBOro cepenoBuLLLa.

Thespa3Kuspucuskikpawe
aﬂ,anTOBaHMﬁHa HaBKOJIMWUHE CepenoBunLle:
oyape ycnilWHILWWMMNPUY BUKUBAHHI, |
AacTb OinbLUIe NOTOMCTBAL0 HACTYMNHOIo
MOKOMIHHA.



Teopisa M'A - papBIiHIBCbKa

eBoJIIouinN
Pe3lomMe:
EsBontouisnipaTpyuMy€enonyndauis ocobnH
3pa3KULLO3MIHIOBATUCAOAVH Bi4 OOHOrO.

Tl, XTO EKpaLue aganToBaHIONO CBOro
cepenoBuLLa MatloTh abifNibLue LWAHCIB BUXKUTMU,
PO3BEeOEHHS TanpPOXOA>KeHHAIXHI pucnpo
HaCTynHe NOKOJIIHHA.

TaKMM YNHOM, 3 MOKOJAIHHAMU,BUAMUN CTAIOTh
OiNbLI apanToBaHI[0 IXHABKOJIMLLHE cepenoBuLLei 110
BUKJIMKMMNpPEOCTaBNEHI IM.



3MICT

PekomMeHOoBaHI o)xepena

Ulo Take reHeTu4Hi anropntmMmum (GA)?
GA AHanoria 3 IT

KomMmnoHeHTU A

OcHoBHa rinote3a GA

BigMiHHOCTI Mi>)K GA Ta TpaguuinHNMN
aaropnTMamMm

IlepeBarn I'A

ObmexeHHs GA

Konun sBukopuctoesysatn GA



AHanoria GA 3 IT

GA NOBUHHI 3HAUTMONTUMAaJNIbHe piLUeHHAANdA npobnemun.
[apBiHIBCbKa eBOMOUIA NIATPUMYE MONYNALLIO
OKpeMi eK3eMNnnapm,

ANE(!)..GAs nigTpnMyloTb NnonynduiloKaHauaat
piLueHHa(ocodum), 014 uiel npobriemn. TheocoO!
ITEPaTUBHO OLIHIOITLCA Ta BUKOPUCTOBYIOTbLCS
CTBOPUTWN HOBE MOKOJIIHHAOCOOM. Ti, XTO €
Kpawernpu BupilleHHi Uiel npobsieMmun € a dinbLie
LaHC 6byTun BigibpaHM | NPoXoanTN IX
AKOCTI A5 HAaCTYMHOro NOKOJIIHHAOCOOM. Takun
YNHOM ... 3 MOKOJIIHHAMMK ...0COOMCTaNO KpaLle
npwv BUpilLeHHi npobnemn.




3MICT

PekomMeHOoBaHI o)xepena

Ulo Take reHeTu4Hi anropntmMmum (GA)?
GA AHanoria 3 IT

KoMmnoHeHTU lN'A

OcHoBHa rinote3a GA

BigMiHHOCTI Mi>)K GA Ta TpaguuinHNMN
aaropnTMamMm

IlepeBarn I'A

ObmexeHHs GA

Konun sBukopuctoesysatn GA



AHanoria GA 3 IT -

OCHOBHI KOMIMNOHEHTMH

TeHOTUN
HaceneHHHS

DiTHeC pyHKLIA

Bunbip
KpocoBep

MyTauid



AHanoria GA 3 IT - OCHOBHI
KOMMNOHEeHTMU -eHOTMUN

Y Gionorii: reHOTMNE KOJIEKLIEIOreHUSAKI 3rpynoBaHi
XPOMOCOMM. FKLLO [1Ba €K3eMIMJIAPN PO3IMHOXYIOTbC
019 CTBOPEHHSA NMOTOMCTBA, KOXKEHXPOMOCOMaA3

NOTOMCTBO byieHeCcTM acyMmill reHiBBig 000X

Function



AHanoria GA 3 IT - OCHOBHI
KOMMOHEeHTHU -eHoTUN

Y uboMy(GAS):

KOXXeHIHaUMBIiayanbHuMnpeancrtasaeHNn'IT-xpoMoCoN

LLLO MOXXHa BUPa3NTU 9K aABIMKOBUMU PAOOK, 1e
KOXXeH DiTaBnse coboo eaNHEreH.

AN
0[1]0[11/1/071]0




OCHOBHI KOMNOHeHTUn -HaceneHHsn

GA 3aBXAu NigTPUMYE aHACeJNIEHHAOCIO -> aKone
BapiaHTIB BUpiWeHHa npodbnemun. OcobunHa ->
XpoMocCoMa, NoNyn4aLia -> CYKYMnHICTb
XPOMOCOMMU.

HaceneHH4
npencTaBnsi€
NOTOYHMUMUIMOKOJIHHS
|
PO3BUBAETHCHA 3 HaCOM
KON CTPYM
MOKOJ1IHHA 3aMIHEHO
HOBUM.




OCHOBHI KOMMNOHEHTU -DPiTHEeC PYHKLLI!

Ha Ko>XXHin iTepauii GA ocobn € owniHeHOoBI[ a
dYHKLIA PITHECY(TaKoXX HAa3NBAETbLCH
LinboBa hyHKLislle Ta pyHKLUiS, SKOT M1 NparHeMo

onTuMi3yBaTn abo npobnemy, Ky MM HaMaraEMocs BUPILLNTN.

Ocobu, gaKi [ocArnm aKkpauwernokasHuK iTHecy
KpawepileHsb |, WBnalwe 3a Bce, Takumm oyayThb
obpaHuM Ansa BiATBOPEHHAI OyTnpencTaBJZiIeHUN

HAaCTYyMNHE NMOKOJIIHHA.

3 4YaCcoM,AKICTbpPILLeHbNOKpaLLYE, PiTHEC3HAYEHHHS
30inbwIMTKU.[IpOoLECMOIXKE 3YNMUHUTUCASK TiJIbKU
DILULeHHY €E3HAUMAEHO033aNO0OBIiNNbHUMN3IHAYEHHSA dDiTHeC)\



OCHOBHi KOMNOHEeHTHU -Buodip

BubipnpoL,ec 3BMUKBU3HAYUTUO0 KOro 3 0CobuH
nonyasauil NOTPanMTbBIATBOPIOBATMUI
CTBOPUTU NOTOMCTBOLLLO CPOPMYE HACTYNMHUN
MOKOJIIHHA.
Lle 6a3yeTbCsa Ha hiTHeC-oLuIHLUiI oKkpeMux ocib. Ti 3
BULLUEOL|IHKN EluBuaLUe 3a BCedyTH
oOpaHuUM i NacixHin reHeTNYHMIA MaTepian A0 HACTYMHOro
MOKOJIIHHA.
Di3n4Hi 0coby CHU3bKa TPEHOBAHICTb3HAYEHHS BCE Lle

MO>XHa BMOpaTK, asie3 MeHLUO0 UMOBIPHICTIO. TakKUM YMHOM, IX
reHeTUYHNN MaTepiasl He BUKJIIOHYAETbLCA MOBHICTIO.



OcCHOBHI KOMNOHeHTU -Kpocosep

[na CTBOPEHHS Mapu HOBUX OCODBMH 3a3BUYan
BMOMpPalOTb OABOX BATLKIB i3 MOTOYHOIrO NOKOJIIHHA, a
YaCTUHW IXHIX XPOMOCOMMNOMIHATU MICUAMU(KPOCOBEL
abopekoMbiHaLifA) 018 CTBOPEHHS ABOX HOBUX XPOMOC

LLIO NpencTaBsIs€ MOTOMCTBO.

~ Tomac XaHT MopraH IT GA- Bepcis
(Hobeniscbka npemis - 1933) inocTpauis KpOoCUHroBepy (pekombiHauil)
nepenpaBa (1916)



OCHOBHI KOMNOHEeHTU -MyTauin

MeTaMmyTauifa(gak onepaTop) NepioanyvHo

| BUNMaKOBOOHOBUTU HACeJIeHHA,BBOAUTU HOBI
3pa3KMB XPOMOCOMMU, I3a0X04YyBaTH

NOLWYKY He3BigaHMX 061acTax NPOCTOPY PilLeHHS.

AMyTauiaMoxxe 6yTn 9K aBunagaKoBa 3MiHaAB MeHi,
Hanpuknang, nepeBepHyTn OIT y ABINKOBOMY PAOKY.

[O[/0[T[10[10]
[}

0[1/0[1/1]0/0[1 0




3MICT

PekomMeHOoBaHI o)xepena

Ulo Take reHeTu4Hi anropntmMmum (GA)?
GA AHanoria 3 IT

KomMmnoHeHTU A

OcHOoBHa rinortesa GA

BigMiHHOCTI Mi>)K GA Ta TpaguuinHNMN
aaropnTMamMm

IlepeBarn I'A

ObmexeHHs GA

Konun sBukopuctoesysatn GA



OcHoBHa rinortesa GA

ThebyaiBenbHa rinoresa->BONTUMAaNIbLHUUBUNPILLEHH:!
npobnemn esibpaHimanoi 3abygoBNONOKM, | 9K
MU NpMHOCUMODInbLeunx byaisenbHUX 610KiB pa3omM, MU OTPUMYEMO

onmnXK4ye 0 LbOrOONTUMANIbHUMNPILLEHHA.

Ocobwu B nonynsauii 30a>kaHa oyaisna
ONOKMIOEeHTUDIKYIOTHCS 3a IXKpaLwi bannm.

ThenoBTOpHUM BUDIp/KpocoBepnpu3Bene 00 Kpallnx

IHOMBIAIB, AKI NepenatoTb Ui byaiBesibHI 610K HACTYNMHUM

NMOKONIHHAM, O4HOYACHO, MOXXJINBO, MOEAHYOYN I1X 3 IHLWUNMU
ycniwHi 6yaiBesibHI 610KMN.

Lle CTBOpPIOEreHeTUYHUM TUCK, TaKUM YNHOMHanNpaBaALYUMnHaceneHH
Ha3sycTpiumMaTun binblie nogen i3 bynisenbHUMN B10KaMULLLO



OcHOBHa rinore3a -npukKinan

Mun MaeEMO CYKYNHICTb 4-3Ha4YHUX OBIMKOBUX PAAKIB. MeTa: LG
3HAUTW PAOOK i3HANDINBWMMMOXIMBA CyMa UMPP. NnoYaToK: Ludpa
O 3'BNAETLCA B Oyab-9KoMY 3 4 no3uvuin psaka, byage

byTn xopowunm byaisenbHUM 6/10KOM.

0111 1110
011i1]p 11117

[ToCTYnoBUN anropuTM BU3HAYUTL PILLEHHS, AKI MICTAT
Li 6ynisenbHi 6510KkK, | 06’€eaHaE IX. KookeHHOBUM
NOKOJIIHHA MaTUMeOBinbLeocid i3 3Ha4YeHHAMU 1 Y PI3HWD

no3uuil, Wo B KiIHLEBOMY MiACYMKY NPU3BOAUTb OO0 pAaaka 1111, akun



Teopema XonsiaHpoa Npo cxeMmy

CxemavueBi3epyHoOK(abo wabnoH), ki MOXXYTb By T
3HaX04ATbCHA B XpOMOCOMaAX.
BiH npenctaBnde (9K aperysasapHUM BUpa3i3 CMMBOJIAl
NiACTAaHOBKWN) MNIAMHOXWHA XPOMOCOM, AKI MaloTh
MeBHa CXOXICTb MIDK HUMWU. NpUKNaa:
AKLLLO Habip XpOMOCOM MpencTaBJIeEHO
OBINKOBUMW pAaoKaMn OOBXWHOIO 4, cxeMa
1*01 npencTtaBns€e BCI Ui XpPOMOCOMN
AKI MaloTb 1 y KpanHin nisivt no3unuil, 01 y B
KpanHixX npaBux no3unuiax i 1 abo 0y
OpYyrun 3niBa, oCKilbkKun *




I>xoH NeHpi NlNonnaup

"BiIH E3QCHOBHUK KOMMNJIEKCHOrIO
CUCTeMHOoro niaxopapy. 3o0KpemMa, BiH
PO3POONB reHeTUYHI aNropnuTMmn Ta
HaB4Ya/IbHUW KJlacudikaTop
cucTteMmm».,

BiH OyB 4JsieHOM OnNiKyHCbKOI
paan Ta HayKoBOI paau IHCTUTYTY
CaHTa-®e Ta 4YyneHoM th
BcecCBiTHIN €KOHOMIYHUM cpuyiM S e
. OTpumas 1961 pikMepanb Jlyi E. JleBi
3 [HCTUTYTY ®PpaHkiiHa TaCTuneHAain WORLD
MakApTypa(HeodiLiliHO BigoMuin sk ECF )UI\IIQ(L)JAA:\\IC
«Genius Grant») y 1992 pou,.




Teopema XonsiaHpoa Npo cxeMmy

0189 KOXKHOI CXeMU MOXXHa NPU3HAYNTUN OBl METPUKWU:

nopapoK:

KinbKiCTb (pikcoBaHUX undp (He cumMmBosIM MigCTaHOBKK!)

An Introduction to Genetic Algorithms

Chapter 1

The following table provides several examples of four-digit binary schemata and their

measurements:
Schema Order Defining Length
1101 4 3
1*01 3 3
*101 3 2
*1%] 2 2
%01 2 1
1*** 1 O
S HF 0 0

Each chromosome in the population corresponds to multiple schemata in the same way
that a given string matches regular expressions. The chromosome 1101, for example,




Teopema XonsiaHpoa Npo cxeMmy

OcHoBHa TeopemMa GA: HacToTa cxen
HU3bKUU NMOPALOK,

KOPOTKAa BU3Ha4YaJsibHa O0B)XXMUHA, iPi3M4YHa NiArortosJieH

BULLLe cepenHbOro3poCTaE B reoMeTpUYHin nporpecil
HaCTYMHI NOKONIHHA. [HWKMK
C/I0OBaM/:MeHLUe, npocTilue byaiBenbHi
6/10KKN, AKI NPencTaBAAlTb aTPpUbyTH
AKi poONATL pilLeHHA KpawMMCTaHe
BCe OisibLUue NPUCYTHINB nonynsuil sK
[ A nNporpecye.



3MICT

PekomMeHOoBaHI o)xepena

Ulo Take reHeTu4Hi anropntmMmum (GA)?

GA AHanoria 3 IT

KomMmnoHeHTU A

OcHoBHa rinote3a GA

BigMiHHOCTI MI)XK GA Ta
TpaaAUULIUHUMMU aZIrOpUTMaMm

IlepeBarn I'A

ObmexeHHs GA

Konun sBukopuctoesysatn GA



BiaMiHHOCTI GAS
3 TPAAMULIUHUX AJITOPUTMIB

Po3pIi3HEHHA OCHOBHUX XapaKTepucTtuk A
IX BIO TpaguUIMHUX aNrOpPUTMIB:

MnaotpnmMaHHA aHaACeNeHHAPO34YNHIB

BnkopuncToBylo4YM areHeTU4YHe npeacTaBJZIeHHA3
PILUEHHA

Bukopuctosytoum pesynbTtaT aPIiTHECHYHKLLIA

BuctaBka aiMOBIPHICHUMUMNOBEIHKA



BiaoMmiHHOCTI GAsS
3 TPAAULIUHUX AJZITOPUTMIB -
NMiaTpMMmKa nonynsauil pilleHb
GAAi€ Hap HaceneHHAMKaHAMOATIB pilleHb
(okpeMunx ocib), a He oOHOro KaHgnaaTa.
GAnpaulo€e 3 HabopomMmocid, sKi yTBOPIOOTb
HUHILWWHE NokKoJlIHHA.Ko>XHa iTepauifal ACTBOpIoOE
HaCTyNHe MOKOJTIHHABCTAHOBUTUDI3NYHUX 0Cib. Ha BiaMir
Bifg OiNbLWIOCTI IHWKWX NOLIYKOBUX aJIFOPUTMIBRIATPUMYBATU EOANE
PiLLEeHHAI iITepaTUBHO 3MIHIOBATWN MO0 B NOLUYKax
HauKpalle pilleHHA.
npuknag: TheaaropuTMm rpapi€eHTHOro CNYOKyoKo
BUKOPUNCTOBYETbLCA B ML/DL) iTepauinvHonpaulo€ 31 CTPyYMOM

pilLeHHA (nepeMilye Noro B HaNpsaMKy HaMKPyTILWOro Crnycky,
BU3HAYAETbCH HEraTUBHUM rpafieHTOM DYHKLII).




BiaMiHHOCTI GAS
3 TPAAULIUHUX AJZITOPUTMIB -
f[eHeTU4YHe npeacTaBJZIeHHA PO34YMHIB
TpadnLLiNHI anropnTtmn: OitoTb besnocepenHbO Ha KaHOnAaTa
piLUEeHH4,
GA: onepyBaTu CBOIMU npencTtaBieHHaIMN (abo KogyBaHHAM),

4aCTO HAa3MBAOTbXPOMOCOMM. NPpUKJIaa:
XpoMOCOMa - e (piIKkCoBaHUN OBINKOBUW PAOOK.

ThereHeTU4Hi onepauiiBUKOPNUCTOBYIOTbLCA AJI9 XPOMOCOM
KpocosBepBinbyBaeTbca 3aMiHa YaCTUH XPOMOCOM
MI>K OBOMa baTbKaMu.
MyTauiA3MIHIOE HaCTUHU XpOoMOCcOoMMU. [MobivHUN

edpeKT: A eEHe B KYpPCITOro, Lo npeactaBisioTE
POONATL XPOMOCOMIVHE IHTepnpeTyBaTHix.




BiaMiHHOCTI GAs
3 TPAAULUIMHUX QJITOPUTMIB -
Pe3ynbTaT diTHEC-DYHKLII

diTHec PyHKLUIA(FF) npencrasnsge (ouiHATK).
npobnema, aKy Mmun xXoTinim 6 BupilinTn. MeTe
GA: wob 3HanTn ocib, 9Ki natoTb HAUBULLLMKA Dan
Konun uen FF po3paxoBYETbLCA ANA HUX.

TpaAnLUinHIi anropuTMn: BUKOPUCTOBYBATU NOXiAHIabo by ab-akun
IHWa IHopMaUuia, Wwo cTtocyeTbca FF. GA: Tinbl
po3rngHyTU3HavYeHHAoTpuMaHi FF. Lle no3songe
BUKoOpUcToByBaTu FF, AKi Ba)XKo abo HEMOXJIMBO
MaTeMaTU4YHO AndepeHLioBaTH.




BiaMiHHOCTI GAs
3 TPAAULUIMHUX QJITOPUTMIB -
IMOBIPHICHaA noBeAiHKa

TpadnUINHI aNropuTMin: epeTepMiHOBaHUM.
GAs : npaBuJia EIMOBIPHICHUM.
npukJaa : npu nindopi ocobuH, aki 6yayTb BUKOPUCTOBYBATUCS
CTBOPUTUN HACTYMHE NMOKOJIIHHA, UMOBIPHICTBBNOOPY
naHol ocobnsbinbwyeTbca 3iHAMBIOagITHeEC, ane
Yy uboMYy BMOOPpI BCe Lle € eneMeHT BUNnaakosocTi. MyTauina
KEepPYETbCA UMOBIPHICTIO, 3a3BM4Yan BHOCUTb 3MIHU B
BMMagKOBe po3TallyBaHHSA B XpoMocoMi. KpocoBepMOoKe
TAaKOXX MaTU MMOBIPHICHUN efleMeHT. He3Ba>kalo4yn Ha IMOBIPHICHI
xapakTtep,GA He € BUNaAKOBUM; HAaTOMICTb e BUKOPUCTOBYE
BMNAanKOBMMUACMEKT, WOO6 cnpsaMyBaTy NoLwykK Ha obnacTi B
MPOCTIP MOLUYKY, Oe € Kpalyl LUaHCK MOKPaLLNTUCH
pe3ynbTaTu.




3MICT

PekomMeHOoBaHI o)xepena

Ulo Take reHeTu4Hi anropntmMmum (GA)?
GA AHanoria 3 IT

KomMmnoHeHTU A

OcHoBHa rinote3a GA

BigMiHHOCTI Mi>)K GA Ta TpaguuinHNMN
aaropnTMamMm

INMepeBarn rA

ObmexeHHs GA

Konun sBukopuctoesysatn GA



lNepeBarn A

FnobanbHMMUMOXNNBICTL ONTUMI3aLil
BupiweHHa npobnem i3 acknagHi
MaTEMaTU4YHE rNpeagcraBJ/IEHHA
BupiweHHa npobnewm, aKkiBiACYTHICTbMaTEMATUYHUN
npencTtaBHMLUTBO
CTIUKICTB O LUYyMY
MioTpnMkKa oasanapaneni3Mi NOLWNPIOETHCS
0b6pobKNn

MpupgaTHiICTb oNnsbe3nepepBHe HABYAHHSA



NepeBaru GA -

Mo>XnuBIicTb rnoGasnbHOI onTUMiI3aLil
[ I [ [ I

6

TpaOnuinHI anropuTMn

1 global maximum

(Ha OCHOBI rpadi€EHTA) : local maximum
MO>Xe 3aCTPArTU B JIOKaAJIbHOMY T 2
MaKCUMYMi, a He 3HanTu rnobasabHMin® >/\
-> 2 local minimum i

OCKIiNIbKW I'IO6J1VI3y JIOKaJIbHOIro MakKCMMymy, -4 r I T
global minimum

OyOb-Ka He3Ha4yHa 3MiHa MOoripwWnuTbCa g | | 1 | | .

_ dXYHOK. . 0 02 0.4 0.6 0.8 1 1.2
GA: 6inbule WaHCiB 3HaNTWM rnobanabHUN MakKCUMYM Yepes:

1 - BAKOPUCTAHHA aHACeJIeHHABAPIaHTIB pilleHb,
2 -KpocoBepiMmyTauisue, y baratbox Bunagkax, npmsse]
00 BaPiaHTIB pPilUeHb, AKi Em|aneKMnuBi nonepenHix.

Lle enpaBaa AKWOMM NIATPUMYEMOPIZHOMAHITHICTbHACENEHHS |



NepeBarm GA -

KoMnnekcHi npoonemm

GAsnoTpideH Tinbku BuXiaFF 0ng KOXXHOI OKpeM
NOONHN Ta He CTOCYIOTbCA IHWKMX acnekTiB FF
TaKl 9K MOXIOHI.
Ocb yomy GAsMoXxe byTn ecpbeKTUBHMM A nNpobrem 3
CKJZIaAHI MaTeMaTuU4HIi yaBneHHAabo0
PYHKLUIT, SKi EBaXXK0abo HEMOXXTMBO
AudepeHuiloBaTu,
npobnemun 3 aBenukKa KiNbKiCTb NapaMeTpiB,
npobsemMn 3 anoeEpaHaHHA TUNIB NapaMeTpiB
(NMoeEgHaHHSA HenepepBHOro | AUCKPETHOro
napameTpun).




NepeBarun GAllpobnem bes

MaTeMaTUdiHe npeacrtaBJ/iIeHHA

[MpunycTtnmo, Wwo ouiHka FF 6a3yeTbCca Ha NOAOCBKIN OYyML
npukKaan:
3HAWUTW HaNMMpuBabAMBILLY ManiTPy KOJIbLOPIB OJ19 BED-CanNTy.
PDILLEHHS:
- cnpobyBaTVPiI3HI NOEAHAHHA KOJIbOPIBI 3aNMnTanTe KOPUCTYBAYIB
OLLIHUTW NPUBABNBICTb CaUTy;
- 3acTtocoByBaTu GA ONnd NMOWYKYHaUKpPaWMn pe3ynabTaT

NOEAHAHHABNKOPUCTOBYOYN L0 OLIHKY Ha OCHOBI AYMKU 9K
pe3ynbTaT PITHEC-PYHKLII.
GA 3pobuTh Le,He3Ba)>alo4ym Ha Te, wo FF maebE3

MaTeMaTUM4HoOro npeacrtassieHHAi EHEMAE cnocoby obuucn
paxyHokbe3nocepegHbLO 3 3a4aHOI KONIPHOI KOMBIHaUT.



NepeBarun GA -
CTIMKICTb 00 LUYMY
€ neski npobieMMwIyMHa noBepiHKa:

HaBITb A/ISaHANOrNiYHUM BXiA3HAYEHHSA NapaMeTpiB,
BBUXiA3HAa4YeHHS MOXXe DyTupeLl,o iIHLWeKOXXeH
4ac, KN BUMIPIOETbCA.

[Mopuknagn :
JaHi HaaxoOATh 13 BUXOAiB OaT4YUKIiB, abo
OuiHka FF 6a3yeTbCcd Ha JIIOOCLKIA OYMLI.

LLlyMHa noBepiHKaMoXepyiHabaratoTrpaouuwinHum
anropnTMun, aneGAs3araJJoMnpy>XHMMUO0 HbOro, 3aBAAKN
OONMOBTOpPIOBaHIONEpPaLISANOBTOPHE CKAaOaHHA
nepeouiHkaocobn.



NepeBarun GA -

Mapaneniam
GA 3a CBOIM BM3Ha4YeHHAM ErOTOBUMU A0 po3napasenioBaHHA

ipo3noaineHa obpoOka.

FFecaMoCTIMHOpPO3paxoBaHa HaKO>XeH
IHOWBIOYaIbHUN, WO O3Ha4YaEBCi ocobuB nonynsy,
MOXXe OYTUOLLIHIDETLCA OOHOYACHO.

eHeTUYHi onepauiiBUOip,KpocoBep, i MyTaLif
KOXXEeH MoXXe ByTn BUKOHaHNNOAHO4YACHOHA

ocobuHax | mapax ocobuH y nonynsuil.

Ocb YoMyGA € NPUPOAHUMM KaHAUOATaAMU A



NepeBarun GA -

be3nepepBHe HaBYaHHA

B npuponi,eBoniouifn HIKOJIN He 3YNUHAETLCA.

Ane ue CyMHIBHO ... !) ... NOAMUBITLCA HABKOJIO.

AK eKONoriHHNNYMOBMU 3MIHIOIOTbLCHA,
HaceJieHHA afanTyETbCAIM.

Tak caMmolA MOXXYTb nNpauloBaTU DesnepepBHOY KOJIUCH
MiHNMBe cepenoBuLle, i B byab-9KUM MOMEHT 4Yacy, HauKpawe
NOTO4YHE PiLULeHHA MOXXe DyTU OTPUMAHO Ta BUKOPUCTAHO.

Ane AK wWon00 4Yacy?
LLlo6 GA 6byna edheKTUBHOIO,3MIHUB CepeoBuULL
noTpioHO OyTU NOBINBLHUMMO BiAHOLLUEHHIO A0

MOKONIHHAWBUAKICTbD 0DOPOTYNOLLYKY Ha oCHOBI GA.



3MICT

PekomMeHOoBaHI o)xepena

Ulo Take reHeTu4Hi anropntmMmum (GA)?
GA AHanoria 3 IT

KomMmnoHeHTU A

OcHoBHa rinote3a GA

BigMiHHOCTI Mi>)K GA Ta TpaguuinHNMN
aaropnTMamMm

IlepeBarn I'A

ObmMmeXxeHHsa GA

Konun sBukopuctoesysatn GA



OomMme)xeHHAa GA

HeobxigHicTb cneuiajibHUX BU3HAYEHb
HeobxigHIiCTb rinepnapamMeTpuU4yHOro HaJjlalTyBaHHS
Ob64uncnoBasbHO IHTEHCUBHI ornepaLiil
Pu3nkK nepen4vacHol KoOHBepreHuil

Hemae rapaHTOBaHOro pilleHHs



Obme)xeHHa GA -

CneuianbHi BUBHAYEHHSA
Ulob 3acTtocyBaTn GA no gaHol npobnemn, Ham NOTPIOHO
CTBOPUTW BignoBigHe npencTassieHHA A1 GA IBU3HAUYUTY
FFixpoMocoMacTpyKTypa,
reHeTu4Hi onepatopu(siabip, cxpeutyBaHHA Ta MyTauis),
AKi ByoyTb npauoBaTy A4 Uiel npobnemun.
e cknapgHuM | TPYAOOMICTKUM npouec!

AJIE ... GA BXe 3aCTOCOBaHO
He3nivyeHHi pi3Hi TMnNu npodbnem, i 6araTto
3 UMX BU3HAYE€Hb CTaHOAPTWN30BaAHO.
B iHWKX nekyiax byoyTe npeactaBsieHi gesaki TUMNmM peasabHNX
npobnem, AKi MoXXHa BUpIiWLNTK 3a gonomoroto GA.



ObmMme)xeHHAa GA -

NnepnapaMeTpuiHa HaCTpPoOUKa
[MoBeniHka GA KOHTPOJIIOETLCA HabopomMm
rinepnapamMeTpu, HaNpunkaag4mMcesbHICTb HacesieH

WBUAKICTbD MyTaUili T.4.

3acTtocoBytodn GA go npobsiemu,
TOYHUX nNpaBun HeMmae€ (!)
015 30IMCHEHHS LnX BUbopis.

OHaK,ue EBIPHO TAaKOX AJIA ... MaMXXe BCIX
TPaAULUIMHUX AJITOPUTMIB NOLLUYKY Ta onTUMI3auil
[MpOBIBLUN KiJIbKa BIAaCHUX eKCNEePUMEHTIB, BN 3MOXKe

3p0bUTN PO3yMHUM BUDIp ANA LIMX 3HAYEHD.



OobmMme)xeHHAa GA -
Ob0uyucnioBasZIbHO iIHTEHCUBHUMN
Onepauil

[Mpautoe (MOTEHUINHOBEJIMKUMU | AYy>Ke BEeJINKUMN)
HaceNleHHS TanoBToOploBaHIinpupona A Mmoxe byTwu
ob4yuMucnoBaJZIbHO IHTEHCUBHMMU, TaK obpe SAK
TPYAOOMICTKMMUOO NOCATHEHHA XOPOLLUOro pesyabTaTy.

IX MOXXHa nosierwmnTm:
arapHuvm BuOiprinepnapameTpis,
BNpoBamXeHHsAnapanesibHa oOpoOKa,
IKeWyYBaHHAMNPOMIXKHI pe3ynbTaTu (Y OedaKnx

BUMNAOKIB).



OoMme)xeHHAa GA - Pusuk
nepenvYacHol KOHBepreHuil

AKLWO NpUAaTHICTb OOHIEI 0COBMHN EHabaraTo BULLLEH X
pelwTa HaceseHHs, MOXX/IMBOAOCTAaTHbLO AYDJIbOBaHUM
Lo Lebepe Ha cebeBce HaceneHHs.

Lle MO>XXe npussecT 0o oTpnMMaHHA GAnependacHoO 3acTpAl
JIOKAJIbHUUA eKCTPEeMYM,3aMiCTb3HaX0O>KEHHArI00aNbHUN

Llo6 ub0oro He cTtanocs,
BaXXKJinBONIATPUMYBaATU PIBHOMAHITHICTb3
HaCeJIeHHA.



ObmMmexeHHA GA - HeMae
rapaHTOBAHOIO pPILLUEHHA

BukopuctaHHa GA pobuTbHe rapaHTifLwo rnobanbHUM
eKCTpeMYM A8 po3rnaHyTol npobnemMnoyne sHanpeH

OQHaK ue MamxeBipHO ANA ... OyAb-AKOro TpanuuinH
a/ICOPUTM MOLUYKY Ta ONTUMI3aLll, AKLWO Le He
aHaNITU4YHe PIlUEeHHA KOHKPEeTHOro Tuny 3aaaui.

Ak npasunno, GA, AKLWLO BUKOPUCTOBYIOTbCA HAaJIEXKHUM YUHOM,
BiJOMIHAAABATMU XOpoLUi PILLEHHAB MeXaX a
PO3YMHMUMU NMPOMIXKOK 4Hacy.



3MICT

PekomMeHOoBaHI o)xepena

Ulo Take reHeTu4Hi anropntmMmum (GA)?
GA AHanoria 3 IT

KomMmnoHeHTU A

OcHoBHa rinote3a GA

BigMiHHOCTI Mi>)K GA Ta TpaguuinHNMN
aaropnTMamMm

IlepeBarn I'A

ObmexeHHs GA

Konu Bukopuctosysatu GA



Bunaaku BukopuctaHHa GA

I'A eEHavKpaLwie niaxoanTb ANAHACTYMNHI TUNW
npobnemun:

3CKJIaaHIMaTeMaTU4YHe nNpeancrtaB/ieHHS
3HIMaTeMaTu4yHe npencTtaBeHHA

-3a Y4HacCTlO aI.LIyMHVIﬁHaBKOJ'IVILLIHE cepenosule

3a1y4YeHHda cepenoBulla, AKe3MIHIOETLCA 3 YaCOM



Jlekuia 1 - AEMO A - BcTtyn A0 reHeTUYHUX anropuTtMmiB

(noBra Bepcisi) Ha ocHoBi (C) po6oTu Esins BipcaHcbkoro

Y uin nekuii Mu npeactasnsaemo DEAP — NOoTy)XHY Ta rHy4YKY CTPYKTYpY €BOMIOLIMHUX

obuncneHb, 34aTHY BUPiLLYBaTWU peasibHi Npo6/ieMn 3 BUKOPUCTAHHSIM FreHETUYHUX anropuTmie

(GA).

KOopOTKni 3MICT:

BCTYN,

YCTaHOBKa,

OCHOBHI Moayni: creator i toolbox,

KOMMOHEHTU, HeObXigHI AnsA poboyoro npouecy GA,

HaMNpoCTIWKMi Nnpuknag, npobaema OneMax, Tak 3BaHa «Hello World» reHeTU4YHMX
anropuTMiIB.

[0 KiHUSA i€l nekuil Bu byaeTte 3HaTU:

cTpykTypa DEAP T1a il moayni,

NoHATTA creator Ta toolbox y cTpykTypi DEAP,

HannpocTiwnn npuknag GA,

AK CTBOPUTHU pieHHA GA 3a gonomoroto cTpykTypu DEAP,

SIK BAKOPUCTOBYBaTWU BOYAOBaHi anroputmMu cTpykTypu DEAP gns cTBOpeHHs CTUCAOro
Koay

AK BUpiWKnTM npobnemy OneMax 3a gonomoroto GA, 3akogoBaHOro 3a gonomoroto DEAP
framework,

AIK eKCrepuMMeHTyBaTn 3 pisHUMK HanawTyBaHHAMM GA Ta iHTeprnpeTyBaTu BifiMiHHOCTI B
pesynbTaTtax.

~ Installation and import of libraries

In these and other lectures, we will use various Python packages:

NumPy
Matplotlib
Seaborn

They are already pre-installed in Colab. Let's import them by the following code.


https://colab.research.google.com/%E2%80%8B/matplotlib.%E2%80%8Borg
https://colab.research.google.com/%E2%80%8B/seaborn.%E2%80%8Bpydata.%E2%80%8Borg/

# Import all necessary standard libraries
import random

import numpy

import matplotlib.pyplot as plt

import seaborn as sns

Install DEAP by pip with the following code:

# Install DEAP
Ipip install deap

Collecting deap

Downloading https://files.pythonhosted.org/packages/0a/eb/2bd0a32e3ce757fb2
| I | 163KB 8.7MB/s
Requirement already satisfied: numpy in /usr/local/lib/python3.6/dist-package
Installing collected packages: deap
Successfully installed deap-1.3.1

# Import DEAP

from deap import base

from deap import creator
from deap import tools

from deap import algorithms

~ Example: OneMax problem

v Constants

# Let's declare constants that set the parameters for the problem and control the

# problem constants:
ONE_MAX LENGTH = 100 # length of bit string to be optimized

# GA constants:
POPULATION SIZE = 200
P_CROSSOVER = 0.9 # probability for crossover

P MUTATION = 0.1 # probability for mutating an individual
MAX_ GENERATIONS = 50

~ Reproducibility of Results

One important aspect of the GA is the use of probability, which introduces a random element to
the behavior of the algorithm.


https://files.pythonhosted.org/packages/0a/eb/2bd0a32e3ce757fb26264765abbaedd6d4d3640d90219a513aeabd08ee2b/deap-1.3.1-cp36-cp36m-manylinux2010_x86_64.whl

However, for reproducibility of results, when experimenting with the code, we may want to be
able to run the same experiment several times and get repeatable results.

To accomplish this, we set the random function seed to a constant number of some value, as

# set the random seed:
RANDOM SEED = 42
random.seed (RANDOM SEED)

Toolbox class

The Toolbox class is used as a container for functions (or operators), and enables us to create
new operators by aliasing and customizing existing functions.

toolbox = base.Toolbox()

# For example, suppose we have a function, multiply() , defined as follows:
def multiply(a, b):
return a*b

# Using toolbox, we can now create a new operator, incrementByFive(),
# which customizes the sumOfTwo() function as follows:
toolbox.register("MultiplyBy", multiply, b=5)

# examples:

A = toolbox.MultiplyBy(10)
print('toolbox.MultiplyBy(10) =", A)
B = multiply(10,5)
print('multiply(10,5) =', B)

toolbox.MultiplyBy(10) = 50
multiply(10,5) = 50

Let's create the zeroOrOne operator, which customizes the random.randomint(a, b) function.
This function normally returns a random integer N such thata <N <b.

By fixing the two arguments, a and b, to the values 0 and 1 the zeroOrOne operator will randomly
return either the value 0 or the value 1 when called later in the code.

# create an operator that randomly returns 0 or 1:
toolbox.register("zeroOrOne", random.randint, 0, 1)

# examples:

A = toolbox.zeroOrOne()
print('zero0rOne ="', A)
B = toolbox.zeroOrOne()
print('zero0rOne ="', B)
C = toolbox.zero0OrOne()

print('zero0rOne ="', ()



D = toolbox.zeroOrOne()
print('zero0OrOne =', D)

zeroOrOne
zeroOrOne
zeroOrOne
zeroOrOne

(||
[l NoNo]

+ Fitness class

Next, we need to create the Fitness class. Since we only have one objective here—the sum of
digits—and our goal is to maximize it, we choose the FitnessMax strategy, using a weights tuple
with a single positive weight, as shown in the following code.

# define a single objective, maximizing fitness strategy:
creator.create("FitnessMax", base.Fitness, weights=(1.0,))

A = base.Fitness.weights
print(A)

None

In DEAP, the Individual class is used to represent each of the population's individuals. This class
is created with the help of the creator tool. In our case, list serves as the base class, which is
used as the individual's chromosome. The class is augmented with the fitness attribute,
initialized to the FitnessMax class that we defined earlier

# create the Individual class based on list:
creator.create("Individual", list, fitness=creator.FitnessMax)
#creator.create("Individual", array.array, typecode='b', fitness=creator.FitnessMa

Next, register the individualCreator operator, which creates an instance of the Individual class,
filled up with random values of either 0 or 1. This is done by customizing the previously defined
zeroOrOne operator.

Since the objects generated by the zeroOrOne operator are integers with random values of either
0 or 1, the resulting individualCreator operator will fill an Individual instance with 100 randomly

generated values of 0 or 1.

# create the individual operator to fill up an Individual instance:

toolbox.register("individualCreator", # Register the individualCreator operator,
tools.initRepeat, # The initRepeat operator is customized he
creator.Individual, # The container type (Individual) in which
toolbox.zeroOrOne, # The function used to generate objects (=

ONE_MAX LENGTH) # The number of objects we want to generat



Register the populationCreator operator that creates a list of individuals.

# create the population operator to generate a list of individuals:

toolbox.register("populationCreator", # Register the populationCreator operator,
tools.initRepeat, # The initRepeat operator is customized he
list, # The container type (list) in which the r

toolbox.individualCreator) # The function used to generate object
Define the function oneMaxFitness that computes the number of 1s in the individual.

# fitness calculation:
# compute the number of 'l's in the individual
def oneMaxFitness(individual):
return sum(individual), # return a tuple,
# fitness values in DEAP are represented as tuples,
# and therefore a comma needs to follow when a single

Define the evaluate operator as an alias to the oneMaxfitness() function we defined earlier.

# create the evaluate alias for calculating the fitness (by a DEAP convention)
toolbox.register("evaluate", oneMaxFitness)

v Genetic operators

The genetic operators are typically created by aliasing existing functions from the tools module
and setting the argument values as needed.

Note: The mutFlipBit function iterates over all the attributes of the individual, a list with values of
1s and Os in our case, and for each attribute will use the argument value (indpb parameter) as
the probability of flipping (applying the not operator to) the attribute value. This value is
independent of the mutation probability, which is set by the P_MUTATION constant that we
defined earlier and has not yet been used. The mutation probability serves to decide if the
mutFlipBit function is called for a given individual in the population.

# genetic operators:

# Tournament selection with tournament size of 3:
toolbox.register("select", tools.selTournament, tournsize=3)

# Single-point crossover:
toolbox.register("mate", tools.cxOnePoint)

# Flip-bit mutation:
# indpb: Independent probability for each attribute to be flipped
toolbox.register("mutate", tools.mutFlipBit, indpb=1.0/0NE_MAX LENGTH)



+ GA workflow

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)
generationCounter = 0

v Long version

# calculate fitness tuple for each individual in the population:

fitnessValues = list(map(toolbox.evaluate, population)) # use map() to apply the e

for individual, fitnessValue in zip(population, fitnessValues):
individual.fitness.values = fitnessValue

# extract the first value out of each fitness for gathering statistics:
fitnessValues = [individual.fitness.values[0] for individual in population]

# initialize statistics accumulators:
maxFitnessValues = []
meanFitnessValues = []

# main evolutionary loop:

# stop if max fitness value reached the known max value

# OR if number of generations exceeded the preset value:

while max(fitnessValues) < ONE MAX LENGTH and generationCounter < MAX GENERATIONS:
# update counter:
generationCounter = generationCounter + 1

# apply the selection operator, to select the next generation's individuals:
offspring = toolbox.select(population, len(population))

# clone the selected individuals:

offspring = list(map(toolbox.clone, offspring))

# apply the crossover operator to pairs of offspring:
for childl, child2 in zip(offspring[::2], offspring[1l::2]):
if random.random() < P_CROSSOVER:
toolbox.mate(childl, child2)
del childl.fitness.values
del child2.fitness.values

for mutant in offspring:
if random.random() < P_MUTATION:
toolbox.mutate(mutant)
del mutant.fitness.values

# calculate fitness for the individuals with no previous calculated fitness valu
freshIndividuals = [ind for ind in offspring if not ind.fitness.valid]



freshFitnessValues = list(map(toolbox.evaluate, freshIndividuals))
for individual, fitnessValue in zip(freshIndividuals, freshFitnessValues):
individual.fitness.values = fitnessValue

# replace the current population with the offspring:
population[:] = offspring

# collect fitnessValues into a list, update statistics and print:
fitnessValues = [ind.fitness.values[0] for ind in population]

maxFitness = max(fitnessValues)

meanFitness = sum(fitnessValues) / len(population)
maxFitnessValues.append(maxFitness)

meanFitnessValues.append(meanFitness)

print("- Generation {}: Max Fitness = {}, Avg Fitness = {}".format(generationCou

# find and print best individual:
best index = fitnessValues.index(max(fitnessValues))
print("Best Individual = ", *population[best index], "\n")

- Generation 1: Max Fitness = 62.0, Avg Fitness = 52.59
Best Individual = 0611111111011100111010061106111

- Generation 2: Max Fitness = 64.0, Avg Fitness = 55.205
Best Individual = 011100011101001101060611111001

- Generation 3: Max Fitness = 67.0, Avg Fitness = 56.88
Best Individual 1101110101101011110010011110

- Generation 4: Max Fitness = 71.0, Avg Fitness = 58.425
Best Individual 11101100110010111106011011111

- Generation 5: Max Fitness = 69.0, Avg Fitness = 59.77
Best Individual = 06 00111111111100116011111111011

- Generation 6: Max Fitness = 73.0, Avg Fitness = 61.53
Best Individual = 11111111111100110111111110611

- Generation 7: Max Fitness = 73.0, Avg Fitness = 62.525
Best Individual = 11110101011061101100111011101

- Generation 8: Max Fitness = 74.0, Avg Fitness = 63.23
Best Individual 1101001111110011011111111011

- Generation 9: Max Fitness = 74.0, Avg Fitness = 63.76
Best Individual = 160111111111116011011111111111

64.165
101000111111

- Generation 10: Max Fitness 74.0,
Best Individual = 1 11110111110110
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- Generation 11: Max
Best Individual = 1 010 1

75.0, Avg
111111101

ol
ol

64.83
010111111111

- Generation 12: Max Fitness = 75.0, Avg Fitness
Best Individual = 1 010111061111101

=
=

65.225
11111111001

- Generation 13: Max Fitness = 78.0, Avg Fitness
Best Individual = 101111111110101

=
=



- Generation 14:
Best Individual =

- Generation 15:
Best Individual =

- Generation 16:
Best Individual =

- Generation 17:
Best Individual =

- Generation 18:
Best Individual =

- Generation 19:
Best Individual =

You should get the following output:

-- Generation 1: Max Fitness = 62.0, Avg Fitness = 52.59 Best Individual=0111111110111
00111010011011110011010100010100011011110011101011011
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79.0,
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80.0,
111

017017111170170011071011101010011111010

-- Generation 50: Max Fitness = 79.0, Avg Fitness = 68.43 Best Individual=011111110110
1171111101111 1111111111110110111110111101011

# Plot statistics:

SIS

plt.
plt.

plt
plt
plt

.set _style("whitegrid")
plot(maxFitnessValues, color='red', label='Max')
plot(meanFitnessValues, color='green', label='Mean')

.xlabel('Generation')
.ylabel('Max / Average Fitness')

.title('Max and Average Fitness over Generations')
plt.
plt.

legend()
show ()
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Max and Average Fitness over Generations

You should get the following output:

Max and Average Fitness over Generations

By Max
— Mean

75

70

Max [ Average Fitmess
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Jlekuia 1 — JEMO B — BcTyn [o reHeTUYHUX anroputMmiB

(kopoTka Bepcisa peanisauii kogy) Ha ocHoBi (C) po6oTn Eans

BipcaHcbkoro

Y uin nekuii mu npeactasnsiemo DEAP — NOTY)XHY Ta rHyUYKY CTPYKTYpPY €BOJTIOLIMHUX

o6umMcneHb, 34aTHY BUpiLLYBATK peasibHi Npo6eMn 3 BUKOPUCTAaHHAM FreHeTUYHUX anropuTMiB

(GA).

KopoTkunu 3MicT:

BCTYyM,
BCTaHOBJIEHHS,

OCHOBHI Moayni: creator i toolbox,

KOMMOHEHTU, HeobXigHI Ansa poboyoro npouecy GA,

HaMnNpOCTIiWMK Npuknaga, npobsiema OneMax, Tak 3BaHa «Hello World» reHeTU4Hnx
anropuTMis.

[0 KiHUSA uiel nekuil Bu byaeTte 3HaTU:

cTpykTypa DEAP Ta il moayni,

noHATTSA creator Ta toolbox y cTpykTypi DEAPR,

HannpocTiwun npuknag GA,

SIK CTBOPUTHU pileHHA GA 3a gonomoroto cTpykTypu DEAP,

SIK BUKOpUCTOBYBaTM BOYAOBaHI anroputmu cTpykTypu DEAP ansa cTtBopeHHst cTUcAoro
Koay

AIK BMpilWMTM npobnemMy OneMax 3a gonomoror GA, 3akogoBaHoro 3a gonomoroto DEAP
framework,

K eKCnepuMeHTyBaTHn 3 pisHMMK HanawTyBaHHAMM GA Ta iHTepnpeTyBaTu Bif4MIHHOCTI B
pesynbTaTax.

~ Installation and import of libraries

In these and other lectures, we will use various Python packages:

NumPy
Matplotlib
Seaborn

They are already pre-installed in Colab. Let's import them by the following code.


https://colab.research.google.com/%E2%80%8B/matplotlib.%E2%80%8Borg
https://colab.research.google.com/%E2%80%8B/seaborn.%E2%80%8Bpydata.%E2%80%8Borg/

# Import all necessary standard libraries
import random

import numpy

import matplotlib.pyplot as plt

import seaborn as sns

Install DEAP by pip with the following code:

# Install DEAP
I'pip install deap

Collecting deap
Downloading https://files.pythonhosted.org/packages/0Qa/eb/2bd0a32e3ce757fb2
| I | 163kB 8.2MB/s

Requirement already satisfied: numpy in /usr/local/lib/python3.6/dist-package
Installing collected packages: deap
Successfully installed deap-1.3.1

# Import DEAP

from deap import base

from deap import creator
from deap import tools

from deap import algorithms

~ Example: OneMax problem

v Constants

# Let's declare constants that set the parameters for the problem and control the

# problem constants:
ONE _MAX LENGTH = 100 # length of bit string to be optimized

# GA constants:
POPULATION SIZE = 200
P_CROSSOVER = 0.9 # probability for crossover

P MUTATION = 0.1 # probability for mutating an individual
MAX_ GENERATIONS = 50

v Reproducibility of Results

One important aspect of the GA is the use of probability, which introduces a random element to
the behavior of the algorithm.


https://files.pythonhosted.org/packages/0a/eb/2bd0a32e3ce757fb26264765abbaedd6d4d3640d90219a513aeabd08ee2b/deap-1.3.1-cp36-cp36m-manylinux2010_x86_64.whl

However, for reproducibility of results, when experimenting with the code, we may want to be
able to run the same experiment several times and get repeatable results.

To accomplish this, we set the random function seed to a constant number of some value, as
shown in the following code:

# set the random seed:
RANDOM SEED = 42
random.seed (RANDOM SEED)

Toolbox class

The Toolbox class is used as a container for functions (or operators), and enables us to create
new operators by aliasing and customizing existing functions.

toolbox = base.Toolbox()

# For example, suppose we have a function, multiply() , defined as follows:
def multiply(a, b):
return a*b

# Using toolbox, we can now create a new operator, incrementByFive(),
# which customizes the sumOfTwo() function as follows:
toolbox.register("MultiplyBy", multiply, b=5)

# examples:

A = toolbox.MultiplyBy(10)
print('toolbox.MultiplyBy(10) =', A)
B = multiply(10,5)
print('multiply(10,5) =', B)

toolbox.MultiplyBy(10) = 50
multiply(10,5) = 50
Let's create the zeroOrOne operator, which customizes the random.randomint(a, b) function.

This function normally returns a random integer N such thata<N <b.

By fixing the two arguments, a and b, to the values 0 and 1 the zeroOrOne operator will randomly
return either the value 0 or the value 1 when called later in the code.

# create an operator that randomly returns 0 or 1:
toolbox.register("zeroOrOne", random.randint, 0, 1)

# examples:
A = toolbox.zeroOrOne()
print('zero0OrOne =', A)

B = toolbox.zeroOrOne()



print('zero0rOne =', B)
C = toolbox.zeroOrOne()
print('zero0rOne ="', ()
D = toolbox.zeroOrOne()
print('zeroOrOne =', D)

zeroOrOne
zeroOrOne
zeroOrOne
zeroOrOne

Fitness class

Next, we need to create the Fitness class. Since we only have one objective here—the sum of
digits—and our goal is to maximize it, we choose the FitnessMax strategy, using a weights tuple
with a single positive weight, as shown in the following code.

# define a single objective, maximizing fitness strategy:
creator.create("FitnessMax", base.Fitness, weights=(1.0,))

A = base.Fitness.weights
print(A)

None

In DEAP, the Individual class is used to represent each of the population's individuals. This class
is created with the help of the creator tool. In our case, list serves as the base class, which is
used as the individual's chromosome. The class is augmented with the fitness attribute,
initialized to the FitnessMax class that we defined earlier

# create the Individual class based on list:
creator.create("Individual", list, fitness=creator.FitnessMax)
#creator.create("Individual", array.array, typecode='b', fitness=creator.FitnessMa

Next, register the individualCreator operator, which creates an instance of the Individual class,
filled up with random values of either 0 or 1 . This is done by customizing the previously defined
zeroOrOne operator.

Since the objects generated by the zeroOrOne operator are integers with random values of either
0 or 1, the resulting individualCreator operator will fill an Individual instance with 100 randomly
generated values of 0 or 1.

# create the individual operator to fill up an Individual instance:

toolbox.register("individualCreator", # Register the individualCreator operator,
tools.initRepeat, # The initRepeat operator is customized he
creator.Individual, # The container type (Individual) in which



toolbox.zeroOrOne, # The function used to generate objects (=
ONE MAX LENGTH) # The number of objects we want to generat

Register the populationCreator operator that creates a list of individuals.

# create the population operator to generate a list of individuals:

toolbox.register("populationCreator", # Register the populationCreator operator,
tools.initRepeat, # The initRepeat operator is customized he
list, # The container type (list) in which the r

toolbox.individualCreator) # The function used to generate object
Define the function oneMaxFitness that computes the number of 1s in the individual.

# fitness calculation:
# compute the number of 'l's in the individual
def oneMaxFitness(individual):
return sum(individual), # return a tuple,
# fitness values in DEAP are represented as tuples,
# and therefore a comma needs to follow when a single

Define the evaluate operator as an alias to the oneMaxfitness() function we defined earlier.

# create the evaluate alias for calculating the fitness (by a DEAP convention)
toolbox.register("evaluate", oneMaxFitness)

v Genetic operators

The genetic operators are typically created by aliasing existing functions from the tools module
and setting the argument values as needed.

Note: The mutFlipBit function iterates over all the attributes of the individual, a list with values of
1s and Os in our case, and for each attribute will use the argument value (indpb parameter) as
the probability of flipping (applying the not operator to) the attribute value. This value is
independent of the mutation probability, which is set by the P_MUTATION constant that we
defined earlier and has not yet been used. The mutation probability serves to decide if the
mutFlipBit function is called for a given individual in the population.

# genetic operators:

# Tournament selection with tournament size of 3:
toolbox.register("select", tools.selTournament, tournsize=3)

# Single-point crossover:
toolbox.register("mate", tools.cxOnePoint)



# Flip-bit mutation:
# indpb: Independent probability for each attribute to be flipped
toolbox.register("mutate", tools.mutFlipBit, indpb=1.0/0NE _MAX LENGTH)

GA workflow

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)

Short version

# prepare the statistics object:

stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register("max", numpy.max)

stats.register("avg", numpy.mean)

# perform the Genetic Algorithm flow:
population, logbook = algorithms.eaSimple(population, toolbox, cxpb=P CROSSOVER, m

stats=stats, verbose=True)

# Genetic Algorithm is done - extract statistics:

maxFitnessValues, meanFitnessValues = logbook.select("max", "avg")

gen nevals max avg

0 200 60 49.705
1 190 68 53.56
2 175 67 56.87
3 179 69 60.21
4 175 72 62.825
5 184 71 65.45
6 178 76 67.68
7 187 80 69.865
8 189 81 72.055
9 184 84 74.765
10 185 85 77.515
11 181 86 79.485
12 190 87 81.49
13 181 89 83.27
14 184 89 84.94
15 189 90 86.22
16 176 90 87.725
17 176 91 88.79
18 182 92 89.485
19 185 93 90.065
20 182 94 90.765
21 170 94 91.535
22 179 94 92.28
23 178 95 92.985
24 181 95 93.545
25 189 95 93.855

26 174 96 94.125



27 179 96 94.36

28 186 96 94.78
29 185 96 95.055
30 185 97 95.43
31 186 97 95.775
32 187 97 96.075
33 179 97 96.435
34 176 98 96.745
35 187 98 96.885
36 186 98 96.93
37 190 98 97.015
38 175 98 97.245
39 171 98 97.515
40 179 98 97.78
41 188 98 97.845
42 188 98 97.87
43 178 99 97.925
44 174 99 97.95
45 176 99 97.87
46 185 99 98.04
47 184 99 98.14
48 184 99 98.37
49 187 99 98.79
50 185 99 08.885

# Plot statistics:

sns.
plt.
plt.
plt
plt
plt
plt.
plt.

set style("whitegrid")
plot(maxFitnessValues, color='red', label='Max"')
plot(meanFitnessValues, color='green', label='Mean')

.xlabel('Generation')
.ylabel('Max / Average Fitness')
.title('Max and Average Fitness over Generations - Short Version')

legend()
show()

Max and Average Fitness over Generations - Short Version

00— Max

— Mean

70

Max [ Average Fitness

50



Max and Average Fitness over Generations - Short Version

100 — Max

—— Mean
40

Max [ Average Fitness
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You should get the following output: Generation
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Jlekuia 02. Ornan

(3a MmoTBamMun AnaHa TopiHra, XonnaHga, Xanena Pawnpa, beHa
poboTn ®ininca, Eana BipcaHCbKOro Ta iH.)



. . . HA NonepeaHin

nexkuil... 3MicT

PekomMeHOoBaHI o)xepena

Ulo Take reHeTu4Hi anropntmMmum (GA)?
GA AHanoria 3 IT

KoMmnoHeHTN A

.OcHoBHa rinoTte3a GA

BigMiHHOCTI Mi>K GA Ta TpaguuinHNMWN
aaropnTMamMm

IlepeBarn A

ObmexeHHsa GA

Konun BukopuctosyBatn GA



3MICT — LUe neKuis
PeKkoMmeHpoBaHI p)Xepena
Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia €C
Twunu 3apgad gna EK
Ulo Take eBosiouinHUm anropntm (EA)
Pobo4yunnm npouec EA
Bunbip
KpocoBep
MyTauia

EA 3 peasibHUM KOOYBaHHAM



PeKkoMeHAaoOBaHI p)xepena -KHuUri
(Te came, wo gna GA!)

KHuru (knacuka):
Fronnaupgisn, JH (199 A0anTauis B NIpUPOOHNX | LUTYYHUX
cucTtemMax: BCTYNMHUW aHasi3 i3 3aCToCyBaHHAM g0 bionoril,
yrpaBaiHHA Ta WTY4YHUN iHTenékeca MIT.<-BUMHaxXIAHUK
GA(!), Hanbinbwa KinbkKicTb UMTYBaHb Ana GA-nyonikauii
Bio Google Scholar!

MiTtuenn, M. (1998BBeneHHSA B reHeTUYHI anroputiNpeca
MIT. <-KNACU4YHUMN NiJPYYHUK HanbiINbLUIA KiNbKICTb
uumtaTtn po NA-nippyusin Google Scholar!

KHuru (3 kopamu Ha github):
BipcaHcbkui, E. (20200lpaKTU4YHI reHEeTUYHI anropnuTMm 3
PythonPackt Publishing

Lennapga, K. (2019)eHeTn4HI anropmntmm 3 Pytitamo-

onvonikosaHo).



PeKkoMeHAOOBaHI p)Xepesaa -nanep.
(Te came, wo ona GA!)

Fronnanpisn, JH (1992)eHeTunyHI anroputmMirientific
American, 267 (1), 66-73.<-BuHaxipHuK GA(!) <- NMpocTo

3aansa possaru! :)

KaTtouy, C., YayxaH, C. C., Kymap, B. (2000han

NPO reHETUYHUW aNropuTM: MUHY e, TEeMNepPIiHE Ta MaNbyTHE
MynbTuMeninHi 3acobun ta nporpamun, 1-36.

[[apcia-MapTiHec, K., Pogpirec, ®. I1>., JlozaHo, M.
(2018)I eHeTUYHI anropuTMIOBIOHNK 3 €BPUCTUKN,
2018, cTtop. 431-464.



3MICT

PekomMmeHpoBaHI a)xepena

LWo Take eBonwouinHi oouucneHHs (EC)
IcTopia €C

Twvnn 3apayd gna EK

Ulo Take eBosiouinHUm anropntm (EA)
Pobo4yunnm npouec EA

Bunbip

KpocoBep

MyTauia

EA 3 peasibHUM KOOYBaHHAM



Lllo Take eBonwouinHi oouucneHHa (EC)

EBOJIIOLUISA IT

HaBKOJIMLLHE cepenoBuLLE i I |'|p06J'|eMa
IHavBinyanbHni — <C— KaHOWOAT PileHHA (IHOMBIOYAIbHA)

diTHec - AKICTDb -
LLAaHCKU Ha waHc ansa
BUXKUBAHHA i nocise

BiATBOPEHHSA HOBI pilleHHA



LLLCEK— MeTadopa (npupoana-IT)

AHaceNIeHHA30Co00buicHYE B cepeoBULLi C
obmMme>XxeHuupecypcu.

KOHKYpeHLIifaa1a TUXPEeCYPCUnpninHNBuOIp3 TUX MOHTEPOC(
AKI EKpalLe aaanTtoBaHiN0 HAaBKOMIMLWHBLOIO cepenosuLla.

LliocoOuBNCTYNatoTb B AKOCTIHACIHHAOJ/ITHOBE NOKOJIIHHA:
0Cib 4yepe3 nedakiBapiawinHi onepauii
(Hanpuknapn, GA 9k pekomMmbiHauia Ta MyTauis).

HoBi 0COOMHN MalOTb CBOIOWLIHEHO NMPUAATHICTbI
3MaraTncs (MoXXMBO, TaKoX 3 baTbKamMun)ona BUDKUBAHHA.

NMpupoaHun BipOipBUKINKaAE aniaBuLleHHA Pi3n4yHOoI hpopMus



3MICT

PekomMmeHpoBaHI a)xepena

Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia €C

Twvnn 3apayd gna EK

Ulo Take eBosiouinHUm anropntm (EA)
Pobo4nin npouec EA

Bunbip

KpocoBep

MyTauia

EA 3 peasibHUM KOOYBaHHAM



€C —IcTopia — 3aCHOBHUKM

1948, TIOpIHT:
«KFeHeTNYHUN abo eBOJTIIOLLIMHNIA MOLLYK»
1962, bpemepmaH

OMTUMI3aLLia Yepe3 eBOJIIOLLIK Ta
pekoMbiHauito

1964, PexeHbepr

cTpaTerii eBostouil

1965, J1. ®orenb, OyeHc | Bonwwu

eBOoJIIoLiNHE NporpaMmyBaHHSA

1975 pik, N'onnaHgis

FeHeTUYHI anropuTMm

1992, Ko3a

reHeTU4YHe NPorpaMyBaHHS



€C —IcTopia — NpoMmapa

1985 pik:
nepwa MixHapkoHdepeHuii(ICGA)

1990 pik:
nepwa MiXHapkoHdepeHuili B €EBponi
(PPSN)

1993 pik:
nepwunim Haykosum EKxxypHan(MIT Press)

1997 pik:
3anyck €sponencbkoro ECAocnipHMubKa
Mepe>XaEvoNet



€EC —IcTtopia — 3APA3!

3MaunopkoHdepeHLil €EC

+ 10ManeHbKMUCMOopPIgHEHI
3 HAYKOCHOBHI XXypHanu €C
750-1000 nanepiBonybnikosaHo B 2003 poui
YNCNEeHHI Do4aTKW

YNCJIEHHI KOHCAaNTUHIOBI Ta HAYKOBO-A4OCNIOHI pipMun



€EC —IcTopia — YpoKn

Mpupoaa 3aBXam byna g>xepesioM HaTXHEHHSA OJ19 iIHXEHepPIB
Ta BYEHUX

Hankpawwun 3acid supileHHA npobnem, BigoMmn y npupoai:

©* MO30K (JIIOOVHW).SKUN CTBOPUB «Koneco, Hbio-Mopk, BiltHK
Towo» (3a NyTIBHUKOM aBTOoCTOMOM [lyrsiaca Agamca)

MexaHi3M eBOJIILITAKNNA CTBOPUB JIIOACBKM MO30K (3a
KHUroto lapsiHa «[Moxoo>XeHHS BUAiIB»)

Bignosiab 1 - HEMPOKOMM'IOTUHT

BipnoBiaob 2 - eBONOUINHI 064YNCIIeHHS



€EC —IMoT0o4HiIi noTpebM

Po3pobsisemo, aHanisyeMo, 3aCTOCOBYEMO
BUpPILLEHHA npobnemmeToan (anropnTtMmn)
€ LeHTPaJIbHOIO TEMOIO
3 MaTeMAaTUKWM Ta iHCbOpMaTVIKVI.
HOMY

Yyacansa peTenbHOro aHanizy npobneMm3mMeHLLly€eTbCS

CKNapHICTBNOTOYHUX NpobnemM3binbLUyeTLCSA

Pe3loMe:

HapinHe BupilLeHHA npobneMnoTpibHa TexHika!



3MICT

PekomMmeHpoBaHI a)xepena

Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia €C

Tunu 3apaid ana EK

Ulo Take eBosiouinHUm anropntm (EA)
Pobo4yunnm npouec EA

Bunbip

KpocoBep

MyTauia

EA 3 peasibHUM KOOYBaHHAM



€C —Tuvunu 3apav

Mn MmaemMo
MoaeJib, BXOOAU Ta BUXOo4AM
Hallol cuctemMmm
| LLYKaWUTe PI3HI CYTHOCTI:
- ONTUMI3aLiq,

- MOAEeJIlOBaHHA,

- MOAEeJTIIOBaAHHA.



Tunu npo6bnem -OnTumMmisauin

Black Box

INPUT OUTPUT
Input is converted
into output
2 i |
% Investopedi§e"” Moaensb BigoMma!

MULUYKaTU BXiAHI AaHigna 0OCArHeHHsS BU3HA4YeHOol MeTun, HanpukJaa:
- po3knapn Krll (rozklad.kpi.ua - paHTacTmkal),
- cneuundikauil KOHCTPYKUil NporpaMHoro/anapaTHoOro 3abesne4yeHHs,

- TOLWO



Tunu npobnem -MopenioBaHHs

Black Box

INPUT OUTPUT
Input is converted
into output
e - | = = . A1
zlnveggséalgmomuu. Mopens? Buxig BIiAOMUM
MopenbnoB/HEH OOCTAaBUTVMPABUbHUMA BUXIiA 019 KOXKHOMOBiJ,OMUMK BXiA,

Hanpuknano:
- MO,D,eJ'Ii MalLUWNHHOIMO HaB4YaHHA,

- moaeni rnnbokoro HaB4YaHHA.



Tunu npobnem -Cumynsauis

Black Box

INPUT OUTPUT
Input is converted
into output
i i al i | in?
m&@&&?&ﬂ""“"- Mopnenb BigomMma! Buxipa?

Lle 3BMKN10A0CAiA)XYBATHU CLEeHapPilBPpO3BUBAETbCAJNHAMIYHE CcepefOoBULLE:
- @BOJIIOLINHA eKOHOMIKa,
- reononiTuka,

- BINCbKOBE MJlaHyBaHHA,



3MICT

PekomMmeHpoBaHI a)xepena

Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia €C

Twnnnm 3apgad gna EK

Lo Take eBonouinHium anroputm (EA)
Pobo4yunnm npouec EA

Bunbip

KpocoBep

MyTauia

EA 3 peasibHUM KOOYBaHHAM



3HOBY:
LLLCEK— MeTadopa (npupoana-IT)

EBOJIIOLIA IT

HaBKONWLIHE cepeaoBmLLe : I n po6neMa
IHAMBIAyanbHN) < Ce—  KQHOWOAT PilueHHA (IHOMBIOYAIBHA)

®diTHec - AKICTD -
LLaHCKU Ha waHc ana
BUXXUBAHHA i nocis

BiATBOPEHHA HOBIi pilLeHHA



LLloEBontouinHi anroputmu (EA)—
MeTtadopa (npupona-iT)

EAS — Lle KaTeropia«CTBOPUTU Ta NpoTecTyBaTU"a/IrOPUTMMN.
BOHM CcTOXaCTUYHI,mnONYyAAWLIMHUUAIITOPUTMMN.

Bapiauia(reHeTn4yHa?)onepatopm(pekombiHauia Ta
MYyTaLid)CTBOPUTUHEOOXiAHEPI3HOMAHITHICTbLI TUM CaMUM
CNPUATUHOBU3HA.

BubipameHwye(!) pi3HOMaHITHICTB
|
ﬂ,iGFIKSIKiCTb LUITOBXaHHA CUJIN.



EA —IcTOopia Ta BUAMK

Pi3HI Tunn EA acouitolioTbCA 3 PIBHUMMU

YABJIEHHA.
A BINKOBUMNPALKKN : [eHeTu4Hi anropnutmu (GA)
CnpaBXXHA-3Ha4yHi BekTopw : CTtpaTerii esositouil (ES)
KiHueBun ctaHMawunHu: esosioyinHe nporpamysaHHs (EP)
LISPpepeBa: eHeTu4He nporpamyBaHHS (GP)

Ui BiaMiHHOCTI 30€6inblIOro He MatloTb 3HAYEHHS, HaNKpalla cTpaTeris
BubpaTMnpencTaBHULTBOMNACyBaTMNnpobnema
BnbpaTrnonepartopm BapiauiinacysatTnnpencraBHULTBO

BubiponepaTopVBMKOPUCTOBYUTE TiNlbKU (PiTHEC
1 Tak
EHe3aJNie)XXHo Bip npeancTtaBHULUTBA.



3MICT

PekomMmeHpoBaHI a)xepena

Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia €C
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EA 3 peasibHUM KOOYBaHHAM



EA —3araJjibHa cxema...

Parent selection
>[ Parents ]

Initialization
|
Recombination
Population _
Mutation
) |
Termination

[ Offspring ]

Survivor selection




EA —3araJjibHa cxema...

Initialization

Parent selection
>[ Parents ]

2[ Population ]

v

Termination

. . . 1 pOOOYUMNM NpoLec ----------------->ﬁ

Recombination

Mutation

y

Survivor selection

[ Offspring ]

Create Initial Population

['Generation Zero’)

Calculate Fitness for each
Individual in Population

|

Selection

|

Crossover

Calculate Fitness for each
Individual in Population

Stopping
Conditions
Apply?

|

Choose the Individual with
the Highest Fitness Value




EA — PobOouumn npouec —TepMiHONOris

KaHaungatu pilleHb (ocobm) icHye BcbeHOTUN
NpPoCTIp.

BOHN €3aKO00BaHUUBXPOMOCOMM, SKi ICHYIOTb B
NPOCTIP reHoTuny.

KoayBaHHA: peHOTUN->reHoTunn (He 3aBXxam 1 Ac

[—

Po3swundpoBka: reHoTun->peHoTnun (Mae 6ytn 1 oo

XpPOMOCOMUMICTATbI@HM, AKi 3HaX04ATbCA B (3a3BMYan (hikcoBaHU
MNONIOXKEHHSAX, SIKi Ha3MBaATbCAMIOKYCHU(CMNIBATU.JIOKYC) | MalOTb a

3HAa4YeHHSs (anenb).

LLIo6 3HanTUrnodasibHMM ONTUMYMKOXXHE MOXKJIMBE PilLlIEHHS
Ma€E OyTn NnpencTtaB/ieHUM y NMPoCTopi reHoTuny!

Create Initial Population
|‘Generation Zero’)

Calculate Fitness for each
Individual in Population

Calculate Fitness for each
Individual in Population

Stopping
Conditions
Apply?

Choose the individual with
the Highest Fitness Value



['Generation Zero’)

EA — Poaoq"ﬁ npouec _HaceneHHﬂ l Cfeate!niti;i?upulatiﬂn '

Mae (NpencTaB/IeHHA)MOXXJIUBI pILLUEHHHA. it s o

3a3BMYan Ma€ acpikcoBaHUM PO3MIpi € aMynbTU-HADIp .
rIeHoTunmu.

[eski cknagHi EA Tako)XX CTBEPOXXYIOTb aNPOCTOPOBUM
CTPYKTYpaHa HacesneHHA, Hanpuknag, CiTka.

Calculate Fitness for each
Individual in Population

OnepaTtopu BubopynpavuoBaTh 3BCE
HaceNIeHHATOOTO penpoayKTUBHI MMOBIPHOCTI
BIAHOCATbLCS OO0 NMOTOYHOIO NMOKONIHHS.

PI3HOMAaHITHICTbHacCe/IeHHA BIiQHOCUTLCA A0 e
KINNIbKOCTI Pi3HI piTHEC/heHOTUNN/reHoTUNMn
MPUCYTHIN (3BEPHITb yBary, He Te came).

the Highest Fitness Value



EA — Pobouun npouec —ditHec

Create Initial Population
['Generation Zero’)

npeﬂ'CTaBnﬂe BI/IMOFVI’ I-I-"O HaceneHHﬂ CﬁlculateFi‘-t:a.ssfurear.h
Individual in Population
NoBMHEHaBANTYBAaTUCALEAKNMKpUTEPIiinobio Cj
AKICTbPYHKLIA ab000'EKTUBHUMUDYHKLISA. , Selection

|

Crossover

NMpu3HavyaeOgnHoKMMpeanbHa BapTicTbd NPUAATHICTb O/19 KOXXHOIO
hbeHoOTUNAKN YTBOPIOEOCHOBA O NA
BUOIp.

Calculate Fitness for each
Individual in Population

OT)XebinbLwwe pPi3HOMAHITHOCTI(Pi3HI 3HaYEeHHSA)
KpPaLLuMn.

Stopping
Conditions
Apply?

TunoBodiTHecnepe16a4a€ETLCAPO3rOpHYTUM,
ane...neski npobnemm moxHa chopmMyitoBaTU K S
MiHiMi3auisnpobnemu. -




EA — Pobo4uun npouec —Bubip

Create Initial Population
['Generation Zero’)

NMpPpuU3Ha4Ya€3MiHHAUMMOBIPHOCTIOCID, AKi BUCTYNAOTh  [RErsseis
Individual in Population
baTbKaMmM 3aN1e)XXHO Bif IX Pi3NYHOI NiArOTOBKMN.

W
! Selection '

L

3a3BM4aNiMOBIPHICHUM:

BMLUESKICHI pilueHHADInbLWeLlBKILLE 3a BCe CTaHe Srosovsr
BaTbKN HXXKHUMIKYESAKICTb, ane ... Hi
rapaHTOBaHUN.
HaBiTbHauripwey noTo4Hin NonyasLuil 3a3BMn4an e

Individual in Population

Ma€ HEeHYJIbOBA MMOBIPHICTbCTAaTN BaTbKOM.

Stopping

LlecToxacTu4HUMUNprpoan - Canditions

Apply?

MO>XeA0NMOMOraBTeKTN BigTIOKaNbHI ONTUMYMMU!

Choose the Individual with
the Highest Fitness Value



EA — Pobouuu npouec —
BapiauiuHi onepaTopm

ThelonoBHa MeTac
JoreHepyBaTUHOB//BapPIiaHTU pPilleHb.

3a3BUYan noaingTb HA TUMNKX BIAMNOBIAHO A0 IX
APHICTEKINbKICTb BXOAIB):
arity = 1 -> onepaTtopu myTauil
ApHICTb > 1 -> onepaTopun pekomMbiHauil
arity = 2 -> onepaTtopu Kpocoesepy

BigHOCHe 3Ha4YeHHSA peKoMbiHaLLT |
MyTalis 3apa3 iIHTEHCUBHO 0OroBOPIOETLCA, ane

Ginbwicte EA BUKOpuUCcTOBYIOTH 06MAaBa.

Bubip KOHKpeTHUX onepaTopiB BapiaLil €

Create Initial Population
['Generation Zero’)

Calculate Fitness for each
Individual in Population

Calculate Fitness for each
Individual in Population

Choose the Individual with
the Highest Fitness Value




Create Initial Population
- p 0 c O B e p [‘Generation Zero’)

KpocoBepaboPekoMbiHaLin R s

Individual in Population

3nuBa€EeTbCcAiHOOPMaALLS BiiOATbKMUB
MOTOMCTBO.

Bubipsaky iHpopmauito noTpibHo 0b6’eaHaTW
CTOXAaCTUYHMUMN.

Calculate Fitness for each
Individual in Population

BiNbWICTLNOTOMCTBOMOXE ODyTUripLueaboTe caMesk
BOQTbKM.

Finoresa: geski MOXyTb DyTUKpaLL,e3aKOMOiHYBaHHS

eJiIieMEeHTIBreHoTunnNiB, LoNpMBECTUn A0 Aodpapucu.

Choose the Individual with
the Highest Fitness Value

MeTadopa 3 npupoawn:
LLe OysloycnillHO BUKOPUCTOBYETbCACEIEKLiOHEPaMM
DOCJINH i Xynooobu!



Pobouun npouec -BapiauwivHi onepaTtop

= Create Initial Population
y I a u I ﬂ [‘Generation Zero’)

[li€ Ha OOVNH reHoOTUN IJOCTABJIAE IHLLUUMN. O Ea—

Individual in Population

EneMeHTBMNA[KOBICTbE Ba)XJIMBUM | BIAPI3HSAE
NOro Bif IHWKNX YHAPHNX eBPUCTUYHMNX OnepaTopiB.

Lle 3a51eXXuTb BiA penpe3eHTauill Ta AlanekTy:
ABinkoBi GA-poHOBUI onepaTop, BiaNoBigaNbHNN 33
Calculate Fitness for each

30epe)xeHHsa Ta BNpoBagXeHHSA pPi3HOMAHITHOCTI, individual in Pogulation

EPOonga FSM/6e3snepepBHUX 3MIHHUX - TiIJIbKW MOLWIYK
OnepaTOp, Stopping

Conditions
Apply?

GP-Malixe He BUKOPUCTOBYETbLCH.

Choose the Individual with

Mo>xerapaHTIA3B'A3HICTb NPOCTOPY MOLUYKY |
OT)XEKOHBepreHuifaaokasu.



EA — Pobouun npouec —lyck/3ynuHKa

Create Initial Population

['Generation Zero’)

CTa pT Calculate Fitness for each

Individual in Population

BoHO NOBVUHHO OYTWN PIBHOMIPHUM i 3MiLLAHUM MO MOXJ/IMBOCTI | Saiection

|

Crossover

IHiianizauiasassn4anm pobnTbCsa NPMBUNAAKOBUMN.

3Ha4YeHHd anenen.

BiH MO>Xe BKJ/IlO4YaTUICHYIOUIpiWeHHA, abo BUKOPUCTOBYUTE
problemspecificeBpucTUKKU, 10 “HACIHHA" HacesieHHs (oornag

Tpeba bpaTn!)

Calculate Fitness for each
Individual in Population

cTon

YMoOBa po3ipBaHHANEPEBIPEHO KOXXHE MNMOKOJIHHA: Stopping

Conditions

OedKinMaHYETbCA(BIOOMO/MPUNYCKaETLCA)(pITHEC,

AKNNCb MAaKCMMaJIbHO AOMNYCTUMUNKINBKICTb NMOKOJiHb, Yes!|

Choose the Individual with
the Highest Fitness Value

AesKiMiIHIMYMpPIBEHbPI3ZHOMAHITHICTD,

OesKi YTOYHIOBaIMKiNIbKICTb NOKOJNiHb Oe3
piTHecnoninwWeHHA.



|

Create Initial Population
['Generation Zero’)

|

Calculate Fitness for each
Individual in Population

|

Selection

|

Crossover

I

Mutation

I

Calculate Fitness for each
Individual in Population

EA — Pobouun npouec —KiHeub

BubepiTb

Stopping

BiHAMBIAYaNbHUMN Conditions

Apply?
3

]

BHaﬁBHI.I.I,a I'IpMCTOCOBaHiCTb3Ha‘-IeHHFI. Choose the individual with
the Highest Fitness Value



3MICT

PekomMmeHpoBaHI a)xepena

Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia €C

Twvnn 3apayd gna EK

Ulo Take eBosiouinHUm anropntm (EA)
Pobo4yunnm npouec EA

Bip0Oip — noppodbuui sapas
KpocoBep

MyTauia

EA 3 peasibHUM KOOYBaHHAM



EA — Pobouuu npouec —

MeTtoau BinOopy

Bubip koneca pynetku
(nponopuinHnin Bbip diTHecy — FPS)

CToxacTun4Ha yHiBepcasibHa Bnbipka (SUS)

Binbip Ha ocHOBI paHry

Bunbip TypHipy

Create Initial Population
['Generation Zero’)

Calculate Fitness for each
Individual in Population

Calculate Fitness for each
Individual in Population

Choose the Individual with
the Highest Fitness Value




PobGo4yumn npouec — :

Bubip koneca pynerkn it
|

fitness value. This is comparable to using a roulette wheel in a casino and assigning each Calculate Fitasss firesth
individual a portion of the wheel proportional to its fitness value. When the wheel is iiadustin brpafition
turned, the odds of each individual being selected are proportional to the size of the portion

|
of the wheel that it occupies. '—'ﬁ
. — Selection
For example, suppose we have a population of six individuals with fitness values as shown L

in the following table. The relative portion of the roulette wheel dedicated to each [|
individual is calculated based on these fitness values: et

Individual Fitness Relative portion I
A 8 7%
B 12 11% Mutation
C 27 24%
D N % I
£ = Lt ndhiduatin populaton
F 17 15%

Wi Wp WC ED N Nf

Stopping
Conditions
Apply?

Wheel
Rotation

Choose the Individual with
the Highest Fitness Value




PobGo4yumn npouec — l

Create Initial Population

CToxacTu4yHa yHiBepcasnbHa BUDipKa [EEss
1

fitness value. This is comparable to using a roulette wheel in a casino and assigning each Calculate Fitasss firesth
individual a portion of the wheel proportional to its fitness value. When the wheel is iiadustin brpafition
turned, the odds of each individual being selected are proportional to the size of the portion

|
of the wheel that it occupies. '—*ﬁ
. — Selection
For example, suppose we have a population of six individuals with fitness values as shown L §

in the following table. The relative portion of the roulette wheel dedicated to each [|
individual is calculated based on these fitness values: et

Individual Fitness Relative portion l
A 8 7%
B 12 11% Mutation
C 27 24%
D 4 3% l
£ = Lt ndhiduatin populaton
F 17 15%

Stopping
Conditions
Apply?

Wheel
Rotation

Choose the Individual with
the Highest Fitness Value




PobGo4yumn npouec —

BinOip Ha OCHOBI paHry

ThediTHeCBMKOPUCTOBYETLCACOPTYBATUOCOOUN: KOXKEH
0cobi HaJaAETbLCH apaHrafg CBOronoJIOKEeHHA|

our example is six, the highest-ranking individual gets the rank value of 6, the next one gets
the rank value of 5, and so on. The relative portion of the roulette wheel dedicated to each
individual is now calculated based on these rank values instead of using the fitness values:

Individual Fitness Rank Relative portion
A 8 2 9%
B 12 8 14%
C 27 5 24%
D Bl 1 5%
E 45 6 29%
F 17 4 19%

The matching roulette wheel is depicted in the following diagram:

W Wp W WD Wg Bf

Create Initial Population
['Generation Zero’)

Calculate Fitness for each
Individual in Population

Crossover

Mutation

I

ate Fitness for each
idual in Population

Stopping
Conditions
Apply?




Pobouun npouec —

|| ] -
A p I H Create Initial Population
I I y I I I ] y [‘Generation Zerg’)

Y KOXKHOMY payHAi TYPHIpY BiobipHUN e

Individual in Population

MeTon OBa abo DinbLieocoOME BUNagKOBUM
YNHOM 3iOpaHoBIg HaceNeHHs, a BOOMWUH3
BHaAMBULWMUDITHEC OLLIHKABUIPAEI OTPUMYE
BMOpaHo.

BignoBiAHMM YMHOM HA3UBAETLCSH KiNbKICTb OCib, AKi

bepyTb y4acCTb Y KOXKHOMY BiaOipKOBOMY payHAi TYPHIpY

(TpW Ha LbOMY MaJIIOHKYPO3MIipP TYPHipYhebinbLwinn CSaliee Honasd i anch
PO3MIp TYPHIpY,BULLLELLAHCY

moua@m;:\ﬁpﬁo&%%s byayTbOyTK OOpaHuMm.

A 8

B 12

C 2? Choose the individual with
D 4 F the Highest Fitness Value
E 45

F 17



3MICT

PekomMmeHpoBaHI a)xepena

Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia €C

Twvnn 3apayd gna EK
Ulo Take eBosiouinHUm anropntm (EA)

Pobo4yunnm npouec EA

Bunbip

KpocoBep — noapobuui 3apas
MyTauia

EA 3 peasibHUM KOOYBaHHAM



Create Initial Population
- p 0 c O B e p [‘Generation Zero’)

KpocoBepaboPekoMbiHaLin R s

Individual in Population

3nuBa€EeTbCcAiHOOPMaALLS BiiOATbKMUB
MOTOMCTBO.

Bubipsaky iHpopmauito noTpibHo 0b6’eaHaTW
CTOXAaCTUYHMUMN.

Calculate Fitness for each
Individual in Population

BiNbWICTLNOTOMCTBOMOXE ODyTUripLueaboTe caMesk
BOQTbKM.

Finoresa: geski MOXyTb DyTUKpaLL,e3aKOMOiHYBaHHS

eJiIieMEeHTIBreHoTunnNiB, LoNpMBECTUn A0 Aodpapucu.

Choose the Individual with
the Highest Fitness Value

MeTadopa 3 npupoawn:
LLe OysloycnillHO BUKOPUCTOBYETbCACEIEKLiOHEPaMM
DOCJINH i Xynooobu!



Pobouun npouec -BapiauwinHi
onepaTtopu- Kpocosep - Sinlge-poinggE =y

TheTouka nepetuHy(aboTou4Ka 3pi3y) Ha e s or s
XpoMocomMax 0b6ox baTbKiB EBMOpaHO BUNaAKOBO e
.I'eHn NpaBopyy Bif LIElI TOYKU MIHAOTLCA MIX
nBoMa baTbKIBCbKMMM XpOMOCOMaMu. B pe3synbTaTi
MNOTPUMATU ABOX HaWLAAKIB, & KOXXEH
IXHeCTUOesKa reHeTU4Ha iHpopmMauLiaBiag,
obupBabaTbKu.

Calculate Fitness for each

010111010 01[1]11j0l0]1i0

o
- Choose the Individual with
G the Highest Fitness Value



- KpocoBepk TouKa s

HaanKnaﬂ” I_Ipl/l 2_TOLIKOBOMy KpOCMHrOBepi Calculate Fitness for each
Individual in Population

BUOUMpPaoTb 2 TOYKM Ha XpoMocoMax 06ox baTbKiB

BUNaOKOBUM YMHOM. [ eHK, WO 3HAX04ATLCHA MIXK LMW,

TOYKaMu, OOMIHIOIOTLCA MiXK IBOMa DaTbKaMu
XpoMOCOMMN.
Y3araabHeHHAM UbOro MeToly EKpocoBe
kpoint, ndapencrtaB/ise NO3NTUB

I Calculate Fitness for each

0/1/0/1/1/1/0]1/0/ [O[Z[Z|TT00}TI0 e

Choose the Individual with
the Highest Fitness Value




- KpocoBep - YHidpopMa i

KO)>XXeH reH ECaMOCTIiMHO BU3HAYAETbLCA3A Calculate Fitness for each

Individual in Population

BMNaaKOBUM YMHOMBUOIp oaHOro 3 6aTbKiB. AKLLO
BUMAaAKOBUW po3nofisl cTaHoBUTb 50%, KoXXeH i3 6aTbKiB
Ma€ O4HaKOBI LUAHCW BMJIMHYTU Ha
MOTOMCTBO.
MPUMITKA: HM)X4Ye,Ha OCHOBI LiJIUX YUCeNXPOMOCOMMU

MOKa3aHi, aJie ue TakTe caMe ANA ABIMKOBOIOO/Hi.

5/7(2|/3|/1/6/9/8|0 ndnidasin Popution
6]8[3]4[2[1]0]9]7]
5/gl2[3 2[6 ol9lo the ighest Fitnes Ve




KpocoBep — ynopsaakoBaHi CMUCKM e
ThesamoBuB KpocoBep(OX1) meTon NparHe B

Individual in Population

36epertn BigHOCHUW NMOPAOOK 6aTbKIBCbKOro
reHiB sskomora binbuue.

12/3|/4/5/6 631
4/2(6(3|1|5 3|45
63[1]2
34|5|2
Calculate Fitness for each
1123 @ 56 4 6 3 1 2 Individual in Population
4|2(6/3|1|5 6| (34|52
1|12|3(4[5]6 4|5(6(3|1|2
4|2|6(3/1]5 6/1/3/4(5/2
11213/14/5|6 4/5(6/(3(1/2 Ehauss:-thain:‘iividuﬂwith
' the Highest Fitness Value
4|12(6|3|1|5 613|452




3MICT

PekomMmeHpoBaHI a)xepena

Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia €C

Twvnn 3apayd gna EK

Ulo Take eBosiouinHUm anropntm (EA)
Pobo4yunnm npouec EA

Bunbip

KpocoBep

MyTauisa — nogpobdbuui 3apas

EA 3 peasibHUM KOOYBaHHAM



Pobouun npouec -BapiauwivHi onepaTtop

= Create Initial Population
y I a u I ﬂ [‘Generation Zero’)

[li€ Ha OOVNH reHoOTUN IJOCTABJIAE IHLLUUMN. O Ea—

Individual in Population

EneMeHTBMNA[KOBICTbE Ba)XJIMBUM | BIAPI3HSAE
NOro Bif IHWKNX YHAPHNX eBPUCTUYHMNX OnepaTopiB.

Lle 3a51eXXuTb BiA penpe3eHTauill Ta AlanekTy:
ABinkoBi GA-poHOBUI onepaTop, BiaNoBigaNbHNN 33
Calculate Fitness for each

30epe)xeHHsa Ta BNpoBagXeHHSA pPi3HOMAHITHOCTI, individual in Pogulation

EPOonga FSM/6e3snepepBHUX 3MIHHUX - TiIJIbKW MOLWIYK
OnepaTOp, Stopping

Conditions
Apply?

GP-Malixe He BUKOPUCTOBYETbLCH.

Choose the Individual with

Mo>xerapaHTIA3B'A3HICTb NPOCTOPY MOLUYKY |
OT)XEKOHBepreHuifaaokasu.



Pobouyun npouec —Myrauin -
b nin-oiT

Ona 6iHapHOI XpoMoCcoMMU,

1 reHEBUNAaAKOBUM YUHOM

BUOpPaAHOi N0ro LiHHICTbNepeBepPHYTO(A0MOBHIOETHCH).

1/0{1(1] o/1| mmp |1]{0|1|0|0|1

Lle MO>XHa NoWwnpuTN Ha KislbKa BUNAOKOBUX MeHIiB
byTn NnepeBepHYTUM 3aMiCTb OAHOIO.

Create Initial Population

['Generation Zero’)

Calculate Fitness for each
Individual in Population

|

Selection

|

Crossover

Calculate Fitness for each
Individual in Population

Stopping
Conditions
Apply?

Choose the Individual with
the Highest Fitness Value



Pobouun npouec —MyTauis -
Swap

Onsa aBinkoBux abo LiIMX XpOMOCOM,
2 reHUEBMNanKoBO BUOpaHi

| IX 3HAYEeHHSANOMIHSAHI MICUSIMMU.

1/2|3]|4| 56| mmp |1]2|6|4(5|3

Lle onepauia myTauiiniaxoauTb 014
XPOMOCOMM BMOPAAKOBAHUX CMUCKIB,
SKHOBa XpOMOCOMa
O0OCIHeCeBOAHAKOBI FreHUAK OpUriHalbHUW.

Create Initial Population
['Generation Zero’)

Calculate Fitness for each
Individual in Population

Calculate Fitness for each
Individual in Population

Stopping
Conditions
Apply?

Choose the Individual with
the Highest Fitness Value




Pobo4uun npouec —Myrtaunis -
IuBepcis s

OnapBIMKOBUMAOOHA OCHOBI LLiJIUX YMCENXPOMOCOMY, [ENisi

Individual in Population

|

aBMMaAKOBa NOCJ/iAOBHICTbIeHIB BiAOMPaAETLCA |

NOPAB/OKIEHIB Y LN MOCNIAOBHOCTINEpPEeBePHYTUM. : Selection
|
1|2|3]4/5/6]| =) |1]2]6]5/4]3

NonibHun goMmyTauisa odOMiHy,

Calculate Fitness for each

BiHBepCinHa MyTauifaonepayida enigxoauTb bl n ogltion
0719 XPOMOCOMYNOPAAKOBaHI CNUCKM.

Stopping
Conditions
Apply?

Choose the Individual with
the Highest Fitness Value



Pobouyun npouec —Myrtaunin -
Scramble ey

OnapBinKoBUMMaOOHA OCHOBI LLIJIUX YUCENXPOMOCOMMU, a Al Fr A Bt

Individual in Population
BMNaaKoBa NOCAINOBHICTbIeHIB BinbupaeTbcs |
INTOPAAOKIEHIB Y Lii MOCNIAOBHOCTI

enepeTtacyBaBca(abockpembnioBaB).

1/2|3[45/6| mmp |1/2|4/6/3)5]

Calculate Fitness for each
Individual in Population

Stopping
Conditions
Apply?

Choose the Individual with
the Highest Fitness Value




3MICT

PekomMmeHpoBaHI a)xepena

Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia €C

Twvnn 3apayd gna EK

Ulo Take eBosiouinHUm anropntm (EA)
Pobo4nin npouec EA

Bunbip

KpocoBep

MyTauia

EA 3 peaJibHUM KOO YBaHHAM



PobOouui npouec -BapiauinHi onepatopu-

PeaJsibHe KOO YBaHHSA

TheBunbipmeToan NpauloBaTUMYTb TaK CaMoO
OCKiJIbKM BOHM 3aJie)XXaTb Jiuwle Bifg piTHecy3
ocobun, a He IXHE NpeacTaBHULITBO.

aneBKpocoBepiMmyTauiametToam 6yoyTts He

niaxonATbi TOMY crneuianizoBaHUM NOTPIOHO
OyTn BUKOPUCTAHUM.

X cnip 3acTOoCOBYBaTMOKPEMO AJIA KOXKHOro

PO3MipyMacuBYy, SKUN YTBOPIOE peasibHYy
3aKOOOBaHa XpPOMOCOMa.

Create Initial Population
['Generation Zero’)

Calculate Fitness for each
Individual in Population

Calculate Fitness for each
Individual in Population

Choose the Individual with
the Highest Fitness Value



Pobouun npouec -BapiauinHi oneparto

- Real-coded — Blend Crossover e
3MiwmaHum Kpocosep(BLX) - KO)KEHNOTOMCTBOE Calculate Fitness for aach
Individual in Population
BMMNagKOBMM YHOMBMOPAHO3 iHTEepBasly, CTBOPEHOro
noro 6aTbKiBCbKi 3Ha4YeHHSA 3a AesakuMu opMynaMu: , Selection
[parent; — a(parents — parenty), parents + a(parenty — parent;)] 'j
[MapamMeTp o € KOHCTaHTOO, 3HaYEeHHS AKOT JIEXXUTb !
Mi>XK O i 1. Mpu BiNbLUMX 3HAYEHHSAX Q, -~
y

pl p2 Calculate Fitness for each
=0 s 2 Individual in Population

Stopping
Conditions
pl pz Apply?
=05 = s 2
I
—4 —2 0 2 4 &) a8 10
Choose the Individual with
the Highest Fitness Value
pl p2
=3 — - -g- —




Pobouun npouec -BapiauinHi onepatopu- Ré

Create Initial Population

coded — cMMyJIbOBaHUU OBIMKOBUU (pan Ry

IMiTOBaH"ﬁ 6iHapH"ﬁ KPOCOBep(SBX) = KO)KeH Calculate Fitness for each

Individual in Population

|

CTBOPEHi NOro 6aTbKIBCbKUMU 3Ha4YeHHAMU 3a POopMYI0Io: , Selection
1

of fspring; = 5[(1 + B)parent; + (1 — B)parents] [ * ]

of fspringy = %[(1 — B)parent; + (1 + B)parent,)

HallaAoK BUMNAaAKOBUM YNHOM BUOUPAETLCSA 3 iHTepBany

pl p2
p=028 *—o *—e
ol 02 Calculate Fitness for each
T T T Individual in Population
2 4 o
pl pz Stopping
- Conditions
p=1 31 :2 SRR
T T T
2 4 5]
Choose the Individual with
the Highest Fitness Value
pl p2
=12 *—& @
ol 02




Pobouun npouec -BapiauinHi onepatopu- Ré

Create Initial Population

coded — cMMyJIbOBaHUU OBIMKOBUU (pan Ry
Y nonepenHix BunagkaxcepenHin3IHa4YeHHS calulateFtness for e

JBanOTOMCTBOCTaHOBUTbL 3,525, TobTomOpiBHIOEB e
cepepnHin3HayeHHs BoxbaTbku. Mu
NOBUHHI 30eperTm cxoXiCcTb Mi>Kk HUMH
HawapnkKiB i 0aTbKiB.
Ins uboro NMoBipHicTbBMae byTrnHabaraTc
BMLLe s LiHHOoCTendina 1, ne npunnig _
eENORiOHIf0 OaTbKiB. TOMY 3Ha4YeHHSA B R
PO3PaxOBYETHLCS 3a AOMOMOrO iHLLUUNA i
BUNAaAKOBUMUBENYMHA, MO3HAYEHa U,
PIBHOMIPHO po3nojisieHa 0B 1

B = (2u)

u < - O ’ 5 1 Choose the Individual with

1 m the Highest Fitness Value
u>0.,5 5_ 2(1—u):|

[0, 1]:




Pobouun npouec -BapiauwivHi onepaTtop

Real-coded — CnpaB)XXHAa MyTauin S e

IHWWI Nigxig nonsrae B Tomy, wWobreHepysaT BUNaaKoBse AiucHe Calculate Fitness foreath

Individual in Population

HOMEP, AKUN MPO>XMNBa€EB OKOJIMUAX C I
OpUriHaNbHUKIHOMBIOYANbHUNA. ; Selection

npukKaag :HopMasibHO po3nopaineHi(abo Nayca) |
MyTauif->aBunanKoBe YUCINIOoreHepyeThbCA 3a rosasr

O0MOMOroro aHOPMaJIbHUM PO3NOAIN3 CepenHE =
neskizaspaneriab BUSHAa4YeHUU CTaHpapT

B I nx" n e H H ﬂ . Calculate Fitness for each

Individual in Population

Stopping
Conditions
Apply?

Choose the Individual with
the Highest Fitness Value




Pobouun npouec -BapiauwivHi onepaTtop

Real-coded — CnpaB)XXHAa MyTauin S e

IHWWI Nigxig nonsrae B Tomy, wWobreHepysaT BUNaaKoBse AiucHe Calculate Fitness foreath

Individual in Population

HOMEP, AKUN MPO>XMNBa€EB OKOJIMUAX C I
OpUriHaNbHUKIHOMBIOYANbHUNA. ; Selection

npukKaag :HopMasibHO po3nopaineHi(abo Nayca) |
MyTauif->aBunanKoBe YUCINIOoreHepyeThbCA 3a rosasr

O0MOMOroro aHOPMaJIbHUM PO3NOAIN3 CepenHE =
neskizaspaneriab BUSHAa4YeHUU CTaHpapT

B I nx" n e H H ﬂ . Calculate Fitness for each

Individual in Population

Stopping
Conditions
Apply?

Choose the Individual with
the Highest Fitness Value




3MICT

PekomMmeHpoBaHI a)xepena

Wo Take eBonwouinHi ob4yncneHHs (EC)
IcTopia eC

Twvnn 3apayd gna EK

Llo Take eBosiouinnHUm anropntm (EA)
Pobo4nin npouec EA

Bunbip

KpocoBep

MyTauia

EA 3 pealbHUM KOZ4YyBaHHAM

EniTHicTb, HiviHr, CninnbHe BUKOPUCTAHHA



Pobouuu npouec -

CtpaTeria eniTapHoOCTI Ge e

Mu xo4emMo rapaHTyBaTy, LLOHAUKpaLLa noanHa(m)
3aBXXAW O0CAraTU HACTYMHOrO MOKOJIIHHA, MU MOXXEMO
3aCTOCYyBaTMHEODOOB'A3KOBUUCTpaTErina 4 se..;-.m
eniTapHocTi. Lle o3HavaE€, L03BepmCoOuU(re I
nonepegHbO BU3HAYEHNUM MapaMeTpPoM)ayosnioTbhCA Crossover

Calculate Fitness for each
Individual in Population

w

HacCTynHe NoKoJliHHANepeJ HaMN3anoOBHUTHU peLuTy
HAasABHNX MICLIb CMOTOMCTBOSKI CTBOPIOIOTHLCS 3a
AonoMorolo Binbopy, KpocuHrosepy ta MmyTtauii. The

Calculate Fitness for each
Individual in Population

enitaocobu, aki 6ynm npoaybnboBaHi, BCe e 3annlatoTbCs
nipxopaatb ansa BipdbopyobpobnatTn, wob BOHM BCe Le MOrau

Stopping

BUKOPUCTOBYBATU AK OaTbKIiBHOBUX OCi0. ENiTapHIiCTb iHOG—@ LIS

Apply?

MOXXe MaTu 3Ha4YHe 3HAYEHHSMNO3UTUBHUM
BNMJIMBHA NPOAYKTUBHICTb aJIfTOPUTMY, OCKIJIbKN BIH

Choose the Individual with
the Highest Fitness Value

YHUKAE NnoTeHuiasiyTpaTa 4YacyHeobxiaHi 419NOBTOPHO
BiAKPUBalO4YM BOOpopilleHHS, aKi bynn BTpayeHi.



PobGouun npouec -

| | | | [ |
H I m I Ta o M I H Create Initial Population
['Generation Zero’)

Konn KinlbKa pi3HNUX BUAIB CMIBICHYOTb B O4HIN HiLui, coae s o
YyCl BOHN KOHKYPYIOTb 3a TI CaMi pecypcu, | a .
TeHAEeHUIANoNArae B Tomy, wobnowykasns HOBOro, 4 Sefacton
He3aceneHUNHIWii 3acenntum iX. e MoxXHa |
BUKOPUCTOBYBATW A4 NIATPUMKUN Pi3HOMAHITHOCTI frosse
nonynauil Ta 4N193HaUuTU KiNlbKa ONTUMAJIbHUX piwle
->KiN1bKa HiLl.

2.00

2.00

1.75 4 Calculate Fitness for each
Individual in Population

175 4

1.50 4 150+

1.25 4 L28=

1.00 4 1.00

05 7 Stopping
. - Conditions
0.50 iy Apply?

0.25 4
0.25

0.00 T u T T T T T
0.00 T f T T T T T 0.0 0.5 1.0 15 2.0 2.5 3.0 35 4.0
0.0 0.5 1.0 LG 2.0 2.5 3.0 3.5 4.0

Choose the Individual with
the Highest Fitness Value

Ona uboro Mm NOBMHHINPOMNOHYBATU PeCYPCUB CYyMi
NnPoOnNopLwinHO BUCOTI HiLLi3aOOMIH
dbiTHecoM3aieXxaJ/iIoHa BiaACTaHI 40 IHLUUX.



OCHOBM €BOJIIOLIMHUX ODUYUCNEeHb

OCHOBM €BOJIIOLIMHOIo O0UYMC/IeHHA

Jlekuia 03. EC ona MalWMHHOINro HaB4YaHHA

— Bubip dbyHKUi]
(3a moTBamun AnaHa TwopiHra, NlonnaHga, Xanena Pawnpa, beHa
poboTun dininca, Eang BipcaHCbKOro Ta iH.)



3MICT

PeKkoMeHpoBaHI p)Xepena

EA (GA) ona subopy pyHKLIN — YOMY?
Tunn npobnem ana sBnbopy PyHKLLII:
Perpecia: npobnema ®pigmaHa-1

Knacn4He pilieHH4

PiweHHsa EA (GA).

Knacudoikauia: npobdbnema TBapuH
KnacnyHe pilieHH4

PiweHHa EA (GA).
Pe3oMe




PeKoMeHAOBaHI p)xepena
— KHUI'M

KHurun (HayKoBi):
[[anoH I., NaHH C., Hikpasew M. Ta 3age JI1.A. (Pen.). (200¢

Buny4yeHHS 03HaK: OCHOBW Ta 3aCTOCYHIAMS
207). CnpuHrep.

NowHr, I'. Ta Jlto, X. (Pen.). (20)3pobka hyHKLiN gns
MalUWHHE HaB4YaHHSA Ta aHani3 gaiRC Press.

KHuru (3 kopamu Ha github):
Conepap Nanni (202Mo3pobka pyHKUin Python
KyniHapHa kKHurBackt Publishing
Anica YxeH i AMaHga Ka3zapi (201Bp3pobka hyHKLiN

ONs MalWMHHOIro HaB4YaH®@sPawnni)



PeKoMeHAoOBaHI A)kepena -

NOKYMEeHTU Ta Habopm JaHuX

NMpoonema perpecii (F1RP):
bpenmaH, Jleo (1996). MawnHHe HaB4YaHHSA 24, cTOpiHKK 123-140. OpigmaH,
Ixepom X. (1991) baraToBuUMIpHI CnaanHM aganTMBHOI perpecil. Jlitonuc ¢
CtatucTtuka 19 (1), ctopiHkn 1-67.

NMpobonema kKnacudikauii
Habip naHux UCI Zoo (http://archive.ics.uci.edu/ml/datasets/Zoo )
Enbe ®paHk i CtedaH Kpamep. AHCaMbni BKJ1IageHUX AUXOTOMIN ONA MYJIbTUKIACY
npobnemn. ICML. 2004 pik.
XyaH Jlto, Xipowi MoToaa Ta Jlen KO. Bubip dpyHKUin 3a gonomoroto Selective
Binbip npob. ICML. 2002 pik.




3MICT

PekomMmeHpoBaHI a)xepena

EA (GA) pnsa Bubopy dbyHKLIin — Yyomy?
Tunun npobnem ona sBndopy PyHKLII:
Perpecia: npobnema ®pigmaHa-1

Knacn4He pilieHH4

PiweHHsa EA (GA).

Knacudoikauia: npobdbnema TBapuH
KnacnyHe pilieHH4

PiweHHa EA (GA).
Pe3oMe




EBononinHi o0uucneHHs (EC) —
ana Bubopy pyHkKLil — YoMy?

KOHTpOJIbOBaHe HaBYaHHSA:

pobo4Yumn npouec :MmopenboTpuMye HabipBxoan, 13BOHNBOCODAMBOCTI, |
Bigobparkae 1x y Habipsuxoam.

YCneHCbKMUM : iHPopMaLlis, onncaHa BOCODAIMBOCTIEKOPUCHUM B NA
BM3HA4YeHHS BAapPTOCTI BIAMOBIABUXOAM.

3p0poBuK raysa OinbweiHdopMaLlito, SKYy MU MOXKEMO BUKOPUCTOBYBATU K BXiOHi AaHi,Kpawe
Halli LWaHCcK npaBuabHO NepenbaynTn pesynbtaTt(n).
PeanbHICTb : Yy 6aratbox BMNagkaxHaBnaKM... aKLWO AedKi ocobnmBocCTi

BUKOPUCTAHHS EHE@ MA€E 3HA4YeHHAAOOHaAAMMWIKOBUM, HAC/TIAKOM
MoXxe byTun (iHoAi 3HaYHUN)3HUIXKEeHHA TOYHOCTIModenen.

TomMy HaMm NoTpiIBHOBUOIP PYHKULII:
BRpouec3BMbuparoYmnHanbinblLLNNKOPUCHUA Habip PYyHKLINI3
BeCb Habip HVHKUIN ONAOAO0OCAITU KPpALWoropilleHH4.



EC nnsa Bubopy pyHKLil —

lNepeBaru

3MeHLUEeHHA NMoXMnboK (BTpadveHol hyHKLUiT) Moaeni
TiaBnWweHHSa TOYHOCTI Moaei
Yac HaB4YaHHA Moaesien KOPOTLLUN.
HaB4eHi moaeni NpocCTiwi Ta nerwi gnsa iHrepnpeTauil.
‘HaB4YeHi oTpuMaHi moaeni, MMOBIpHO, 3abe3neYyaTb Kpalley3arasibHeHHs, ToOTo

BOHW MPaLlolTb Kpalle 3 HOBUMU BXIAHUMN OaHUMW, SKi BIAPI3HAOTLCA Bif

OaHi, aKi 6ynm BUKOPUCTaHI A/19 HaBYaHHA.



3MICT

PekomMmeHpoBaHI a)xepena

EA (GA) ona subopy pyHKLIN — YOMY?
Twvunu npobnem ana Bubopy pyHKLI:
Perpecia: npobnema ®pigmaHa-1

Knacn4He pilieHH4

PiweHHsa EA (GA).

Knacudoikauia: npobdbnema TBapuH
KnacnyHe pilieHH4

PiweHHa EA (GA).
Pe3oMe




EC nnsa Bubopy pyHKLil —
TuUnuv 3apau

EC (GA) MO)XHa epeKTUBHO 3aCTOCYBaTU OO0 KJIACUYHUNX
npob6,sieM MaLUMHHOIO HaBYaHHA Nif KEPIBHULTBOM:

- perpecifi(BnkopuctaHHsa npobnemun perpecili PpigmaHa-1)
i
— Knacudikauia(BMKopuctaHHa knacudikauii teapuH Habopy gaHux UCI)

ons
- BUOIp PyHKUiI
abo
- 3M@HLUEeHHSA PO3MIPHOCTI

3 MeTOlO:
— 3MeHLWeHHAMSE
abo
— 30iNbLUEHHA CepeaHbOroTO4YHICTh.



3MICT

PekomMmeHpoBaHI a)xepena

EA (GA) ona subopy pyHKLIN — YOMY?
Tunun npobnem ona sBndopy PyHKLII:
Perpecis: npobnema ®piamaHa-1

Knacn4He pilieHH4

PiweHHsa EA (GA).

Knacudoikauia: npobdbnema TBapuH
KnacnyHe pilieHH4

PiweHHa EA (GA).
Pe3oMe




EC nnsa Budoopy dyHkuil —lMpuknanp:
dpiaMaH-lperpecia Npobnema (F1RP

F1RPOyB onncaHum ®pigmaHoMm (1991) i bpenmaHom (1996).
Bxoau:n_features3ane)xHi 3MiHHI, pIBHOMIPHO po3noAisieHi Ha
iHTepBan [0,1], nmwe 5 i3 HIK featurémKTVUYHO BUKOPUCTOBYIOThLCS.
Buxonou: CTBOPHOKTLCA 3a (POPMYJIOHD:

y(xo, 1, T2, 23, 24) = 10 - sin(m- 2 - 1) + 20(z2 — 0.5)% + 103 + 5z4 + noise - N(0,1)

OCTaHHIM KOMMOHEHTOM Yy POPMYJIi € BUNMAAKOBO 3reHepoOBaHUN LLUYM.
LLlyM HOpMaJsibHO PO3MNOAINAETLCA | MHOXXUTBLCA Ha NOCTIMHUW LWLYM, AKNI
BM3HA4Ya€ NOro piBeHb.
Pi3HI peani3auili B MOBax nporpamyBsaHH4Aa: Python:
make_friedmanl()dpyHkuia B scikit-learn (sklearn) 6ibnioteka
P:friedmanl()dyHkuis emlbenchbibnioteka

Yomy F1RP KopucHMM pna Hac?

bpenmaH, Jleo (1996). MawnHHe HaB4YaHHSA 24, CTOpiHKK 123-140. ®pigmaH,
Ixepom X. (1991) baraToBuUMIpHI cnaavHM aganTUBHOI perpecil. Jlitonuc c



EC nnsa Bubopy dbyHKLil — npukKnan:
yoMmy F1RP KopucHuu gnsa Hac?

Akwon_features = 15, Mn oTpMaemo Habip gaHUX 3 opuUriHaNoMS5BXigHI 3MiHHI
(abo dpyHKUIT), AKi Oy BUKOPUCTaHI 471 CTBOPE@HAYEHHSA 3a hopmyow i10
PyHKLIT, aKi abcoNtoTHO He MaloTb BIAHOLLEHHSA A0 pe3yabTaTy.
yoMy: F1RP3BUKTeCTpi3HIiperpeciamMmoaen wono HasgsBHOCTI
LIyMHepeneBaHTHI PYHKLUIT B Habopi oaHuX.

npuknaag, .
LLinbca: nepesipTe EC (GA) sk aBubip dbyHKULiIMexaHi3M. pobouun npoue
BuKopuctaHHssmake friedmanl()onsa ctBopeHHA Habopy oaHMX i3 15 PyHKUIAMN Te
BUKOPUCTaHHA GA ond nowykKyniaMHOXMHADYHKLUIN, aKi 3abe3nedye

BHAUKPaALWMMANPOLYKTUBHICTb.
Finoresa: EC (GA) Bnbepe nepuwi 5 gyHKUIN | BiAKUHE pewTy,
NpUNyCKal4u, WO TOYHICTb Mo4enl Kpalia, Koy nuwie BianoBIAHI
PYHKULIT BAKOPUCTOBYIOTLCSA AK BXiOHI OaHi.
EC (GA)ponb: ThedpyHkuia diTtHecy(FF) BuKopuctoByBaTnMe aperpecinHa Mmopens L0
KOXXHOIO NMoTeHuianypilueHHA-aniaMHOXUHa PYHKLUIiIBUKOpPUCTOBYBaTH - byae

OVTMHABYeHUMUBUKOPUCTOBYIOYM HAbip naHMX, LLO MICTUTbTIJIbKM BUOpaHeocob1MBOCTI.



EC nnsa BuOopy byHKLUIiII — npukKknaa:
IHouBiayanbHe npeactaBHuMuTBo EC (G

AHIHOMBIpYyaJsibHe pilULeHHA(reHOTNN) Ma€E BKalyBaTN SKNNOCODNMUBOCTI €
BUOpPaAHOI aKi BUNagatoThb:

KoxeHiHpguBiayanbHe PilUEHHALECNUCOK ABiMKOBUX3HAYEHHS

KoxXeH3anucy cnucky (0 abo 1) eopaHa 3 ocobnauBocTenB Habopi JaHUX:
- 1 - BipnoBigHa o3HakabYBBubpaHo,
- 0 - dyHKLig maeHIbyBBUOpaHO.

Lle ny>xe cxo>xe Ha 3aaa4vy paHus 0-1 3 LabO1l.

BAXKJINBO:

Ko>xeH 0B iHOMBIAyanbHOMY pilleHHI3acobu
->
NapiHHABIAMOBIAHNNOCODOANMBOCTINAHNXKOJIOHKA3 Habopy AaHuX.




3MICT

PekomMmeHpoBaHI a)xepena

EA (GA) ona subopy pyHKLIN — YOMY?
Tunun npobnem ona sBndopy PyHKLII:
Perpecis: npobnema ®piamaHa-1

KnacuuyHe pilleHHA

PiweHHsa EA (GA).

Knacudoikauia: npobdbnema TBapuH
KnacnyHe pilieHH4

PiweHHa EA (GA).
Pe3oMe




EC nnsa Bubopy dbyHKLil — npukKnan:
F1RP —KnacuiHe pilLeHHSA

1) CtBopuTUBHAObIp maHMx3a dopmynotw PpigMaHa
Bukopuctosytodumake friedmanfyhkuia s scikit-learn (sklearn) 6ibnioteka.

2) Po3pinuTnaaHi Ha OBi NiAMHOXMNHN - aHAaBYaHHAHAOIp | anepeBipKaBCTaHOBUTH
- BukopuctosytoYmmodel selection.train_test gyhikiil B scikit-learn.

3) CrBopuTHMpEerpecisMoaenb...MOXXHa BUKOPUCTOBYBaTU Pi3Hi...fpapi€eHT
Boosting Regressor (GBR) y ubomMy npuknaai.

4) BU3HAUYMTU NPOAYKTUBHICTBBMKOPUCTAHOI Moaeni perpecil ans Habopy
BUbpaHi pyHKLUIT 3gyetMSEpyHKLUiA-MeTpUuKa*.

5) TopiBHOBMMHABYaHHSANIAMHOXXMHa(3nuWe BUOpaHi cpyHKLII!) BUKOPUCTOBYET
09 HaBYaHHS Moaeni Nig Yac HOBOI NepeBiIPKUNIAMHOXXUMHA-L06 OLLIHUTK Noro.

* CepenHsa KkBagpaTuuHa nomunka (MSE)=cepefHiin kBagpaT pPi3HUL Mi>K MPOrHO30BaH!
3Ha4YeHHAMU Moeni Ta PaKTUYHUMUN 3HAYEHHAMU. AHUIKYE@3HAYEeHHS LUbOoro



EC nna Buobopy dbyHkuin — NMpuknan: F1F
— KnacuydHe piwmeHHA —Pe3ynbTaTMm...

OCKiNlbKW MW OO0OAEMO Mnepi 5 PyHKUiIN 0OHY 3@ 04HOI0, MPOAYKTUBHICTb
nokpawye. OgHak nisHille KoOXXHa gonaTKoBa (PyHKLiA MOripwy€eTbCA
MNPOAYKTUBHICTb MOoAeN:

MSE over Features Selected
1 nepwi o3HakK: ouiHka = 47,553993 2 nepuwui
ocobmBOCTI: OuUiHKa = 26,121143 3 nepuui 45
ocobnmBocCTi: ouiHka = 18,509415 4 nepuui 40
ocobnmeocTi: ouiHka = 7,322589 5 nepuwi

35
ocobamBoCTI: ouiHKa = 6,702669 6 nepui
ocobnmBocCTi: ouiHka = 7,677197 7 nepuwi 30

LLl
0cobmBoCTI: ouiHka = 11,614536 8 nepuui 2 o

dyHKUIT: oyiHka = 11,294010 9 nepLunx
XapaKTepucTuk: ouiHka = 10,858028 10 nepwunx 20
XapaKTepucTuk: ouiHka = 11,602919 11 nepLumnx
ocobnmeocTen: ouiHka = 15,017591 12 nepumnx

dyHKUIN: ouiHKa = 14,258221 13 nepwiunx L
dyHKUIN: ouiHka = 15,274851 14 nepwunx 5
byHKLI: ouiHka = 15,726690 15 nepLumx P2 404 8 %6 1 08 20U BERURDE

n First Features
XapakTepucTuku: 6an = 17,187479



EC nnsa Buoopy dbyHKUin — NMpuknap:
F1RP — Knacu4iHe piwmeHHa —OEMO...

CnpoOyuTe BiATBOPUTHU Li pe3ynbTaTu:

1 nepwi o3Hakun: ouiHka = 47,553993 2 nepuwui MSE over Features Selected
0cobnmBOCTI: ouiHKa = 26,121143 3 nepui

ocobnmeocTi: ouiHka = 18,509415 4 nepuui

ocobnmBoCTiI: ouiHka = 7,322589 5 nepui

ocobnmBoOCTI: ouiHka = 6,702669 6 nepuui

ocobnmBocCTi: ouiHka = 7,677197 7 nepui

ocobnmeocTi: ouiHka = 11,614536 8 nepuui "

GYHKUii: ogiHka = 11,294010 9 nepwunx 2

XapakKTepucTuk: ouiHka = 10,858028 10 nepLumnx

XapaKTepucTuk: ouiHka = 11,602919 11 nepunx

ocobnmeocTen: ouiHka = 15,017591 12 nepumnx

dYHKLUIN: ouiHKka = 14,258221 13 nepwunx

YHKLUIN: ouiHka = 15,274851 14 nepwunx

dYHKLUIN: ouiHka = 15,726690 15 nepwnx 4 5 6 7 8 9 10 M 1 13 u
XapaKTepucTukn: ban = 17,187479 n First Features




3MICT

PekomMmeHpoBaHI a)xepena

EA (GA) ona subopy pyHKLIN — YOMY?
Tunun npobnem ona sBndopy PyHKLII:
Perpecis: npobnema ®piamaHa-1

Knacn4He pilieHH4

PiwweHHs EA (GA).

Knacudoikauia: npobdbnema TBapuH
KnacnyHe pilieHH4

PiweHHa EA (GA).
Pe3oMe




EC nnsa Bubopy dbyHKLil — npukKnan:
F1RP —Po3u4uH EC (GA).

TheBiAMIHHOCTIBIAKJIAQCUYHUMNPILLIEHHS:
1)XpOMOCOMMU-ABINKOBI CMUCKN BUBPaHNX DYHKLLIW
2)PiTHec-pyHKLIA (FF)-noBepTae monens perpeciiMSE

3)Buoip
- TYPHIipBiInbip 3 TypHipoMpoO3Mip 2
- eniTapHicTtb, gesan cnasm (HOF)y4acHUKK - gitodiHAUKpaLWwmMmM ocobu -
€3aBXAM NPOXOAMUJIN HeAOTOPKAHUMM 0 HACTYMNHOIrO NMOKOJIIHHA

4)EBonouUinHI (reHeTU4YHi) onepaTopm
- KpocoBep
i
- MyTauifaonepaTopu
AKi creyianizytoTbCa Ha XpoMocoMax 3 BiHapHUM CMNUCKOM



EC nnsa Buobopy dbyHKuUil — MNpuknap:
F1RP — PiweHHAa EC (GA) —Pe3ynbTaT

Micna 30 nokoniHb EC (GA):

Hawmwkpawa ocoba=11,1,1,1,1,0,0,0,0,0,0,0,0, 0, 0]
Hankpawunin dpitHec = 6,702668910463287

LLlo ue o3Ha4Yae€?

Hankpawunin MSE (6511m3bko 6,7) 3abe3neyytoTb neplli N'aTe PYHKLIN.

BAXJINBO:
EA (GA) poONTBLHIAKMX NpuUNyLWeHbrpo Habip o3Hak.
EA (GA) pobuTbHe 3HaTMNpPo neplue 4m octaH®eobmBocCTI. EA (GA)
NPOCTO LYKaBHAUKpaLWLa MOXXJIMBA NigaMHOXMHaocobnmnBocTen.



EC nnsa Bubopy dbyHKLil — npukKnan:
F1RP — PiweHHs EC (GA) —I1EMO

CnpoOyuTte BiATBOPUTHU Li pe3ynbTaTu:

Micnha 30 nokoniHb EC (GA):

Hankpawa ocoba=1(1,1,1,1,1,0,0,0,0,0,0,0,0, 0, 0]
Hankpawunin dpitHec = 6,702668910463287

LLlo ue o3Ha4vae€?

Hankpawun MSE (6nun3bko 6,7) 3abe3nedytoTb nepui N'aTb PYyHKLUIN.




3MICT

PekomMmeHpoBaHI a)xepena

EA (GA) ona subopy pyHKLIN — YOMY?
Tunun npobnem ona sBndopy PyHKLII:
Perpecia: npobnema ®pigmaHa-1

Knacn4He pilieHH4

PiweHHsa EA (GA).

Knacudikauisa: npoonema tsapuH
KnacnyHe pilieHH4

PiweHHa EA (GA).
Pe3oMe



EC nnsa Bubopy pyHKLUil —npuknapg,

NMpobnema kKnacudikauii TBapuH

Lle knacnyHum npuknan npodbnemm knacudikauil.

< C © | & archive.ics.uci.edu/ml/datasets/Zoo B9 %

UCI

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Zoo Data Set

Download: Data Folder, Data Set Description

Abstract: Artificial, 7 classes of animals

Data Set Characteristics: Multivariate Number of Instances: || 101 || Area: Life

Attribute Characteristics: || Categorical, Integer || Number of Attributes: || 17 Date Donated 1990-05-15

Associated Tasks: Classification Missing Values? No || Number of Web Hits: | 346207
Source:

Creator:
0).



EC nnsa Bubopy dbyHKLil — npukKnapa:
Knacudikauia tBapuH —Habip paHux

3aranbHa iHcpopmMauisa npo Habip paHux:
MpocTa 6a3a gaHuX, Wo MiCTUTb17 ATpMOYTHM 3 SIOriYHUMMU 3HAYEHHAM
"TMNy" BUOAETbCA aTpubyToMknacaTpubyT. Ocb po3brBKa TOro, ki TBapuHu
HanexaTb 00 gaKoro tuny: (MeHi gnBHO, WO TaKi €2 eK3eMNAApMU
">Xaba"iogHa 3 "niB4YMHOK"!)
Knac Ne -- HaOip TBapuH:
1--(41) Tpybko3y6, aHTUMONG, BeaMiab, KabaH, bynson, Tens, 3yb4yactunm nTax, renapn, oaeH
nenbiH, CNOH, KaXaH, Xupadg, oiB4MHa, Ko3a, ropusa, Xxom'sk, 3a€ub, sieonapna, nNes, pUCb, HO
KPIT, MAHryCcT, OMOCYM, OPUKC, KA4KOHIC, TXip, MOHI, MOPCbKa CBUHSA, NyMa, KULUbKa,
€HOT, MiBHIYHMW ONEHb, TIOJIEHb, TIOJIEHb, BiNlka, BamMnip, nonieka, Bannabi, BOBK
2 -- (20) KypKa, BOpoOHa, ronyb, Kka4dyka, hsiamiHro, 4Yamka, acTpy6b, KiBi, >)KanBOPOHOK, CTpayc, nanyra,
NiHrBiH, ba3aH, HaHOy, CKUMMepP, NOMOPHUK, ropobeub, ebigb, rpud, KpanmMBHUK
3 -- (5) MOpcCbKa 3Mis, MOBiIIbLHUW 4YepB'aK, Yepenaxa, TyaTapa
4 -- (13) OKYHb, KOPOM, COM, rosIoBeHb, cobayka, nikwa, ocenenelb, WyKa, NnipaHbs, MOPCbKNIN KOHUK,
MOPCbKUW A3UK, CKaT, TYHelb
5 -- (4) xaba, xaba, TpUTOH, xaba
6 -- (8) 6s10xa, KomMap, MegoHoCHa ba>kona, KiMHaTHa Myxa, COHEeYKO, Miflb, TEPMIT, OCa

7 -- (10) monockun, kpabun, pakm, oMmapu, BOCbMUHIrK, CKOPNiOHN, MOPCbKi OCK, CIMMaKK, MOPCbKI 3ipKu,



EC ona Bubopy pyHKLiIl — npuknaan:
Knacudikauia tBapuH —Habip paHux

ATpubyT (Xapaktepuctuka) IHdpopmauis:
1. Ha3Ba TBapUHW: yHiKaana 0719 KOXKHOINoO eK3eMrisdpa
2. Bosnioccs: Boolean
3. nip'a: noriyHnn
4. anysa: Boolean
5. MOJIOKO: NOrivYHNN
6. 6bopToBUN: Boolean
7. BogHWUN: Boolean
8. Xxmxak: bynes
9. 3yb4acTun: bynesun
10. maricTpasnb: IOri4YHUN
11. onxae: norivHUU
12. oTpynHun: bynes
13. nacTu: dbynesi
14. Horun: yncnosi (Habip 3HaveHb: {0,2,4,5,6,8})
15. XBICT: JIOrYHUN
16. BITYM3HAHI: bynes
17. catsize: norivyHnm



EC ona Bubopy pyHKLiIl — npuknaan:
Knacudikauia TBapuH —npobnema

NMoxop>KeHHA: Lie KJIaCUYHUW npukian npobnemm kKnacudikauil, ge BxigHi
PyHKUiT NOoTpPibHO Bigobpa3nTn y ABox abo binbLue KaTeropiax/miTkax.

BxigHi paHi: o3Haku 2-17 (Bosioccs, nip’s, NaaBHUKM TOLWLO), NepeBa)kKHO O3HakKl
noriyHMMmn (3HaveHHa 1 abo 0), Wwo o3Ha4Ya€e HaABHICTb abo BiACYTHICTb
neBHUN aTpUbYT, TakKnUM K BOJSIOCCSH, NJIABHUKMN TOLLO.
[MpuMiTKa : 1-a 0cobIMBICTb -HA3Ba TBAPUHMU-NPOCTO HaZaTU HAM TPOXV
IH(bopMaUuia Tay4acTi He bepey HaBYaHHI.

Buxonm: oCTaHHA PYHKLUIA -TUNY-NpeacTaB/ige 7 KaTeropiu.
Hanpuknag, Tun 5 npencrtaBnsge KaTeropito 3: »xaba, TpUToH i »xaba.

Linbca:noizpamopens KnacudikauiiHa uboMmy Habopi oaHUX cocobnuBocCTi 2-17
(BoNlOCCH, Nip'd, NJaBHUKW | Tak Aani) aonepepbavynmTnsHadyeHHAPYyHKLiIA 18
(TBapuHaTuny).



3MICT

PekomMmeHpoBaHI a)xepena

EA (GA) ona subopy pyHKLIN — YOMY?
Tunun npobnem ona sBndopy PyHKLII:
Perpecia: npobnema ®pigmaHa-1

Knacn4He pilieHH4

PiweHHsa EA (GA).

Knacudikauisa: npoonema tsapuH
KnacuuyHe pilleHHA

PiweHHa EA (GA).
Pe3oMe



EC npna Bubopy osHak — lNMpuknap:
Knacudgikauia tBapuH —Kinacu4yHuMm cnoc

1) HaBaHTaxxeHHAUCI-300napkHabip maHux3a cTaHgapToMread csvyHKUiA.

2) Po3pinuTnaaHi BBBegeHHAQYHKLUIT (mepLwi 16 cToBnuiB, WO 3aJaNWNANCSA) i
pe3ynbTylodiBuXigKaTeropia (0CTaHHINM cToBneub). ToAai 3aMiCTb TOro, wob po3ninuT
OaHi Bl TpeHyBaHHABCTAaHOBUTM i1l TecTHabip, AK i B nonepegHbOMY pO34ini, AKUN
MU BUKOPUCTOBYEMK-KpaTHa nepexpecHa nepesifiai-po3aineHi HK
PIBHI YaCTUHW | MOAesb OLIHIOETbAPA3IB:

(k-1)4acTnHn gndHaBYaHHAIl4acTMHa, WO 3aauwniaca ana TectyBaHHA (abonepesBipka).

3) CrBopMTUKIaCUPiKaLisMoaenb...MOXXHa BUKOPUCTOBYBATMW Pi3HI Moaeni...
Knacudikatop paepesa piweHb (DCT)B ubomy npuknagi.

4) BU3HAUYMTU NPOAYKTUBHICTBBMKOPUCTAHOI Moaeni perpecil ans Habopy
BUbpaHnx osHakgetMeanAccurachyHKuia-MmeTpuka*.

* JTouHiCTb-4YacTMHa cnpas, SKi 6ynun KnacugikoBaHi NpaBuJIbHO. ABULLLE
3HA4YeHHSA UbOro BUMIpOBaHHA BKa3yEKpaLWia NPOAYKTUBHICTbMOEN.



EC nna Bubopy osHak — NMpuknap:
Knacudikauwia — Knacn4Huuum cnocio —OEM

[Micna HaBYaHHSA/TEeCTYBaHHA:
Mogesib - DTC-knacudgikatop
5-KpaTHa nepexpecHa nepesipka
BCi 16 pbyHKUiN

TOYHICTb KNnacugikauii ctaHoBmna 61nM3bk091%.

CnpoOyunTe BiATBOPUTHU Li pe3ynbTaTMu:

Yci BubpaHi dyHKU,T:
(1,1,1,1,1,1,1,1,1,11,1,1,1,1,1, 1]

To4HicTb = 0,9099999999999999




3MICT

PekomMmeHpoBaHI a)xepena

EA (GA) ona subopy pyHKLIN — YOMY?
Tunun npobnem ona sBndopy PyHKLII:
Perpecia: npobnema ®pigmaHa-1

Knacn4He pilieHH4

PiweHHsa EA (GA).

Knacudikauisa: npoonema tsapuH
KnacnyHe pilieHH4

PiwwmeHHs EA (GA).
Pe3omMme



EC nnsa Bubopy dbyHKLil — npukKnan:
Knacudikauia —Po34yuH EC (GA).

TheBiAMIHHOCTIBIAKJIAQCUYHUMNPILLIEHHS:
1)XpOMOCOMMU-ABINKOBI CMUCKN BUBPaHNX DYHKLLIW
2)PiTHec-pyHKLIA (FF)-noBepTae mooenicepenHsa TOYHICTb

3)Buoip
- TYPHIipBiInbip 3 TypHipoMpoO3Mip 2
- eniTapHicTtb, gesan cnasm (HOF)y4acHUKK - gitodiHAUKpaLWwmMmM ocobu -
€3aBXAM NPOXOAMUJIN HeAOTOPKAHUMM 0 HACTYMNHOIrO NMOKOJIIHHA

4)EBonouUinHI (reHeTU4YHi) onepaTopm
- KpocoBep
i
- MyTauifaonepaTopu
AKi creyianizytoTbCa Ha XpoMocoMax 3 BiHapHUM CMNUCKOM



EC nnsa Bubopy dbyHKLil — npukKnan:
Knacugikauia — EC (GA) —Pe3ynbTaTH

[licna 50 nokoniHb EC (GA) i HOF po3mMmip 5:

1,0,1,1,1,0,0,1,0,0,1, 0,0, 0, 0] npuaaTHicTb = 0,964 TOo4HicTb = 0,97 ocobnmeocTti =61 : [0,
0, 0, 0, O] npuaaTHicTb = 0,963 To4HIicTb = 0,97 ocobnueocTi =7 2 : [1,

anKpalli pilleHHS:

[0,

0, 1, 1,0
0, 0, 0, O] npuagaTHicTb = 0,963 TOYHIiCcTb = 0,97 ocobnmeocTti=73:[0,1,0,1, 1,
1,0 1,0
n

l—'OI—'
I—‘OOI—‘

] npuaaTHicTb = 0,963 To4HicTb = 0,97 ocobnmsocTti=74:[0,1,0,1, 1,

H
0:
1,0,1, 0,
1,1,1, 1,
1, 0,
0, 1] npnpaTHicTb = 0,963 TOYHICTb = 0,97 ocobnumsocTi = 7

1,
, 0,
, 0,
, 0,

I—'Ol—'
oo Rro
oOrH O

, 0,
, 0, O ]

TheTonoBe pilueHHALEe Habip6 0coOONMBOCTI, AKi € TaKNMK:
nip'a, MosI0KO, B NOBITPi, XxpedeT, Nn1aBHUKMU, XBIiCT

BubpasLuu Li ocobnmBocTi 3 16 HaBeaeHUX y Habopi OaHux:
1 - MU3M@HLUMUAU PO3MIPHICTb3aaaui, 2 - MN TaKOX
noKpaweHUnHalla MoaeNbTOYHICTBBIA 91% 00 97%.

BAXKJINBO: Lle eHe py>XXe BennKMnsbinoweHHA abconoTyTouHicTb, AJIEa
yynoso (MOTPIMHO!) cKopoYyeHHA34acToTa NOMMUIOKBIL 9% 10 3% - a



EC nnsa Bubopy dbyHKLil — npukKnan:
Knacudikauyia — EC (GA) —OEMO

CnpoOyuTte BiATBOPUTHU Li pe3ynbTaTu:

1,0,0,1,0,0,1,0,0, 0, 0] npuaaTHicTb = 0,964 TOo4HicTb = 0,97 ocobnmBocTi=61:[0

0,1,0,0,0, O] npuaaTHicTb = 0,963 To4HicTb = 0,97 ocobnumeocTti=72:[1,1,0,
0, 0, 0, O] npuaaTHicTb = 0,963 TOYHICTbL = 0,97 ocobnmeocTi=73:[0,1,0,1, 1,
1, O] npnpaTHicTb = 0,963 TOYHICTb = 0,97 ocobnmeocti=74:[0,1,0,1,1,1,0
npunaaTHICTb = 0,963 To4vHicTb = 0,97 ocobnmsocTi = 7

Max and Average fitness over Generations

_// /

’ ’

=
B
=]

Max [ Average Fithess




3MICT

PekomMmeHpoBaHI a)xepena

EA (GA) ona subopy pyHKLIN — YOMY?
Tunun npobnem ona sBndopy PyHKLII:
Perpecia: npobnema ®pigmaHa-1

Knacn4He pilieHH4

PiweHHsa EA (GA).

Knacudoikauia: npobdbnema TBapuH
KnacnyHe pilieHH4

PiweHHa EA (GA).
Pe3ioMe




EC nnsa Bubopy pyHKLil —
Pe3ioMe

EC (GA) MO)XHa epeKTUBHO 3aCTOCYBaTU OO0 KJIACUYHUNX
npob6,sieM MaLUMHHOIO HaBYaHHA Nif KEPIBHULTBOM:

- perpecifi(BnkopuctaHHsa npobnemun perpecili PpigmaHa-1)
i
— Knacudikauia(BMKopuctaHHa knacudikauii teapuH Habopy gaHux UCI)

ons
- BUOIp PyHKUiI
abo
- 3M@HLUEeHHSA PO3MIPHOCTI

3 MeTOlO:
— 3MeHLWeHHAMSE
abo
— 30iNbLUEHHA CepeaHbOroTO4YHICTh.



OCHOBM €BOJIIOLIMHUX ODUYUCNEeHb

OCHOBM €BOJIIOLIMHOIo O0UYMC/IeHHA

Jlekuia 04. EC ona MalLIMHHOINo HaB4YaHHA

— lNnepnapaMmeTpuiHa HacTpPoOUKa

(3a MOTMBaMM XonnaHpga, Xanena Pawunpa, beHa dininca, Eana
BipcaHCbKOro Ta IH. npaui)



3MICT

PekoMeHpoBaHI pg)Xepena
EA (GA) onga HanawTyBaHH4A rineprnapaMmeTpiB — 4oMy?
Tunn npobnem onga snbopy o3Hak
Mpuknapg 3agadi Knacudikawiil

® Habip maHunx UCI Wine

® rinepnapameTpunyHa HacTpolKa

KnacunyHi pilieHHs

® NEMO 1 - 3HayeHHs 3a 3aMOBYYyBaHHAM

®* DEMO 2 - Po3lWnpeHnn nowyk y citul
PiwweHHa EA (GA).

®* IEMOHCTPALIA 3 — MNMowyk Ha 6a3i GA

* NEMO 4 — Direct GA

Pe3ome




PekoMeHAaoOBaHI pa)xepena
— KHUuMm

KHurm (HaykosBi):
['yodennoy l., benrio HO., Kypsisib A. Ta beHrio HO. (20106).
[nnboke HaB4YaHHKeMbpunox: MIT Press
LLluToBaHO B 23692 p>xepenax.

KHuru (3 kogamu Ha github):
AnaH ®oHTenH (2018)CBOEHHS IHTEeNeKTyasibHOI aHaNITUKN
scikit-learn i TensorFloRackt Publishing.

TaHau Arpasan (2021QnTuMmisauia rineprnapaMeTpiB Yy
MaLIWHHOMY HaB4YaHHi: 3p0biTb CBOE MALLMHHE HAaBYaHHSA rNOOKM
EcbeKTuBHILWI Moaeni HaB4YaHA@GIress



PeKkoOMeHAOBaHI g)kepena -

N OKYMeHTM Ta Habopu paHuXx

NMpuknap npodbnemn Ta Habopy pmaHUX

Habip aaHnx UCI Wine(https://archive.ics.uci.edu/ml/datasets/wine )

C. Abepxapa, . KymaHc i O. ne Ben,
[MopiBHAHHSA KslacuikaTopiB y napaMeTpax BUCOKOI PO3MIipBRATI
MpenctaBHMK Ne 92-02, (1992), Kathenpa KoMM'tOTEPHUX HAYK | Kadheapa MaTeEMaTUKN
| cTaTUCTUKNK, YHiBepcuTeT [)kenmca Kyka liBHi4HOro KeiHCcneHaa.
HaHi 6ynn BUKOPUCTaHI ON18 NMOPIBHAHHSA Pi3HMX KNacudikaTopis.

(RDA: 100%, QDA 99,4%, LDA 98,9%, 1NN 96,1% (naHi z-nepeTBOpPEHHA))

(Yci pe3ynbTaTn 3 BAKOPUCTAHHAM TEXHIKN «MPONYyCKaHHSA O4HOIr0»)

BineHko Muxauno(KepisHuk Bigginy LI Ta pocnip>xenb AHpekc) i Cyrato bacy i
PevmoHAa [O)K. MyHiHTerpauia obMexxeHb | METPUYHOro HaB4YaHHA B Hani.-
KOHTpOJIbOBaHa KnactepusaliML. 2004 pik.

Kamanb Ani Ta Mankn Ox. MNauuvaBMeHLeHHS MOMWUJIOK 3aBASAKN MHOXXWHHOMY HaBYaHHIO
OnucuMalunHHe HaB4YaHHSA, 24. 1996



3MICT

PekomeHpoBaHI goxXxepena
EA (GA) opna HanawTyBaHHA rinepnapameTpiB — 4YomMy?
Tunn npobnem onga snbopy o3Hak
Mpuknapg 3agadi Knacudikawiil
® Habip naHux UCI Wine
® rinepnapameTpunyHa HacTpolKa

KnacunyHi pilieHHs

¢ HEMO 1 - 3Ha4yeHHS 3a 3aMOBYYyBaHHAM

®* DEMO 2 - Po3lWnpeHnn nowyk y citul
PiwweHHa EA (GA).

®* IEMOHCTPALIA 3 — MNMowyk Ha 6a3i GA

* NEMO 4 — Direct GA

Pe3ome




EBonouinHi obuncnenna (EC) — pns
HaJlalWWTyBaHHA rinepnapamMmeTpiB — 4YoMy?

KOHTpPO/1IbOBaHE HaB4YaHHA:

pobo4un npouec :MmopenboTpuMye HabipBxoaun, 13BOHNBOCODAMBOCTI, |
Bigobparkae 1x y Habipsuxoam.
YCneHCbKMUM : iHPopMaLlis, onncaHa BOCODAIMBOCTIEKOPUCHUM B NN
BU3Ha4YeHHS BapTOCTI BianosiagBuxoaun. Mopenb : HaB4YaHHA €
KopuryBaHHA(abo HanalwTyBaHHSA).BHYTPIWHI napaMeTpuMmoaeni ans
BUPOOHMLTBaba>kaHi pe3ynbTaTmny BiAMNOBiAb Ha3aAaHi Bxoau. 1719 LbOro
KOXXEeH Tun Mmoaesni HaB4aHHS Nig KepPiBHULTBOM CYMNPOBOAXKYETLCA a
AJITOPUTM HaBYaHHALLOITEPATUBHO KOPUIYENOIro BHYTPIWLHINMapaMeTpm
nig Yac pa3m HaB4Y4aHHA (abo HaBYaHHSA).
PeanbHicTb :AJIE...OinbWicTb MOAenen MatloTb iHWKWA HabiprinepnapaMmeTpuUsaki
BCTaHOBJIEHIpaHiWeHaB4YaHH4, | BOHM BMJnMBalOTb Ha cnocib HaB4aHHSA! 3a3Buuyan:
rinepnapamMeTpiB € AesKi3HAYeHHA 3a 3aMOBYYBaAHHAMLLO BCTYMNUTb B CUNY
SKLWO MW crneuiaJibHO He BCTAHOBUMO IX iBOHU €EHe onTUMaJZibHUK!

ToMy HaMm noTpibHOHaNawTyBaHHA rinepnapameTpis!



EC nna HanawTyBaHHA rinepnapameTpiB —

Buroamu Ta HakKnagHi BUTpaTH

NepeBarm:
-3MEeHLIEeHHA NoxXnbok (BTpavyeHol QyHKLUil) mooeni

MigBULWEHHSA TOYHOCTI Mmoaeni

Yac HaB4YaHHSA Mo4esien KOPOTLLUUN.

HaknapHi BuTpaTu:
Mo>knmBa KiflbKiCTb KOMbBIHaUiW rinepnapamMeTpiB MOXXe

OyTn oyXxe-nyxxe BeNn4YesHUM.

TMowykK Hankpauwimx KoMbiHaLin rinepnapamMeTpis
(HanawTyBaHHS rineprnapamMmeTpiB) 3aMa€ 3Ha4YHY KiNIbKICTb 4acy.



3MICT

PekomeHpoBaHI goxXxepena
EA (GA) onga HanawTyBaHH4A rineprnapaMmeTpiB — 4oMy?

Twvunun npodbnem ansa Budbopy o3HakK
Mpuknapg 3agadi Knacudikawiil

® Habip naHux UCI Wine

® FinepnapameTpuyHa HacTpolika

KnacunyHi pilieHHs

¢ HEMO 1 - 3Ha4yeHHS 3a 3aMOBYYyBaHHAM

®* DEMO 2 - Po3lWnpeHnn nowyk y citul
PiwweHHa EA (GA).

®* IEMOHCTPALIA 3 — MNMowyk Ha 6a3i GA

* NEMO 4 — Direct GA

Pe3ome




EC nna HanawTyBaHHA rinepnapameTpiB —
Tun npodonemm - Knacudikauis

EC (GA) MO)XHa epeKTUBHO 3aCTOCYBaTU OO0 KJIACUYHUNX
npob,s1ieM MaLUMHHOIO HaBYaHHA Nig Har1A9400M:

— Knacudikania(BukopuctaHHa knacudikauii Habopy gaHmx UCI Wine)

a4

— HaNawTyBaHHA rinepnapaMmeTpisB

3 MeTOlO:
— 3MeHLWeHHAMSE
abo
— 30iNbLUEHHA cepefHbOroTO4YHICTb.



3MICT

PekomeHpoBaHI goxXxepena
EA (GA) onga HanawTyBaHH4A rineprnapaMmeTpiB — 4oMy?

Tunn npobnem onga snbopy o3Hak
Mpuknap 3apayvi knacudikauil
® Ha6ip paHux UCI Wine
® rinepnapameTpunyHa HacTpolKa

KnacunyHi pilieHHs

¢ HEMO 1 - 3Ha4yeHHS 3a 3aMOBYYyBaHHAM

®* DEMO 2 - Po3lWnpeHnn nowyk y citul
PiwweHHa EA (GA).

®* IEMOHCTPALIA 3 — MNMowyk Ha 6a3i GA

* NEMO 4 — Direct GA

Pe3ome



EC ona HanawTyBaHHA rinepnapaMmeTpiB —

NMpuknap: NMNpobnema kKnacudikauii BUHa

Lle knacnyHum npuknan npodbnemm knacudikauil.

UCI

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Wine Data Set

Download: Data Folder, Data Set Description

Abstract: Using chemical analysis determine the origin of wines

Data Set Characteristics: Multivariate Number of Instances: | 178 || Area: Physical

Attribute Characteristics: | Integer, Real || Number of Attributes: | 13 Date Donated 1991-07-01

Associated Tasks: Classification || Missing Values? No || Number of Web Hits: || 1602802
Source:

Original Owners:

Farina, M. et al, PARVUS -

An Extendible Package for Data Exploration, Classification and Correlation.

Institute of Pharmaceutical and Food Analysis and Technologies, Via Brigata Salerno,
16147 Genoa, ltaly.

Habip gaHunx UCI Wine (https://archive.ics.uci.edu/ml/datasets/wine)



EC nna HanawTyBaHHA rinepnapameTpiB —
Knacudikauia BuHa —Habip paHux

3aranbHa iHcpopmMauisa npo Habip paHux:
LLi gaHI € pe3ynbTaTaMmy XIMIYHOIO aHaJsli3y BUH, BUPOLLEHUX TaM Xe
perioH B ITanil, ane noxoanTb BiA3 Pi3HUX COPTM.

AHani3 BU3HA4YMB KiJIbKICTb13 CKNapoBUX3HANOEHO B KOXKHOMY 3
3 BUAOWN BUHA.

- Y KOHTEeKCTI Knacudikauil ue nobpe noctasneHa npobnema 3 "nobpe nosoamsecsa”
KJ1aCOBI CTPYKTYpW.

- Xopowunn Habip AaHUX ANs NepLoro TeCTyBaHHA HOBOro KjacudikaTopa, ajie He AyXKe CKAAAHUNA.



EC ona HanawTyBaHHA rinepnapameTpiB —
Knacudikauisa BsuHa —Habip paHux

IHbopmMauia npo aTtpubyT (hyHKLIiIO):
1) AnkoroJsb

2) Abny4yHa KncnoTa

3) 3ona
4) JIY>KHICTb 30711
5) MarHin
6) 3aranbHi heHoNn
7) ®naBoHOIOU
8) HedbnaBoHOIAHI dheHONMN
9) MNMpoaHTOoUIaHM
10) IHTEHCUBHICTb KONILOPY

11) BiaTiHOK

12) OD280/0D315 po3baBneHnx BuH
13) MNponiH

IneHTudikaTop Knacy: OguH (0-n) atpmbyT € ineHTUgiIiKaTopom knacy (1,2,3)



3MICT

PekomeHpoBaHI goxXxepena
EA (GA) onga HanawTyBaHH4A rineprnapaMmeTpiB — 4oMy?
Tunn npobnem onga snbopy o3Hak
Mpuknapg 3agadi Knacudikawiil
® Habip naHux UCI Wine
® PoGouuM npouec i HanawTyBaHHA rinepnapaMmeTpis

KnacunyHi pilieHHs

¢ HEMO 1 - 3Ha4yeHHS 3a 3aMOBYYyBaHHAM

®* DEMO 2 - Po3lWnpeHnn nowyk y citul
PiwweHHa EA (GA).

®* IEMOHCTPALIA 3 — MNMowyk Ha 6a3i GA

* NEMO 4 — Direct GA

Pe3ome




EC ona HanawTyBaHHA rinepnapameTpiB —
Knacudikauia BuHa —npobnema

NMoxop >KeHHA: LeKJlaCMYHUUNpuknagnpoobnema knacudikauii, ne
BXiAHI OYHKLLT MOBUHHI ByTK 3icTaBNneHi3 KaTeropii/MiTku.

BxipHi paHi: BCi XapaKTepucTmnkn (B1acTUBOCTI BUHA) E0e3nepepBHUM.

Buxopnu: oaHa ocobnmBIiCTb -Knac-
npencTtaBngde 3 Kateropil (KysabTUBapMU).

Linbca:noizpamoaens knacudikauiiHa uboMy Habopi gaHux c13 ocobnuBocTen
nonepepnbadyumTusHavyeHHADYHKLIA O(KynbTUBap).



Knacudgikauia BUHa —
podouun npouec

1) HaBaHTa>xXxeHHaBHO UCIHabip paHux3a ctaHgapToMread csvyHKUia (3 ur
‘https://archive.ics.uci.edu/ml/machine-learning-databases/wine/wine.data').

2) Po3pinuTunaaHi BBBeEHHAXaPaKTEPUCTUKIN (Nepwi 13 cToBnuis, WO 3aJMWNANCS) |
pe3ynbTyodiBuXipKaTeropia (nepwun ctosneub). Toai 3aMiCTb Ppo34i/iIeHHS AaHUX Hal
TPEeHYBaAHHABCTAHOBUTHU il TecTset, Ak Mn pobunm B nonepeaHLOMy npuknagi, Mum
BUKOpUcToByeEMAK-KpaTHa nepexpecHa nepesifiaii-po3aineHi H3IBHI HaCTUHMN |
MoAeNb OUIHIETbCHpA3IB:

(k-1)4acTnHn anaHaB4YaHHAIl4acTUHa, WO 3aauwnniaca ana tectyBaHHsa (abonepesipka).

3) CrBopMTUKIaCUPiKaLisMOoaenb...MOXXHa BUKOPUCTOBYBATMW Pi3HI Moaeni...
AdaBoostClassifiers ubomy npuknaai.

4) BU3HAQYUMTM NPOAYKTUBHICTbBUKOPUCTAHOI Moaeni perpecil ana Habopy
BubpaHorinepnapameTpu3@aovdHicTMeTpuKa*.

* JTouyHicTb-4YacTMHa crnpas, AKi 6ynm kKnacndikoBaHi NpaBuJibHO. ABULLLE3HAYEHHS
LLbOr0 BMMIPIOBAHHA BKa3yeEKpaLWia NPOAYKTUBHICTbMOLEIII.



Knacudgikauia BUHa —
NnepnapaMeTpuyHa HaCTPOUKa

Po3rnasHeMo pgeTanbHille uen etan:
3) CTBopuTUKIaCcUpiKaLlisMoaesb...MOXXHa BUKOPUCTOBYBATW Pi3HI Moaeri...
AdaBoostClassifiers ubomy npuknaai.

TheapanTuBHun anropuTm niasuwiéidaBoost
LLe NoTy>XHa moaenb ML, AKaKOMOANMHNBBUXOANMHOXXNHHNXEK3eMNAAPMUNPOCTOro
anroputmy ML (cnabkmin HaB4a€eTbLCA) i3 BUKOPUCTaHHAM 3Ba>KeHol cymu. AdaBoost
NoOa€E ek3eMnaapnm cnabkoro y4yHs nig 4ac npouecy HaBYaHHS, KOXKEH 3 9KUX €
HajlalWTOBAHO OJ19 NOKPALLEHHS paHile HernpaBuibHO KJlacngikoBaHUX BXiOAHUX
naHux. Mmn 6ynemo BukopuctosyBaBklearfhibniote4yHa peanizauia AdaboostClassifier

3 JesKUMIN rineprnapaMmeTpamu:

L. Default
Name Type Description
YP P Value

n_estimators |int The maximum number of estimators 50

. Can be used to shrink the contribution of each
learning_rate|float g 1

classifier

, {'SAMME ', 'SAMME .R' —uses a real boosting algorithm,

algorithm 2

'SAMME.R'} 'SAMME ' —uses a discrete boosting algorithm




3MICT

PekomeHpoBaHI goxXxepena
EA (GA) onga HanawTyBaHH4A rineprnapaMmeTpiB — 4oMy?
Tunn npobnem onga snbopy o3Hak
Mpuknapg 3agadi Knacudikawiil
® Habip naHux UCI Wine
® rinepnapameTpunyHa HacTpolKa

KnacuyHi pilleHHA

¢ LEMO 1 - 3Ha4YeHHA 3a 3aMOBYYBaHHAM

*DEMO 2 - Po3LuMpeHMH NOoWwyK y ciTui
PiwweHHa EA (GA).

®* IEMOHCTPALIA 3 — MNMowyk Ha 6a3i GA

* NEMO 4 — Direct GA

Pe3ome




Knacudikanisa suHa —Knacu4yHuMm cnocid

Mo4yHeMOo 3 ABOX KJIACUYHUX nipaxoaniB:

-3HA4Y€HHA 3a 3aMOquBaHH;|Mrir|epr|apaMeTpiB Moaeni:
{'anroputm': 'SAMME.R', 'wuBMaKicTb_HaB4aHHA':1.0, 'n_estimators':50,
‘random_state': 42},

-MOLUYK MO CiTui3zHauKpawii WiHHOCTIrinepnapameTpis Moaeni:
AnroputMm—2 MOXJIMBI 3Ha4YeHHA «SAMME» | «<SAMME.R»,
WBMAKICTL HaBYaHHA-10 3HavyeHb i3 norapnmMivyHUM iHTEpBasIoM
Mix 0,01 (1011 (160),

n_estimators->10 3Ha4yeHb, NiHINHO po3TawoBaHux MiX 10 100,

Bcboro: 200 = (10x10x2) pi3HUX KOMDiHaUiN NapaMeTpiB CiTKW.




Knacudgikauia BUHa —
KnacuyHum cnocio — AEMO 1i 2

Pe3ynbraTtm:

OEMO 1- 3Ha4yeHHA 3a 3aMOBYYBaHHAM: 3Ha4YeHHA
rinepnapameTpa KnacudikatTopa 3a 3aMOBYYBaAHHSAM:
{'algorithm': 'SAMME.R', 'base_estimator': Hemag, 'learning_rate': 1,0,
'n_estimators': 50, 'random_state': 42} OuiHka (3i
3HAa4YeHHAMUN 3a 3amMoBYyBaHHAM) = 0,6457142857142857
HYac, wo MmmnHyBe = 0,4167492389678955

OEMO 2- NMicnsa gridSearch:
Hankpawi napameTtpu: {'algorithm': 'SAMME.R', 'learning_rate":
0,3593813663804626, 'n_estimators': 70}
OuiHka (nicnga gridSearch): 0,9325842696629213
Yac, wo MmnHyBe = 74,51628732681274

CnpoOy#Te BioTBOPUTHU Ui pe3ynbTaTn!




Knacudgikauia BUHa —
KnacuyHum cnocio — AEMO 1i 2

[licna HaB4YaHHA/TecTyBaHHSA - auBtest.gridTest()dyHkuia B8 DEMO-koai:
- mopenb eAdaBoostClassifier-knacudikaTtop

-5-KpaTHa nepexpecHa nepesipKa

Pe3synbTaTm:

OEMO 1- 3Ha4eHHA 3a 3aMOBYYBaHHAM:

3Ha4YeHHA rinepnapamMmeTpiB Moaeni:
{'algorithm': 'SAMME.R', 'learning_rate':1.0, 'n_estimators':50,
‘random_state': 42}

Tou4HICcTb: 0,65%
Yac, wo MUHYB =0,42ceKyHpA

OEMO 2- Micna gridSearch: Hankpauwii

3Ha4YeHHA rinepnapamMeTpiB:
{'algorithm': 'SAMME.R', 'learning_rate':0,359, 'n_estimators':70}
TO4YHICTb: 0,93%
Yac, wo MUHYB =74cekyHpa CnpobyuTre

BiATBOPMUTM L pe3ynbTaTn!




3MICT

PekomeHpgoBaHI gxxepesa
EA (GA) onga HanawTyBaHH4A rineprnapaMmeTpiB — 4oMy?

Tunn npobnem onga snbopy o3Hak
Mpuknapg 3agadi Knacudikawiil

® Habip naHux UCI Wine

® FMinepnapameTpuyHa HacTpoKKa

KnacunyHi pilieHHs

¢ HEMO 1 - 3Ha4yeHHS 3a 3aMOBYYyBaHHAM

®* DEMO 2 - Po3lWnpeHnn nowyk y citul
PiweHHsa EA (GA).

* NEMOHCTPALLIA 3 — NowykK Ha 0a3i GA

*NEMO 4 — Direct GA

Pe3ome




Knacudgikauia BuHa —EC (GA) Cnocobnm
BioMiHHICTb Big KJ1IAaCU4YHUX CNOCOOIB

TheBiAMIHHOCTIBIAKJTIACUYHUMNPILLIEHHS:
1)XpoMmocoMmu—HeonHopinHUMUHabopn BnbpaHnxaHa4eHHnA
rinepnapamMmeTpm:

-n_estimators 3HaYyeHb-CN1cokK1l0 uwinux yucen
-lWBMAKICTb _HaB4YaHHA-pA4 10nnaBae,
-@JITOPUTM-CMNCOK2 CTPYHM

2)PiTHec-pyHKLIA (FF)-noBepTae moaoenicepenHs TOYHICTb

3)Buoip
- TYPHIipBinbip 3 TypHipoMpo3Mip 2
- eniTapHicTtb, neszan cnasm (HOF)y4yacHUKN - gitodiHAUMKpaLWMKU ocobu -
€3aBXX,AMU NPOXOAMNIJIN HEAOTOPKAHUMMU 0 HACTYMNHOI0 NOKOJIIHHA

4)EBonouinHI (reHeTU4YHi) onepaTopm
- KpocoBepi
- MyTauifaonepaTopu
AKI creuianiayloTbCa Ha XpoMoCoOMax



Knacudikauia suHa —EC (GA) Cnocobw
— CiTka Ta Direct

Mo>xnuBi niaxoam Ha ocHoBi EC-GA:

-Mowyk y ciTui Ha ocHoBiI GA:
LUyKaTncepenscnoyaTtky Bubpano200 KoMOiHaLLIW CITOKTIJIbKM,

-npaMunGA:
LyKaTn 6e3nocepegHbOBECh NPOCTIp NnapaMeTpis, pe
KOXXEH rineprnapameTp Moxxe byTu npencrtaBieHnin
K 3MiHHa, sika 6epe y4yacTb y NOLUyKY,
IXpoMocoMaMoXe byT anoeaHaAHHA3BCEL| 3MiHHI.



Knacudikauia BuHa — LLUnaxu EC (GA).
3.Grid-nowyk Ha ocHoBl GA — EMO 3

3)MowyK y ciTui Ha ocHoBI GA:

***************************

- - - Po3BuBanTecs B 200 MOXAMBUX KOMDBIHaLisAX ---
reH nevalscep XxB MaKC crana
0 20 0.708427 0.117978 0.910112 0.265992

13 0.865169 0.662921 0.926966 0.0717915
15 0.887921 0.646067 0.926966 0.0571676
12 0.896348 0.679775 0.926966 0.0526256
16 0.918539 0.88764 0.926966 0.0110233
9 0.911517 0.730337 0.926966 0.0425958
Hankpauwia ocoba: {'n_estimators': 60, 'learning_rate': 0,59948425031894p¢
‘algorithm': 'SAMME.R'} 3
BignoBigHICTO: 0,9269662921348315
Yac, wo MnHyB = 24,287983655929565

CnpobyuTe BiaTBOPUTHU Ui pesynbTaTH!



Knacudikauia BuHa — LLUnaxu EC (GA).
3.Grid-nowyk Ha ocHoBl GA — EMO 3

3)MowyK y ciTui Ha ocHoBI GA:
LyKaTucepenscnovyaTky BuopaHo200 KkoMbiHaUIW CITOKTINIbKMK
GA-napameTpum:
nonynsauia_size=20,
gene_mutation_prob=0,30,
PO3MIp TYpPHIpYy=2,

KiNbKICTb MOKOMIHb=5

Pe3ynbTaTm:
3Ha4YeHHA rinepnapaMeTpiB Moaeni:
{'algorithm': 'SAMME.R', 'learning_rate':0,5995, 'n_estimators': 60,
‘random_state': 42}
To4HICcTb: 0,93%
Yac, Wo MUHYB =24CeKYyHA NpPoTArom 6 nokoniHb (nop. 3gridSearchg?’
CeK, aje ue 3aMMaETIJIbKMU 2NOKOJIiHHA -8 ceKyHA!- nNA BOCArHEeHHA MaKCMMaJibHOI TOYHQCT

CnpobyuTe BiaTBOPUTHU Ui pesynbTaTH!



Knacuogikauia BsuHa —EC (GA) Ways 3.
pip-nowlykK Ha ocHoBi GA — 1EMO 3

BUCHOBKM:
MowykK y ciTui 3a gonomoroto GA MoXXe 3HauTu TOW CaMUN HaWKpaLwnin pesysbTaT
(3HaMOEeHO KJTACUYHUM MOLLYKOM),
ane B ay 6 pasiB (!) wBnpwe-npnbnmsHo 12 cekyH (2 NOKONIHHA).

AJIE...B peasibHUX CUTYyaULiaxX:
-Habopu paHunxbaraToOiNbLUMKA,
-MmopenibinbwecknapHi, |
-CiTKM rinepnapamMeTpiBeGinbLINMK!

-OCb HOMYBUYEPMHUMUKIIACMYHUUNOLUYK NO CiTuiMo)Xe ByTMHenoMipHO [0Bro,
To4i sKKkepoBaHuM GANOLWYK MO CiTUWiMOXe A0CArTUXopoLli pe3ysibTaTHU
B ME)XXaX apO3yMHMUM CTPOK.

AJNIE TyT...GA 0OMeEXYI0TbCA MiIAMHOXWHOK rinepnapamMmeTpiB
3Ha4YeHH4, AKiI BU3HA4YaloTbCA CITKOIO.

HasanTe WYKaTUN 3a MeXaMi CITKMN NiIAMHOXWUHWN nonepegHbo BU3Ha4YeHNX 3Ha4YeHb?



Knacudikauia suHa —EC (GA) Cnocobw
4.Direct GA — DEMO 4

4)NMpaMmunGA:
LUyKaTn be3snocepeaHbOBeChb NPOCTip napaMmeTpis, pe
KOXXEH rineprapameTp Moxxe OyTu npencraBieHnin
K 3MiHHa, sika 6epe y4yacTb y NOLIyKY,
IXpoMOcoMaMoXXe ByT anoEAHaAHHA3BCEL, 3MiHHI.

Ham noTpibHO NpeacTaBuUTU KOXKEH rinepnapaMeTp K YACJ10 3 MJ1IaBato4yoo KOMOIO,
He3asIeXXHOo Big NOro akTUYHOro TUny:

-n_estimators-cnoyaTKy aHuUine YMcno—sBiH Oyne npeacrasseHVA anJsiaBaTH
3Ha4YeHHs Baiana3oH [1, 100],
-LUBUAKICTb_HaB4YaHHA-B)Xe anJlaBaTHU, TOMYy KOHBepPTaLis He NoTpibHa — BoHa byne
npus'asaHnin gomianasoH [0,01, 1,0],

-QNIrOPUTM-MATU OlHE 3 ABOXPAMOK3Ha4YeHHd, 'SAMME' abo 'SAMME.R' -
ue i bynge npeacrasseHoO ansaBaTuydncno B aiana3oHi[0, 1].



Knacudikauia BuHa — LLUnaxu EC (GA).
4.Direct GA — DEMO 4

4)Direct GA -Pe3synbTaTm:

***************************

reH Ma KC cepenHe
20 0,92127 0,841024
14  0,943651 0,900603

13 0,943651 0,912841

14 0,943651 0,922476

15 0,949206 0,929468

13 0,949206 0,938563
HYac, wo MnHyB = 46,62226867675781

- Hankpalye pileHHS:

params = 'n_estimators'= 69, 'learning_rate'=0,628, 'algorithm'=SAMME.F
To4HicTb = 0,94921

CnpobyuTe BiaTBOPUTHU Ui pesynbTaTH!



Knacudikauia BuHa — LLUnaxu EC (GA).
4.Direct GA — DEMO 4

4)NMpamun GA 3 GA-napaMmeTpaMu:
nonynsuia_size=20,
gene_mutation_prob=0,50,
NMMOBIPHICTb KpocnHroesepy = 0,90,
PO3MIp_TYpPHipy=2,
KINbKICTb NOKONIHb=5
hall_of fame_size=5

Pe3ynbTaTm:
3Ha4YeHHA rinepnapaMeTpiB Moaeni:
{'anroputm': 'CAMME.P', 'learning _rate'.0,628, 'n_estimators':69,
‘random_state': 42}
ToO4YHiIcTb: 0,95%
Yac, o MUMHYB =46CeKyHa npoTAroMm 6 nokoniHb (nop. 3gridSearch:74
Le 3aMMAETIJIbKM 2NOKOJIiHHA -16 cekyHA!- Bo > TOYHICTb CiTKn GA)
CnpobyuTe BiaTBOPUTHU Ui pesynbTaTH!




Knacudikauia suHa —EC (GA) Cnocobw
4.Direct GA — DEMO 4

BUCHOBKM:
-Direct GA MO>XXe 3HanTUKpaLWia TOYHICTb 95%
HI>DXK KNnacn4yHunm (65-93%) i nowyk y citui, kepoBaHuimn GA (93%),

-i BY 4-5 pasiB (!) wBuawe(8 cekyHa A1 2 NMOKOJiHb), HIXK KNaCU4YHNY
TOW CaMUiM YacC OJia NMowyKy B CiTui 3a gonomoroto GA.
NMPUMITKA:BHauKpalwMhU3HayYeHHA rinepnapameTpiB (ons n_estimators i
learning_rate).3a Me>XaMM CITKMUUIHHOCTI!

AJIE ... 3HOBY! ...B peasbHUX CUTYyaUiaAX:
-Habopu paHunxbaraTodinbLIMAM,
-MmopenibinbwecknapHi, |
-CiTKM rinepnapamMeTpiBeGinbLINMK!

@®0cs YOMYBUYEPMNHUUKJIIACUYHMANOLUYK NO ciTuiMoXxe byTMHenoMmipHoO O0Bro,
To4i sSKKkepoBaHuM GANOLWIYK MO CiTUWiMOXe A0CArTUXopoLli pe3ynbTaTHU
B MEXXaX apO3yMHMUM CTPOK.



3MICT

PekomeHpoBaHI goxXxepena
EA (GA) onga HanawTyBaHH4A rineprnapaMmeTpiB — 4oMy?
Tunn npobnem onga snbopy o3Hak
Mpuknapg 3agadi Knacudikawiil
® Habip naHux UCI Wine

® rinepnapameTpunyHa HacTpolKa
KnacunyHi pilieHHs
¢ HEMO 1 - 3Ha4yeHHS 3a 3aMOBYYyBaHHAM
®* DEMO 2 - Po3lWnpeHnn nowyk y citul
PiwweHHa EA (GA).
®* IEMOHCTPALIA 3 — MNMowyk Ha 6a3i GA
* NEMO 4 — Direct GA
Pe3lomMe



EC pna BuOopy 03HaK —
Knacudgikauia —lMopiBHANILHUKA ClOXeT

Max and Average Accuracy (fitness) over Generations

= GA-grid [sklearn) [max)
GA-grid (sklearn} (mean}
— [irect GA (DEAP) {max)
Direct GA [DEAP) (mean)
= Classic gnd search
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CnpobyuTe BioTBOPUTHU Li pe3ynbTaTH!




EC nnsa Bubopy pyHKLil —
Pe3ioMe

EC (GA) MO)XHa epeKTUBHO 3aCTOCYBaTU OO0 KJIACUYHUNX
npob6,sieM MaLUMHHOIO HaBYaHHA Nif KEPIBHULTBOM:

- perpecifi(BnkopuctaHHsa npobnemun perpecili PpigmaHa-1)
i
— Knacudikauia(BMKopuctaHHa knacudikauii teapuH Habopy gaHux UCI)

ons
- BUOIp PyHKUiI
abo
- 3M@HLUEeHHSA PO3MIPHOCTI

3 MeTOlO:
— 3MeHLWeHHAMSE
abo
— 30iNbLUEHHA cepefHbOroTO4YHICTb.



OCHOBM eBOJNIIOUIMHUX ODUYUCIeHb

OCHOBM eBONIOUWINHOIro ooYMcneHHs

Jlekuisa 05. EC pna HeMPOHHUX MepeXx
— ApXiTeKTypa Ta rinepnapamMeTpm

- TIOHIHT

(Ha ocHoBi npaub Varoquaux, Grobler, Rasheed, Phillips,
BipcaHCbKOro Ta IiH.)



3MICT

PekoMeHaoOBaHI p)xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).
Twvnun HanawTyBaHHA NN
Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec
JEMO - HacTtuHa 1: PilueHHA ong HanawTyBaHHA apXxiTeKTypu NN

® BunagkoBe HaCiHHSA

® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)

* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



PekoMeHAaoOBaHI pa)xepena
— KHUuMm

KHurm (HaykosBi):
['yaodennoy l., beHrio HO., Kypsisib A. Ta beHrio HO. (2016).
[nnboke HaB4YaHHKeMbpunox: MIT Press
LLluToBaHO B 23692 p>xepenax.

KHuru (3 kogamu Ha github):
AnaH ®oHTelnH (2018)CBOEHHSA IHTEeNeKTYyas/IbHOI aHalITUKN
scikit-learn | TensorFlotackt Publishing.

TaHan Arpasan (2021QnTuMmisauia rinepnapamMeTpiB y
MalLUMHHOMY HaB4aHHI: 3p0biTb CBOE MaLLNHHE HaBYaHHA rnMboku
EchekTuBHIWI Moaesi HaB4YaHAPress



PeKkoOMeHAOBaHI g)kepena -

N OKYMeHTM Ta Habopu paHuXx

NMpuknap npobnemu Ta Habopy AaHUX

Habip aanumnx UCI Wine(https://archive.ics.uci.edu/ml/datasets/wine )
C. Abepxapa, . KymaHc i O. oe Ben,
[MopiBHAHHSA KJ1lacndgikaTopiB y NapamMmeTpax BUCOKOI PO3MigRBHTI
MpenctaBHUK Ne 92-02, (1992 pik), Kadhenpa KOMM'IOTEPHUX HAYK i Kadepa
MaTeMaTUKN Ta CTaTUCTUKKN YHiBepcuTeTy I>xenmca Kyka liBHi4YHOro KeiHCcneHaa.

Habip aanux UCI Iris(https://archive.ics.uci.edu/ml/datasets/iris ) ®iwep P.A
BUKOPUCTaHHSA KiJIbKOX BUMIPIOBAaHb Y TAKCOHOMIYHMX 3aiaMaNK,
€BreHika, 7, 4actuHa ll, 179-188 (1936 piK); TakoX Yy «BHeckn no maT
CtaTuctmka» (O>xoH Banni, Hoto-Mopk, 1950).

Habip panux UCI wopno paky MOJIOYHOI 3as1034

(https://archive.ics.uci.edu/ml/datasets/Breast+Cancer+Wisconsin+(Diagnostic)) WN
Street, WH Wolberg i OL MangasariaBkcTpakuia saepHol pyHKUIT An4a AiarHOCTUKN
NYyXJANHWU MoJ104HOI 3a103B&T/SPIE 1993 International Symposium on Electronic
Imaging: Science and Technology, Tom 1905, 861-870, CaH-Xoce, KanidopHia, 1993 pik



3MICT

PekomeHOoBaHI o>xepena
EA (GA) pnsa HanawTyBaHHA HeMpPoHHOI MepexXxi (NN).
Twvnun HanawTyBaHHA NN
Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec
JEMO - HacTtuHa 1: PilueHHA ong HanawTyBaHHA apXxiTeKTypu NN

® BunagkoBe HaCiHHSA

® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)

* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



EBonouinHi oouucneHusa (EC) — MLP/
HeupoHHa Mepexa (NN) — BcTyn

BaraTowaposun nepcentpoH (MLP)ue
KOHTPOJIbOBAHN aJIrOPUTM HaB4YaHHSA (LWUTY4YHa
HeupoHHa Mepexa - NN), aknin snedae pyHKEMND Bias
HaB4Yalo4YnCb Ha Habopi gaHunx. laHo Habip o3HXKLiNbLP
BiH MOXXe BMBYaTW anpoKCMMATOpP HeNIHIMHOT YHKLIT
nna knacudikauii abo perpecil.

Mi>K BXIOHUM | BUXIOHUM LLApaMn Moxxe byTu
o4AVH aboOinbLie HeNniHIMHKMX WwapiB, 13BOHNVB

npPuUXoBaHi Wapm.
Features

MaTpuus BarvBa LesKUM iHOEKCOM (X)

npencTtaBiid€ Barosi KoegiuieHTN MiXK LWIapaMuap
H1. YHepeﬂmeHich&} IHOEKCOMIpenCTaBsE yrepea>XeHHs

3Ha4YeHH4A, goaaHi oo wapwl.

MLP BUKOPNCTOBYE3BOPOTHE NOLUUPEHHALNS
HaB4YaHHA. Lle MOXXepOo3pi3HATU He AIHIMHOPO34iNIbHI OaHi.



NN Tuning —

LLlo Take 00’eKTU HaNnawTyBaHHA?

KOHTpOJZIbOBaHE HaBYaHHSA:
pobouun npouec :mopenb (NNTyT)OoTpMmMye HabipBxoamu, 13BOHUB
ocobnueBocTii Binobparkae ix y HabipBuxoam.
YCneHCbKMM : iHhopMaLis, onmcaHa BOCOOIMBOCTIEKOPUCHUM ANA
BU3HA4YeHHA BapTOCTi BianosiaBuxoaun. Mopenb : HaB4YaHHA €
KopuryBaHHA(abo HanawTyBaHHS).BHYTPIiLWLHI napaMeTpm (Baruvy Lwag
NN TyT)mMoneni ana BupobHmuTBaba>kaHi pe3ynbTaTH
y BiAMoBiAb Ha3apaHi BXoAUu. KoXXeH TUn Moaesni HaBYaHHS nig HarnsaaoMm €
y CYnpoBOAi aaAropMTM HaBYaHHALLOITEPATUBHO KOPUIYENOro
BHyTpiWwWHInnapameTpm (Barny wapax NN TyT)nig 4yac HaB4YaHHS. |
binbwicte Mmogenen(NNTyT)MaTu CTpYyKTYpy (ApxiTekTtypa NNTYT:
wapu, 010Kku Ta 3B'A3KMMIDK HUMMU) +rinepnapamMmeTpu
(WBMAOKICTb HAaBYaHH4, ...), AKi BCTaAHOBJIEHIpaHilWeHaB4YaHHS, i BOHU BMJIMBaOTb Ha HbOIO!
3a3Bu4am: EK MoXXHa 3acTocyBaTn A4 NOLWYKY ONTUMaNbHUX: a)Barm, €
rinepnapaMeTpu(sk y nonepenHin nekuii gna ML), c)apxiTekTypa.

BAXKJINBO:HanawTtyBaHHA Barm 3a aonoMmoroio ECHE po3rnanaeTbCcaATyT, OCKIill
BUKOHYETbLCA rPafiEHTHUMN MeTOoaaMMN.



3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).
Tunu HanawtyBaHHA NN
Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec
JEMO - HacTtuHa 1: PilueHHA ong HanawTyBaHHA apXxiTeKTypu NN

® BunagkoBe HaCiHHSA

® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)

* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



NN Tuning —
AKI BUOU TIOHIHIY?

TN HanawTyBaHHA ... ANA Pi3HUX YacTUH NN:
-BHYTPIWHI napaMeTpu:
Barus HH - eHE po3rnapaerbcaTyT, 60 NOro BUKOHYE
rpani€EHTHI MEeTO4N;

-30BHiLUHI NapaMeTpu:
1) NNapxiTekTypa(wapwu Ta By3/i1 B WWapax TyT)
+ BMJIMB PI3HUX ...
- RANDOM SEEDs,
=~ Habopwu paHux,

- MAKCUMAJIbHA KinbKicTb WapiB.

2) NNrinepnapamMeTpu(LWBNAKICTb HAaBYaHHSA, PYHKLIA akTUBaLUil, ONTUMIi3aLis
PO3B’A3yBaY | perynapisayia TyT),

3) NNapxiTektypa +NNrinepnapamMmeTpm.



EC ona HanawTyBaHHA rinepnapamMeTpiB —
Buroam tTa HaknagHi BUTpaATH

NepeBarm:

-3MeHLWeHHSA NoXnbok (BTpadeHol dyHKLLIT) Moaeni
-MiaBnLEeHHS TOYHOCTI Moaeni
- HYac HaB4YaHHA Mo4enen KoOpoTLINN.

HaknapgHi BuTpaTu:

MoxnneeHoMmep3ApxitekTtypu NNilnepnapameTtp NN
KOMOiHaLiT MOXXYTb BYyTUN AyXXe-ay>XeBeJIM4e3HUM.
TMowyk HankpalworoApxitektypu NNIiNN
rinepnapameTpkoMbiHauil (rinepnapamMmeTpryiHa HaCTPOUKa)
npUuMMaE3HaAYHUUCYMMYAC.



3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).
Twvnun HanawTyBaHHA NN
Mpuknap 3apavi knacudikauii
JEMO - HacTtuHa 1: PilueHHA ong HanawTyBaHHA apXxiTeKTypu NN
® BunagkoBe HaCiHHSA
® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)
* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



EC ona HanawTyBaHHA rinepnapamMeTpiB —
Tun npodonemm - Knacudikauis

EC (GA) MO)XHa epeKTUBHO 3aCTOCYBaTU OO0 KJIACUYHUNX
npobsieM MalMHHOI0 HaBYaHHA Nig HarnNa4oM:

— Knacudikania(BukopuctaHHa knacudikauii Habopy gaHmx UCI Wine)

a4

— NN HacTpouka

3 MeTOlO:
— 3MeHLWweHHAMSE
abo
— 30iNbLUEHHA cepefHbOroTO4YHICTb.



3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).

Twvnun HanawTyBaHHA NN
Mpobnema knacudikauii:Habip nauux+ Pobouun npouec
JEMO - HacTtuHa 1: PilueHHA ong HanawTyBaHHA apXxiTeKTypu NN
® BunagkoBe HaCiHHSA
® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)
* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



EC ona HanawTyBaHHA rinepnapaMmeTpiB —

NMpuknap: Npobnema knacudikauii BUHa

Lle knacnyHum npuknan npodbnemm knacudikauil.

UCI

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Wine Data Set

Download: Data Folder, Data Set Description

Abstract: Using chemical analysis determine the origin of wines

Data Set Characteristics: Multivariate Number of Instances: | 178 || Area: Physical

Attribute Characteristics: | Integer, Real || Number of Attributes: | 13 Date Donated 1991-07-01

Associated Tasks: Classification || Missing Values? No || Number of Web Hits: || 1602802
Source:

Original Owners:

Farina, M. et al, PARVUS -

An Extendible Package for Data Exploration, Classification and Correlation.

Institute of Pharmaceutical and Food Analysis and Technologies, Via Brigata Salerno,
16147 Genoa, ltaly.

Habip gaHunx UCI Wine (https://archive.ics.uci.edu/ml/datasets/wine)



EC ona HanawTyBaHHA rinepnapamMeTpiB —
Knacudikauisa BsuHa —Habip paHumx

3aranbHa iHcpopmMauia npo Habip paHux:
LLi gaHI € pe3ynbTaTaMmy XIMIYHOIO aHaJsli3y BUH, BUPOLLEHUX TaM Xe
perioH B ITanil, ane noxoanTb BiA3 Pi3HUX COPTM.

AHani3 BU3HA4YMB KiNIbKICTb1l3 CKNapao0BUX3HANOEHO B KOXXHOMY 3
3 BUOWN BUHA.

- Y KOHTEeKCTI Knacugikauil ue nobpe nocrtasneHa npobnema 3 "nobpe nosoamsecsa"
K1AaCOBI CTPYKTYpW.

- Xopowunn Habip AaHUX ANs NepLoro TeCTyBaHHA HOBOro KjacudikaTopa, ajie He AyXKe CKAAAHUNA.



EC ona HanawTyBaHHA rinepnapamMeTpiB —
Knacudikauisa BsuHa —Habip paHumx

IHpopMauia npo aTpudbyT (pyHKLIIO):
1) AnkoroJsb

2) Abny4yHa KncnoTa

3) 3ona
4) JIY>KHICTb 301U
5) MarHin
6) 3arasibHi heHoNN
7) ®nasoHoOIOU
8) HednasoHoOIAHI deHOoN
9) NMNpoaHTOUiaHM
10) IHTEHCMBHICTb KOJIbOPY

11) BigTiHOK

12) OD280/0D315 po3baBneHnx BuH
13) MNponiH

IneHTudikaTop kKnacy: OguH (0-n) atpnbyT € ineHTUdikaTopom knacy (1,2,3)



3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).
Twvnun HanawTyBaHHA NN
Mpobnema knacudikauii: Dataset +pobouunm npouec
JEMO - HacTtuHa 1: PilueHHA ong HanawTyBaHHA apXxiTeKTypu NN

® BunagkoBe HaCiHHSA

® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)

* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



EC ona HanawTyBaHHA rinepnapamMeTpiB —

Knacudikauis BMuHa —pobo4uu npouec

NMoxop>KeHHN: LeKnacuyHuMUunpuknaanpoonema knacudikauii, ae
BXiAHI OYHKLLIT MOBUHHI ByTK 3icTaBneHi3 KaTeropii/MiTKu.

BxigHi paHi: BCi XapaKTepucTmkin (BNacTUBOCTI BUHA) EOe3nepepBHUMN.

Buxopnu: oaHa ocobnmBIiCTb -Knac-
npencTtaBngde 3 Kateropil (KysabTUBapMU).

Linbca:noizpamopend KnacudgikauiiHa ubomy Habopi gaHnx cl3 ocodbnuBocTen
nonepepnodbauymMTusHavdeHHAMYHKLIA O(KynbTUBap).



NN Tuning —
Knacudgikauia BUuHa —pobo4yun npouec

1) HaBaHTaxxeHHaBnHO UCIHaOip maHuMx3a cTaHpgapToMmread _csvdyHKLUida (3 ur
‘https://archive.ics.uci.edu/ml/machine-learning-databases/wine/wine.data').

2) Po3pinuTngaHi BBBeEHHAXaPaKTEPUCTUKIN (Nepwi 13 cToBnuis, WO 3aJNWNINCS) |
pe3ynbTyodiBuXipKaTeropia (nepwun ctosneub). Toai 3aMiCTb Ppo34i/iIeHHS AaHUX Hal
TPEeHYBAHHABCTAHOBUTHN i1l TecTset, 9Kk M pobunn B nonepeaHbLOMY npuknagi, Mum
BUKopucToByeMdk-KpaTHa nepexpecHa nepesipiai-po3aisieHi H¥IBHI YaCTUHM |
MoLe b OLIHIOETbCHPA3IB:

(k-1)4acTnHn onsgdHaB4YaHHAIlYacTUHa, WO 3aanwmnnaca g TectyBaHHA (abonepesipka).

3) CTtBopuTUHKIaCU(iKaLisMOoaesnb...MOXXHa BUKOPUCTOBYBATW Pi3HI Moaeri...
Baratowaposuu nepcentpoH (MLP)B ubomy npuknaai.

4) BU3HAUYMTU NPOAYKTUBHICTBBMKOPUCTAHOI Moaeni perpecil ans Habopy
BubpaHorinepnapamMeTpm3so4yHicTMEeTpUKa*,

* JTouHiCcTb-4YacTMHa cnpas, AKi 6ynm kKnacnudikoBaHi NpaBusibHO. ABULLL@3HAYEHHS
LbOro BUMIPIOBaHHA BKa3yeEKpaWia NPOAYKTUBHICTbMOLEII.



3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).
Twvnun HanawTyBaHHA NN
Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec
JAEMO - HacTtuHa 1: PilueHHA oNnAa HanawTyBaHHA apXxiTeKTtypu NN
® BunagkoBe HaCiHHSA
® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)
* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



AEMO — YHYactuHa 1: HanawTtyBaHHA apxiTeKkTtypu N
— Lllapu Ta By3/1u

Mun obmexxyemo NN no4npuxoBaHUX LIapiB, XpoMmocoMa byae:
[nnpd, |,
TYT,l NO3HAYa€ KiNbKICTb BY3/iB y wapin 1 0o 4. LLlob KoHTpotoBaTH
KiNbKICTb NpuxoBaHUX wapis y NN, neskmsoxxe 0yTu

0 abo <O ... ue o3Havya€e ->0inbWwe HeMae wapisbyae nonaHo oo HH.
[Toukang edkmux XpoOMOCOM:
[10, 20,-5, 15] -> kKopTex (10, 20) ockinbKn-53aBepLuye nigpaxyHoK wwapi
[10,0, -5, 15] -> kopTex (10, ) ockinnbknO3aBepLIYE MigpPaxXyHOK LUap
[10, 20, 5,-15] -> kopTex (10, 20, 5), ockinbkn-153aKiH4ye BigJiK.
[10, 20, 5, 15] > kopTex (10, 20, 5, 15).




AEMO — YHYactuHa 1: HanawTtyBaHHA apxiTeKkTtypu N
— Lllapu Ta By3/1u

Mun obmexxyemo NN nod4nprxoBaHUX LapiB, XxpoMocoMa byne:

[nnor,
TYT,N NO3HAYa€ KiNIbKICTb BY3/iB y wapin 1 0o 4. LLlob KoHTpotoBaTH
KiNbKICTb NpuxoBaHUX wapis y NN, neskmsoxxe 0yTu :
0 abo <0 ... ue o3Ha4vyae ->binbwe HeMae wapiBbyage nogaHo oo HH.
[MTpuknaa gedkmux XpoMoCOM:
[10, 20, -5, 15] -> kopTex (10, 20), ockinbkn -5 3aBepLuye nigpaxyHoOK LUAPIB.
[10, O, -5, 15] -> kopTex (10, ), ockinbkn 0 3aKIHYYE nigpaxyHoK wapiB. [ 1(

20, 5, -15] -> kopTex (10, 20, 5), ockinbkK -15 3aBepLuye nigpaxyHoK.

[10, 20, 5, 15] > kopTex (10, 20, 5, 15).

NOorapaHTifawo exoya 6 1 npuxoBaHUM wap,l-u
napameTp (10ocb3aexau >0.
ThelHWI NapaMeTpy WWapyMoXXe MaTpPI3HI po3noainu
6711M3bKO O ... HOMY ... KOHTPOJIIOBATW CBOI LLUAHCU CTaTn Nigepom
KIHLUEBI NnapamMeTpu.



NEMO -HacTtuHa 1:

PiLueHHA ANnA HaNawTyBaHHA apxiTeKTypu NN

Pe3ynbraTm:

OLEMO 1— 3HauyeHHsA rinepnapamMmeTpiB MLP 3a 3aMOBYYyBaHHAM.

dkkkkkokkkkkokkkkkREkokkokkkkkk

gen nevals max avg

20

17

15

16

17

14

17

14

16

17
0 15
Time Elapsed =
Best solution is:
Accuracy = 0.76984
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il
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CnpobyuTe BiaTBOPUTHU Ui pe3ynbTaTH!
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. 769841
. 769841
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769841

2.1906521320343
‘hidden layer sizes'=(13, 4, 7)

ool oNoBoNoNoRoONOoNONO

.284063
.473413
.606905
.659238
.673444
.703746
.739619
.70954

.686921
.689833
.680286




3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).
Twvnun HanawTyBaHHA NN
Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec
JAEMO - HYacTtuHa 1: PilueHHAa pona HanawtTyBaHHA apxiTektypu NN
® BunapkoBe HaCiHHA
® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)
* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



OLEMO - HYactuHa 1: HanawtyBaHHA apxiTeKtypu NN
PiLLeHHA

LLlo Take BNJZIUB...
® BunapgkoBe HaCiHHSA

® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)

* Makc. HomMmep wapy NN



OLEMO - HYactuHa 1: HanawTtyBaHHA apxiTektypu NN
PiLueHHA —Pi3HI BUNnankoBi HAaciHHA?

Pe3synbTaTtyn ansa pisiux RANDOM SEED:

# dataset = 'wine'
# RANDOM SEED = 42

gen nevals max avg

20 .769841 .284063
17 .769841 .473413
15 .769841 .606905
16 .769841 .659238
i .769841 .673444
14 .769841 .703746
17 .769841 .739619
14 .769841 .70954
16 .769841 .686921
17 .769841 .689833
10 15 .769841 0.680286
Best solution is: ‘'hidden layer sizes'=(13, 4, 7)
Accuracy = 0.76984
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CnpoOy#Te BioTBOPUTHU Ui pe3ynbTaTn!



OLEMO - HYactuHa 1: HanawTtyBaHHA apxiTektypu NN
PiLueHHA —Pi3HI BUNnankoBi HAaciHHA?

Pe3synbTaTtyn ansa pisiux RANDOM SEED:

# dataset = 'wine'
# RANDOM SEED = 666

sfe s sk s sk sk sk 3k ok oK 3k Sf sk oK S S sk K ok oK ok ok ok

gen nevals max avg

# dataset = 'wine' 0 20 .647937 0.31354
# RANDOM SEED = 42 17 .647937 0.41869
15 .647937 0.478095
16 .647937 0.418651
17 .647937 0.503325
12 .647937 0.492421
17 .647937 0.435524
16 .647937 0.503032
16 .647937 0.466016
16 .647937 0.51246
10 17 .647937 0.572524
17 -769841  0.739619 1y, Flapsed = 93.69340062141418

14 .769841 . 70954 Best solution is: ‘'hidden layer sizes'=(14, 3, 4, 4)
16 .769841 .686921 Accuracy = 0.64794

17 .769841 .689833
0 15 .769841 0.680286
Best solution is: ‘'hidden layer sizes'=(13, 4, 7)
Accuracy = 0.76984

©
o

gen nevals max avg

20 .769841 .284063
17 .769841 .473413
15 .769841 .606905
16 .769841 .659238
il .769841 .673444
14 . 769841 . 703746
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OLEMO - HYactuHa 1: HanawTtyBaHHA apxiTektypu NN
PiLueHHA —Pi3HI BUNnankoBi HAaciHHA?

Pe3synbTaTtyn ansa pisiux RANDOM SEED:

# dataset = 'wine'

# RANDOM SEED = 1042
oK ok sk ok ok ok ok o oKk ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok

gen nevals max avg

0 20 .520159 .289151

15 .520159 .322095

12 .520159 .42246

37 .541587 .419079

14 .541587 .41527

17 .541587 .471929

15 .541587 .457198

16 .541587 .472865

15 .647937 0.478095 1 w A LSET (495143

16 .647937 ©0.418651 16 .541587 0.45669

17 .647937 0.503325 10 13 .541587 0.488968

12 .647937  0.492421 Time Elapsed = 84.34443235397339
i; :23;22; :égggg; Best solution is: ‘'hidden layer sizes'=(9, 9, 5)
16 .647937 ©0.466016 Accuracy = 0.54159

16 .647937 0.51246
17 vichsomplsg i I .647937 0.572524
' ' Time Elapsed = 93.69340062141418

14 .769841 . 70954 Best solution is: ‘'hidden layer sizes'=(14, 3, 4, 4)
16 .769841 .686921 Accuracy = 0.64794

17 .769841 .689833
0 15 .769841 0.680286
Best solution is: ‘'hidden layer sizes'=(13, 4, 7)
Accuracy = 0.76984

# dataset = 'wine'
# RANDOM SEED = 666

sfe s sk s sk sk sk 3k ok oK 3k Sf sk oK S S sk K ok oK ok ok ok

gen nevals max avg

# dataset = 'wine' 0 20 .647937 0.31354
# RANDOM SEED = 42 17 .647937 0.41869

©
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gen nevals max avg

20 .769841 .284063
17 .769841 .473413
15 .769841 .606905
16 .769841 .659238
il .769841 .673444
14 . 769841 . 703746
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OLEMO - HYactuHa 1: PilLLeHHA ONA HaNalwTyBaHHA
apxitTeKtypu NN —Pi3Hi BunapgkoBi HaciHHA - pe3loMe

Pe3siome ansa pisHux RANDOM_SEED:

ona pisHnx RANDOM_SEED My mo)xemo oTpuMaTt NN 3 fy)Ke pisHUMU:

NMPOAYKTUBHICTb (TOYHICTDb),
® KinbKicTb By3niB y Wwapax,
® KinbKicTb WWapIB.

TheMoXxXnMBa NpUYMUHAcE
BCTOXAaCTUYHUMU(T. 3BHerpami€eHTHi) cnocibaMmiHa napamMmeTpa
nig 4ac eBoJiroLuil.
€ neBHa MMOBIPHICTb TOro
yci uimopenions pisaHMX RANDOM SEED Mo)XeBOCAXHICTbPI3HI MiCLLeBUMN
rnobasnbHUN) themakcMMyM3HaveHHAPYHKLIA PiTHECY(TOYHICTDb
TYT).

CnpobyuTe BiaTBOPUTHU Ui pe3ynbTaTH!




3MICT

PekomeHOoBaHI o>xepena

EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).

Twvnun HanawTyBaHHA NN

Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec

JAEMO - HYacTtuHa 1: PilueHHAa pona HanawtTyBaHHA apxiTektypu NN
® BunagkoBe HaCiHHSA

® HaGip paHux (BUHO, ipuC, pakK MOJIOYHOI 3a/103M)

* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



OLEMO - HYactuHa 1: HanawtyBaHHA apxiTeKtypu NN
PiLLeHHA

LLlo Take BNJZIUB...
® BunagkoBe HaCiHHS

® HaGip paHuMx (BMHO, ipuC, paK MOJIOYHOI 3aJ103M)

* Makc. HomMmep wapy NN



NMNpuknap HanawtyBaHHA NN:

Habip paHuux Wine

Lle knacnyHum npuknan npodbnemm knacudikauil.

UCI

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Wine Data Set

Download: Data Folder, Data Set Description

Abstract: Using chemical analysis determine the origin of wines

Data Set Characteristics: Multivariate Number of Instances: | 178 || Area: Physical

Attribute Characteristics: | Integer, Real || Number of Attributes: | 13 Date Donated 1991-07-01

Associated Tasks: Classification || Missing Values? No || Number of Web Hits: || 1602802
Source:

Original Owners:

Farina, M. et al, PARVUS -

An Extendible Package for Data Exploration, Classification and Correlation.

Institute of Pharmaceutical and Food Analysis and Technologies, Via Brigata Salerno,
16147 Genoa, ltaly.

Habip gaHunx UCI Wine (https://archive.ics.uci.edu/ml/datasets/wine)



NMNpuknap HanawtyBaHHA NN:

HaOip paHux Iris

Lle knacnyHum npuknan npodbnemm knacudikauil.

UClI

Machine Learning Repository

Center for Machine Learning_and Intelligent Systems

Iris Data Set

Download: Data Folder, Data Set Description

Abstract: Famous database; from Fisher, 1936

Data Set Characteristics: Multivariate Number of Instances: || 150 || Area: Life
Attribute Characteristics: Real Number of Attributes: || 4 Date Donated 1988-07-01
Associated Tasks: Classification || Missing Values? No || Number of Web Hits: || 3847949

Habip naHnx UCI Iris (https://archive.ics.uci.edu/ml/datasets/iris)



NMNpuknap HanawtyBaHHA NN:

HaObip AaHuX Npo pakK MOJIOYHOI 3aJ103MU

Lle knacu4Hun npuknan npodnemm knacudikauil.

UCI i

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Breast Cancer Wisconsin (Diagnostic) Data Set
Download: Data Folder, Data Set Description

Abstract: Diagnostic Wisconsin Breast Cancer Database

Data Set Characteristics: Multivariate Number of Instances: || 569 || Area: Life
Attribute Characteristics: Real Number of Attributes: | 32 Date Donated 1995-11-01
Associated Tasks: Classification || Missing Values? No || Number of Web Hits: | 1444676

Habip naHnx UCI wono paky MOJIOYHOI 3371031

(https://archive.ics.uci.edu/ml/datasets/Breast+Cancer+Wisconsin+(Diagnostic))



OLEMO - HYactuHa 1: HanawTtyBaHHA apxiTektypu NN
PiwweHHAa —Pi3Hi Habopu paHux?

Pe3synbTaTtyn ansa pisiux RANDOM SEED:

### wine
# RANDOM_SEED = 42

gen nevals max avg
20 .769841 .284063
7 .769841 .473413
15 .769841 .606905
16 .769841 .659238
17 .769841 .673444
14 .769841 .703746
17 .769841 .739619
14 .769841 .70954
16 .769841 .686921
17 .769841 .689833

6 15 0.769841 .680286

Best solution is: ‘'hidden layer sizes'=(13, 4, 7) , accuracy = 0.7698412698412699

V= O 00N OOl E WN = O
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CnpoOy#Te BioTBOPUTHU Ui pe3ynbTaTn!



OLEMO - HYactuHa 1: HanawTtyBaHHA apxiTektypu NN
PiwweHHAa —Pi3Hi Habopu paHux?

Pe3synbTaTtyn ansa pisiux RANDOM SEED:

##H# iris
# RANDOM SEED = 42

gen nevals max avg

20 .666667 .416333
17 .693333 .487

15 .76 .537333
14 .76 .550667
17 .76 .568333
17 - 16 .653667

0
0
0
### wine 0
0
0
14 WA 0.589333
0
0
0
0
'h

# RANDOM_SEED = 42

gen nevals max avg

20 .769841 .284063
7 .769841 .473413
15 .769841 .606905
16 .769841 .659238
17 .769841 .673444
14 .769841 .703746
17 .769841 .739619
14 .769841 .70954
16 .769841 .686921
17 .769841 .689833
16. 15 0.769841 .680286
- Best solution is: ‘'hidden layer sizes'=(13, 4, 7) , accuracy = 0.7698412698412699

IS .76 618
16 .866667 616667
16 .866667 666333
0 16 0.866667 722667
- Best solution is: idden layer sizes'=(15, 5, 8) , accuracy = 0.866€
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0
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9
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CnpoOy#Te BioTBOPUTHU Ui pe3ynbTaTn!




OLEMO - HYactuHa 1: HanawTtyBaHHA apxiTektypu NN
PiwweHHAa —Pi3Hi Habopu paHux?

Pe3synbTaTtyn ansa pisiux RANDOM SEED:

### breast cancer
# RANDOM SEED = 42

gen nevals max avg

20 .927946 0.808865
15 .929669 0.889953
15 .929669 0.893562
15 .929669 0.893683
16 .934932 0.839395
17 .934932 0.912204
14 .934932 0.895351
0
0
0
0
'h

(o]

##H# iris

# RANDOM SEED = 42 16 .934932 .908839
n 17 .934932 .900869
gen nevals max avg 16 .934932 .845574
20 666667 416333 10 15 0.934932 .900429

17 .693333 g idden layer sizes'=(15, 8, 10, 4) , accuracy = 0.934
15 .76 0
14 .76 0
17 .76 0
17 .76 0
14 WA 0
0
0
0
0
'h

O oo~NOWULAE WNR=O
(ol ol ool ollolollollol

487 - Best solution is:

537333
550667
568333

### wine .
.653667

# RANDOM_SEED = 42

589333

618

616667

666333

722667

idden layer sizes'=(15, 5, 8) , accuracy = 0.866€

gen nevals max avg

20 .769841 .284063
7 .769841 .473413
15 .769841 .606905
16 .769841 .659238
17 .769841 .673444
14 .769841 .703746
17 .769841 .739619
14 .769841 .70954
16 .769841 .686921
17 .769841 .689833
16. 15 0.769841 .680286
- Best solution is: ‘'hidden layer sizes'=(13, 4, 7) , accuracy = 0.7698412698412699

IS .76

16 .866667

16 .866667
0 16 0.866667
- Best solution is:
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CnpoOy#Te BioTBOPUTHU Ui pe3ynbTaTn!




AEMO - HYactuHa 1: PilLueHHA oNnAa HanawTyBaHHA
apxitektypu NN —Pi3Hi Habopu paHux - pe3somMme

Pe3ioMe pnsa pisHUX HabopiB paHux:

3HOBY...O0/19 Pi3HUX HabopiB AaHUX Mn Mmoxxemo oTpumMaT NN 3 gy>xe pisHUMK:

NMPOAYKTUBHICTb (TOYHICTDb),
® KinbKicTb By3niB y Wwapax,
® KinbKicTb WWapIB.

TheMoXxXnMBa NpUYMUHAcE
TYT OinbLl O4YEeBUOHO:
- Pi3Hi PYHKWLII,
- pi3He yucnoocobnmBocTen,
- IXPi3HUU BHECOK 00 PYHKUl
MPUCTOCOBAHOCTI (TOYHICTb).

CnpobyuTe BiaTBOPUTHU Ui pe3ynbTaTH!




3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).
Twvnun HanawTyBaHHA NN
Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec
JAEMO - HYacTtuHa 1: PilueHHAa pona HanawtTyBaHHA apxiTektypu NN
® BunagkoBe HaCiHHSA
® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)
* Makc. HoMep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



OLEMO - HYactuHa 1: HanawtyBaHHA apxiTeKtypu NN
PiLLeHHA

LLlo Take BNJZIUB...
® BunapkoBe HaCiHHA
® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)

* Makc. HoMep wapy NN



OAEMO - HYactuHa 1: PilLueHHA oNnA HaNallTyBaHHS
apxiteKtypm NN —Pi3Huu HoOMep wapy MAX?

Pe3synabTaTtn ana pisHux MAX Layer Number:

AJIE

cnpoOyuTe ue AK CaMOCTiMHEe HaB4YaHHA

AKLWOo xo4yewu! :)

CnpoOy#Te BioTBOPUTHU Ui pe3ynbTaTn!




3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).
Twvnun HanawTyBaHHA NN
Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec
JEMO - HacTtuHa 1: PilueHHA ong HanawTyBaHHA apXxiTeKTypu NN

® BunagkoBe HaCiHHSA

® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)

* Makc. HomMmep wapy NN
JAEMO - HactuHa 2: HanawtyBaHHA rinepnapameTpie NN
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iome



AEMO - YactuHa 2:NN lNnepnapamMeTpu4yHe HaJlalUTyYBaHHSA

Ona nonepegHboro 1) NN Architecture Tuning
MW BUKOPUCTAJIN rinepriapamMeTpu 3a 3aMOBYYBAHHSAM.
AJIE...3 nonepenHbol neKkuii ... HanawTyBaHHS
Pi3HUX rineprnapamMmeTpiB MOXe
NiABULLEHHS NPOAYKTUBHOCTI KacudgikaTopa.

Q:4n MOXXEMO MU TYT BUKOPUCTATW HalalWTyBaHHSA rinepnapameTpis?A:Tak.

Big sklearpeanizauii MLP Mn Mo)xeM0 BUKOPUCTOBYBATM YNCJIEHHI HACTPOIOBAHI
rineprapamMeTpu:

Name Type Description Default value
. . {'tanh', 'relu', Activation function for the , ;
agtilveacion ; : : relu
'logistic'} hidden layers
solver {'8gd”, ‘'adam®, *1lbIgs*} The. S‘?l"e? for weight 'adam'
optimization
alpha float Regularization term parameter 0.0001
{ '"¢onstant', _
learning_rate|'invscaling', Learning fate scheatle for 'constant'

weight updates

'adaptive'}




AEMO - HYactuHa 2:NN lNnepnapamMeTpuMiHe HaJlalUTyBaHHA

AK i B nonepenHix oeMOHCTpaLIiaxX nekuin,
npencTaB/ieHHS XPOMOCOMIK 3 NJlaBalo4v0 KOMOI O03BOJISE HaM 06’egHYyBaTH
PI3HI TUMKX rinepnapaMeTpiB y npouec onTuMilauii Ha ocHosi GA.

aKTUBaLIA-04HEe 3 TPbOX 3HaYeHBaHXxrely abonoricTu4YHnm
LlbOro MoXXHa O0CArTn, NnpeacTaBuUBLLM MOro siK YMC0 3 NJlaBalo4yolo TOYKOK B Aiana3oHi [0, 2,99] .
LLlo6 nepeTBOpUnTHY float B oaHe 3 BULWE3ragaHux psaaKoBUX 3HAYEHb,
HaM NoTpibHO 3acTocyBaTMOBEPXfO HLOrO, AKa fgacTtb 0, 1 abo 2.
[1oTiM 3aMiHIOEMO O -FaHx1 ->relyi 2 ->orictTuyHum

po3B'asyBayv-ogHe 3 3 3Ha4YeHsgd Anamabolbfgs

MonobaeThCcs ANSaKTUBALiA: NOro MOXKHa NMPeacTaBUTM 3@ AOMOMOIOl YMC/a 3 NJlaBalo4vyol TOYKOW B Aiana3oHi [0, 2,99].

anboda-exe float, nepeTBOpeHHS He NOTpPibHe.
Woro 6yae npms’s3aHo Ao gianasoHy [0,0001, 2,0].

LWBUAKICTb_HaBYaHHA-OA4HE 3 3 3HaYeHBOCTIMHUANVScalinggaanTusHuMlonobaeTbca ons

aKTUBaLifA: 1Oro MOXXHa NpeacTaBUTX 3a AOMOMOro YMcaa 3 rnJjaBako4vol TOYKOK B giana3oHi [0, 2,99].



AEMO - HYactuHa 2:NN lNnepnapamMeTpuMiHe HaJlalUTyBaHHA

Pe3ynbraTm:
OEMO 2- Hankpawa apxiteKktypa NN 3 DEMO 1.
HIDDEN LAYER SIZES =[13, 4, 7]

st sk sk sk ok sk sk sk ok Sk sk sk sk sk Sk ok ok sk ok ok sk sk ok sk sk ok ok

gen nevals max

Q
<
(@]

(O]

OO B WKN R

10

20
15
16
16
17
14
15
14
16
15
17

@

.946667
.946667
.946667
.946667
.946667
.946667
.946667
.946667
.946667
.946667

946667

oo oNoNollollololl ool

.362
.599667
.864333
927333
. 944667
. 887
.944667
. 946
.907667
.945
. 946

0]
0
0
0
0
0
0
0
0
0
9

2.3740484714508
‘activation'='logistic'

Time Elapsed =
Best solution is:
'solver'="'1lbfgs'
‘alpha’'=0.17139833879055075
‘learning rate'='invscaling'
Accuracy = 0.94667

CnpoOyuTe BioTBOPUTHU Ui pe3ynbTaTH!




3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).

Twvnun HanawTyBaHHA NN
Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec
JEMO - HacTtuHa 1: PilueHHA ong HanawTyBaHHA apXxiTeKTypu NN

® BunapkoBe HaCiHHA
® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)

* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI

JAEMO - HactuHa 3: ApxitekTtypa NN + PiwueHHSA
ONA HanawTyBaHHA rinepnapameTpis NN
Pe3iome



DEMO - Yactuua Btopun: NN Architecture +

NN lNnepnapamMmeTpuyHe HaNalUTyBaHHA

Mepwi 4 piana3oHn ona HanawTyBaHHA NN Archictecture

- > Mo OAHOMY ANA KOXHOIo NpmMxoBaHOro wapy.

HacTynHi 4 niana3oHwu
- > MpencTaBndloTb 00AATKOBI 4 rineprnapamMeTpu.

# 'hidden_layer_sizes': first four values

# 'activation': 0..2.99

# 'solver': 0..2.99

# 'alpha': 0.0001..2.0

# 'learning_rate': 0..2.99

BOUNDS_ILOW = [ 5, -5, -10, -20, O, 0, 0.0001, O ]

BOUNDS_HIGH = [15, 10, 10, 10, 2.999, 2.999, 2.0, 4,998 ]



DEMO - Yactuua Btopun: NN Architecture +

NN lNnepnapamMmeTpuyHe HaNalUTyBaHHA

BxigoHI MeXi:

boundaries for all parameters:

‘hidden layer sizes': first four values

‘activation': ['tanh', 'relu', 'logistic'] 1, 2

‘solver': [“sgd', "adam’, "lbfgs'] -> 8, 1; 2

‘alpha': float in the range of [0.0001, 2.0],

‘learning rate': ['constant', 'invscaling', 'adaptive'] -> 0, 1, 2
BOUNDS LOW = [ 5, -5, -10, -20, 0O, 0, 0.0001, O 1
BOUNDS HIGH = [15, 10, 10, 10, 2.999, 2.999, 2.0, 2.999]




DEMO - Yactuua Btopun: NN Architecture +

NN lNnepnapamMmeTpuyHe HaNalUTyBaHHA

Pe3ynbraTm:

sk >k >k sk sk sk 5k 3k sk 3k ok 3k ok ok ok sk sk 3k sk sk sk sk ok ok ok ok K

gen nevals max avg

20 .94 0.448

16 .94 0.633

15 .94 0.737667
16 .946667

17 .946667

15 .946667 .937667
16 .946667 .939

0.842
0
0
0
16 .946667 0.875
0
0
0
2

.889667

0
1
2
3
4
<
6
4
8

16 .946667 .876333
14 .946667 .942333
10 16 .946667 .902667
Time Elapsed = 83.8497643470764
Best solution is: ‘'hidden layer sizes'=(8, 7)
‘activation'='relu’
‘solver'='lbfgs’
‘alpha'=0.563775972907702
'learning rate'='adaptive'
Accuracy = 0.94667

(]
oo

CnpobyuTe BiaTBOPUTHU Ui pe3ynbTaTH!




DEMO - Yactuua Btopun: NN Architecture +

NN lNnepnapamMmeTpuyHe HaNalUTyBaHHA

PesynbTtaTtn -> lMopisHaute TIJIbKU 3 NN Hyper

R

sk >k >k sk sk sk 5k 3k sk 3k ok 3k ok ok ok sk sk 3k sk sk sk sk ok ok ok ok K st sk ok s sk ok 3k ok ok 3K sk sk ok ok ok oK ok ok oK oK ok ok sk ok sk ok

gen nevals max avg gen nevals max avg
20 .94 0.448 20 . 946667
16 .94 0.633 15 .946667
15 .94 0.737667 16 .946667
16 .946667 16 . 946667

2 B .946667 17 .946667
15 .946667 .937667 14 .946667

0
0
0
1o oloueser  0.875 P e
: - 14 .946667

0

0

2

(<]

(O]
(O]

.599667
.864333
927333
. 944667
. 887
. 944667
. 946
.907667
. 945
. 946

.842
.889667

0
1
2
3
4
<
6
4
8

oo b WM

16 .946667 .876333
14 .946667 .942333 16 -946667
10 16 .946667 .902667 15 -946667
Time Elapsed = 83.8497643470764 10 17 - 946667
Best solution is: ‘'hidden layer sizes'=(8, 7) Time Elapsed = 92.3740484714508 o
‘activation'='relu’ Best solution is: ‘'activation'='logistic'
'solver'="'1lbfgs’ 'solver'='1lbfgs'
'alpha'=0.563775972907702 ‘alpha'=0.17139833879055075
‘learning rate'='adaptive' ‘learning rate'='invscaling'
Accuracy = 0.94667 Accuracy = 0.94667
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CMIiWHI BIAMIHHOCTI B NapaMeTpax HanKpaLwloro pilleHHs ... :)
CnpobyuTe BiaTBOPUTHU Ui pe3ynbTaTH!




3MICT

PekomeHOoBaHI o>xepena
EA (GA) ona HanawTtyBaHHA HeMPOHHOI Mepexxi (NN).
Twvnun HanawTyBaHHA NN
Mpuknapn npobniemun kKnacudikayil: Habip gaHUX + podbo4nnm npoLiec
JEMO - HacTtuHa 1: PilueHHA ong HanawTyBaHHA apXxiTeKTypu NN

® BunagkoBe HaCiHHSA

® Habip maHux (BUHO, ipuUC, pak MOMOYHOT 3as1031)

* Makc. HomMmep wapy NN
JEMO - HYacTtuHa 2: PilueHHs ong HanawTyBaHHA rinepnapameTpis NI
JOEMO - YacTtunHa 3: ApxiTtektypa NN + PilweHHA ong HanawTyBaHt
rinepnapamMeTpiB
Pe3iomMe



EC pna apxitektypu NN + rinepnapamMetp N
TIOHIHI —lopiBHANIBHUMU ClOXXeT — TOYHICTb

MM architecture (NNA) & hyperparameter (hyper) tunings

E S — T T P
T i iLP - -
L ."'Il i

= NNA (max)
NAA [mean)

= hyper [max)
hyper (mean)

= NNA + hyper (max)
NNA 4+ hyper (mean)

n
LA
L
=
e
=
S
L
L
poar |
L
[
=T
i
£n
i
g
=T
-
[LE]
=

g 10
Generation

CnpoOy#Te BiaTBOPUTH Ui pe3ynbTaTH!



EC pna apxitektypu NN + rinepnapamMetp N
TIOHIHI —lMOopPIBHANBHUMU CclOXeT — YHac

Workflow Time

&

u
.
=
e
E
=

&

NNA hyp NNA+hyp

HeBa>JZ1IMBO ... B TaKiu NOCTaHOBLUIi 3apayvi ... ane ...

CnpobyuTe BiaTBOPUTHU Ui pesynbTaTH!



EC onsa Bubopy byHKLUIT —
Pe3loMe

EC (GA) MO)XHa epeKTUBHO 3aCTOCYBaTU OO0 KJIACUYHUNX
npobsieM MalMHHOIo0 HaBYaHHA Nig KEPIBHULTBOM:

- perpecifi(BnkopuctaHHa npobnemun perpecii PpigmaHa-1)
i
— Knacudikaunia(BUKopucTaHHA Knacudikauii teapuH Habopy aaHux UCI)

ons
- BUOIp PyHKUiiI
abo
- 3M@HLUEeHHSA PO3MIPHOCTI

3 MeTOlO:
— 3MeHLWweHHAMSE
abo
— 30iNbLUEHHA cepefHbOroTO4YHICTb.



OcHoBM eBoONOLiNHUX 064YMcneHb (EA).

Jlekuis 6 - Nnatdpopma OpenAl Gym

Ha ocHoBi (C) po6oTu OpenAl, Heaton, Moore, Varoquaux, Grobler,

Wirsansky

KopOoTKuit 3MICT:

e [Mnatdopma OpenAl Gym

* [Ipobnemu HaBYaHHS 3 nigkpinaeHHsM (RL):

o MountainCar-v0,

o MountainCarContinuous-v0,

o CartPole-v1

o cee

e OyHKUiI Bidyanisauii cueHapiis irop Gymy Colab.

~ YcTaHOBKa Ta iMMopT 6ibnioTek

v bibnioteka gna nigTpMmMku anroputmie RL

Gym — ue iHCTpyMeHTapin AN po3po6Kn Ta NOPIBHAHHA anropuTMIiB HaBYaHHSA 3

NigKpPINAeHHAM.

BiH niATpMMYye HaBYaHHS areHTiB YCbOMY: Bif, X0Ab6W A0 irop, Takmx Ak Pong a6o Pinball.

I pip install gym

Requirement
Requirement
Requirement
Requirement
Requirement
Requirement

already
already
already
already
already
already

satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:

gym in /usr/local/lib/python3.7/dist-packages
pyglet<=1.5.0,>=1.4.0 in /usr/local/lib/pythor
numpy>=1.10.4 in /usr/local/lib/python3.7/dis1
cloudpickle<l1.7.0,>=1.2.0 in /usr/local/lib/py
scipy in /usr/local/lib/python3.7/dist-package
future in /usr/local/lib/python3.7/dist-packac

»

v bibnioTeku ans Bisdyanisauii cepegosuiy OpenAl Gymy Colab



[T, ki BUKOHYytOTbCA B Gym (rpi, y SIKy rpae Balll areHT), MOXHa BisyanisyBaTu HaBiTb y Colab.
Y ubOMy po3aini MicTUTbCA iHpopMaLis Npo Te, AK cTBOpUTK Bifeo B Colab, Ake nokasye

%%time
Ipip install gym pyvirtualdisplay > /dev/null 2>&1
lapt-get install -y xvfb python-opengl ffmpeg > /dev/null 2>&1

CPU times: user 28.9 ms, sys: 18.1 ms, total: 47 ms
Wall time: 11.6 s

%%stime

lapt-get update > /dev/null 2>&1
lapt-get install cmake > /dev/null 2>&1
Ipip install --upgrade setuptools 2>&1
Ipip install ez setup > /dev/null 2>&1
Ipip install gym[atari] > /dev/null 2>&1

Collecting setuptools
Downloading https://files.pythonhosted.org/packages/60/6a/dd9533a
| I | 788KkB 7.3MB/s
ERROR: datascience 0.10.6 has requirement folium==0.2.1, but you'll
Installing collected packages: setuptools
Found existing installation: setuptools 54.0.0
Uninstalling setuptools-54.0.0:
Successfully uninstalled setuptools-54.0.0
Successfully installed setuptools-54.1.1
CPU times: user 73.7 ms, sys: 44.5 ms, total: 118 ms

IMPORTANT: you should restart runtime!
Part 1.Introduction to the OpenAl Gym

Gym - Advanages and Limitations

OpenAl Gym aims to provide an easy-to-setup general-intelligence benchmark with a wide
variety of differentt environments. The goal is to standardize how environments are defined in
Al research publications so that published research becomes more easily reproducible. The
project claims to provide the user with a simple interface.

OpenAl gym is pip-installed onto your local machine. There are a few significant limitations to
be aware of:

 developers can only use Gym with Python (as of June 2017).
e OpenAl Gym can not directly render animated games in Google CoLab.


https://files.pythonhosted.org/packages/60/6a/dd9533ae9367a1f35b1b704e2ac9554a61e6dfa4d97e1d86c3760e1e135d/setuptools-54.1.1-py3-none-any.whl
https://gym.openai.com/

Because OpenAl Gym requires a graphics display, the only way to display Gym in Google CoLab
is an embedded video. The presentation of OpenAl Gym game animations in Google ColLab is
discussed later in this module.

Gym - Leaderboard

The OpenAl Gym does have a leaderboard, similar to Kaggle; however, the OpenAl Gym's
leaderboard is much more informal compared to Kaggle. The user's local machine performs all
scoring. As a result, the OpenAl gym's leaderboard is strictly an "honor's system." The
leaderboard is maintained the following GitHub repository:

e OpenAl Gym Leaderboard

If you submit a score, you are required to provide a writeup with sufficient instructions to
reproduce your result. A video of your results is suggested, but not required.

Gym - Environments

The centerpiece of Gym is the environment, which defines the "game" in which your
reinforcement algorithm will compete. An environment does not need to be a game; however, it
describes the following game-like features:

» action space: What actions can we take on the environment, at each step/episode, to alter
the environment.

e observation space: What is the current state of the portion of the environment that we can
observe. Usually, we can see the entire environment.

Gym - Basic Termonology

e Agent - The machine learning program or model that controls the actions. Step - One
round of issuing actions that affect the observation space.

» Episode - A collection of steps that terminates when the agent fails to meet the
environment's objective, or the episode reaches the maximum number of allowed steps.

* Render - Gym can render one frame for display after each episode.

* Reward - A positive reinforcement that can occur at the end of each episode, after the
agent acts.

e Nondeterministic - For some environments, randomness is a factor in deciding what
effects actions have on reward and changes to the observation space.

It is important to note that many of the gym environments specify that they are not
nondeterministic even though they make use of random numbers to process actions. It is
generally agreed upon (based on the gym GitHub issue tracker) that nondeterministic property


https://github.com/openai/gym/wiki/Leaderboard

means that a deterministic environment will still behave randomly even when given consistent
seed value. The seed method of an environment can be used by the program to seed the
random number generator for the environment.

Environment - Attributes

The Gym library allows us to query some of these attributes from environments. | created the
following function to query gym environments.

import gym

def query environment(name):
env = gym.make(name)
spec = gym.spec(name)
print(f"Action Space: {env.action space}")
print(f"Observation Space: {env.observation space}")
print(f“"Max Episode Steps: {spec.max episode steps}")
print(f"Nondeterministic: {spec.nondeterministic}")
print(f"Reward Range: {env.reward range}")
print(f"Reward Threshold: {spec.reward threshold}")

Environment - Examples:

MountainCar-vO0,

MountainCarContinuous-v0,
CartPole-v1

MountainCar-v0

We will begin by looking at the MountainCar-v0 environment, which challenges an
underpowered car to escape the valley between two mountains. The following code describes

the Mountian Car environment.

query environment("MountainCar-ve")

Action Space: Discrete(3)

Observation Space: Box(-1.2000000476837158, 0.6000000238418579, (2,), float3:
Max Episode Steps: 200

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: -110.0

Actions



There are three distinct actions that can be taken:

e accelerate forward,
e decelerate,
e accelerate backwards.

Observation space

The observation space contains two continuous (floating point) values, as evident by the box
object.

The observation space contains:

e the position and
 velocity of the car.

The car has 200 steps to escape for each episode.

Reward: The mountian car recieves NO incremental reward. The only reward for the car is given
when it escapes the valley.

MountainCarContinuous-v0

There is also a continuous variant of the mountain car. This version does not simply have the
motor on or off. For the continuous car the action space is a single floating point number that
specifies how much forward or backward force is being applied.

query environment ("MountainCarContinuous-v0")

Action Space: Box(-1.0, 1.0, (1,), float32)

Observation Space: Box(-1.2000000476837158, 0.6000000238418579, (2,), float3:
Max Episode Steps: 999

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: 90.0

Note: ignore the warning above, it is a relativly inconsequential bug in OpenAl Gym.

CartPole-v1

The CartPole-v1 environment challenges the agent to move a cart while keeping a pole
balanced.

Observation space

The environment has an observation space of 4 continuous numbers:



e Cart Position

e Cart Velocity

e Pole Angle

e Pole Velocity At Tip

Actions
To achieve this goal, the agent can take the following actions:

e Push cart to the left
e Push cart to the right

query environment("CartPole-v1")

Action Space: Discrete(2)

Observation Space: Box(-3.4028234663852886e+38, 3.4028234663852886e+38, (4,),
Max Episode Steps: 500

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: 475.0

v Breakout-v0

Atari games, like breakout can use an observation space that is either equal to the size of the
Atari screen (210x160) or even use the RAM memory of the Atari (128 bytes) to determine the
state of the game. Yes thats bytes, not kilobytes!

query environment("Breakout-v0")

Action Space: Discrete(4)

Observation Space: Box(0, 255, (210, 160, 3), uint8)
Max Episode Steps: 10000

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: None

v Breakout-ram-vO

query environment("Breakout-ram-v0")

Action Space: Discrete(4)

Observation Space: Box(0, 255, (128,), uint8)
Max Episode Steps: 10000

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: None



v Atlantis-v0

query environment("Atlantis-vO")

Action Space: Discrete(4)

Observation Space: Box(0, 255, (210, 160, 3), uint8)
Max Episode Steps: 10000

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: None

~ Part 2.Functions to visualize Gym-game-scenarios in Colab

Next we define functions used to show the video by adding it to the Colab notebook.

import gym

from gym.wrappers import Monitor

import glob

import io

import base64

from IPython.display import HTML

from pyvirtualdisplay import Display

from IPython import display as ipythondisplay

display = Display(visible=0, size=(1400, 900))
display.start()

Utility functions to enable video recording of gym environment
and displaying it.
To enable video, just do "env = wrap env(env)""

def show video():
mp4list = glob.glob('video/*.mp4")
if len(mp4list) > 0:
mp4 = mp4list[0]
video = io.open(mp4, 'r+b').read()
encoded = base64.b64encode(video)
ipythondisplay.display(HTML(data="""'<video alt="test" autoplay
loop controls style="height: 400px;">
<source src="data:video/mp4;base64,{0}" type="video/mp4" />
</video>'"'"'.format(encoded.decode('ascii'))))

else:
print("Could not find video")

def wrap_env(env):
env = Monitor(env, './video',6K force=True)
return env



Now we are ready to play the game. We use a simple random agent.

v MountainCar-v0

env = wrap _env(gym.make("MountainCar-v0"))
observation = env.reset()
while True:

env.render()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)
if done:
break;

env.close()
show video()

v MountainCarContinuous-v0



env = wrap_env(gym.make("MountainCarContinuous-v0"))
observation = env.reset()
while True:

env.render()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)
if done:
break;

env.close()
show video()

v CartPole-v1

env = wrap_env(gym.make("CartPole-v1"))
observation = env.reset()
while True:

env.render ()

#your agent goes here



action = env.action space.sample()
observation, reward, done, info = env.step(action)
if done:

break;

env.close()
show video()

+ Breakout-v0

env = wrap_env(gym.make("Breakout-v0"))
observation = env.reset()
while True:

env.render()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)

if done:
break;



env.close()
show video()

v Breakout-ram-v0

env = wrap env(gym.make("Breakout-ram-v0"))
observation = env.reset()
while True:

env.render ()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)
if done:
break;

env.close()
show video()



v Atlantis-v0

env = wrap_env(gym.make("Atlantis-v0"))
observation = env.reset()
while True:

env.render()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)
if done:
break;

env.close()
show video()
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Jlekuia 7 - 3actocyBaHHA EA And HaBYaHHA 3

v

NiAKPINJIEHHAM

Ha ocHoBi (C) po6oTu OpenAl, Heaton, Moore, Varoquaux, Grobler,
Wirsansky

KopoTKkunu 3MicT:

e BcTtaHoBneHHs DEAP (ko)xHoro pa3y nicnsa 3anycky Colab VM!),
* KOMMOHEHTH, HeOOXigHI ANsa pob6o4yoro npouecy GA,
* [Ipobnemu HaBYaHHS 3 nigkpinaeHHsM (RL):

o

MountainCar-vO0,

[e]

MountainCarContinuous-v0,
CartPole-v1

o cee

(e]

* MOPIBHSIHHA NPOAYKTUBHOCTI (TOYHICTb i Yac po6oTw).
J10 KiHUSA Uiel nekuil Bu bygeTte 3HaTU:

* 3HOBY X TaKW, K BAKOPUCTOBYBaTK BOYyAOBaHi anroputMmn cTpykTypmu DEAP ans
CTBOPEHHSA CTUCIOrO Koay

* gK BUpiWNTK NpobneMy Reinforcement Learning 3a LONOMOIOHO pillleHb Ha OCHOBI GA
ANA NOLUYKY pilleHb,

* AK eKCNepuMeHTyBaTu 3 PisHMMK HanawTyBaHHAMM GA Ta iHTepnpeTyBaTu BigMiHHOCTI
B pes3y/ibTaTax.

v Get Figures for Text Description

from google.colab import drive
drive.mount('/content/drive")

Mounted at /content/drive

I cp -r /content/drive/MyDrive/COLAB EVO/EVO LectureQ7 CartPole/figures .
I 1s figures

MLPRegressor.png



~ Installation and import of libraries

I pip install deap

Collecting deap
Downloading https://files.pythonhosted.org/packages/99/d1/803c7a387d8a7e68¢
| I | 163kB 6.1MB/s
Requirement already satisfied: numpy in /usr/local/lib/python3.7/dist-package
Installing collected packages: deap
Successfully installed deap-1.3.1

~ Library to support RL algorithms

Gym is a toolkit for developing and comparing reinforcement learning algorithms.

It supports teaching agents everything from walking to playing games like Pong or Pinball.

I pip install gym

Requirement
Requirement
Requirement
Requirement
Requirement
Requirement

already
already
already
already
already
already

satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:

gym in /usr/local/lib/python3.7/dist-packages
cloudpickle<l1.7.0,>=1.2.0 in /usr/local/lib/py
scipy in /usr/local/lib/python3.7/dist-package
numpy>=1.10.4 in /usr/local/lib/python3.7/dis1
pyglet<=1.5.0,>=1.4.0 in /usr/local/lib/pythor
future in /usr/local/lib/python3.7/dist-packac

»

~ Libraries to Render OpenAl Gym Environments in Colab

It is possible to visualize the activities performed in Gym (game your agent is playing), even on

Colab. This section provides information on how to generate a video in Colab that shows you an

episode of the game your agent is playing.

%%stime

I'pip install gym pyvirtualdisplay > /dev/null 2>&1
lapt-get install -y xvfb python-opengl ffmpeg > /dev/null 2>&1

CPU times:
Wall time:
%%time

lapt-get update > /dev/null 2>&1
lapt-get install cmake > /dev/null 2>&1
Ipip install --upgrade setuptools 2>&1

user 47 ms, sys: 13 ms, total: 59.9 ms
14.1 s


https://files.pythonhosted.org/packages/99/d1/803c7a387d8a7e6866160b1541307f88d534da4291572fb32f69d2548afb/deap-1.3.1-cp37-cp37m-manylinux2010_x86_64.whl

Ipip install ez setup > /dev/null 2>&1
Ipip install gym[atari] > /dev/null 2>&1

Collecting setuptools
Downloading https://files.pythonhosted.org/packages/60/6a/dd9533ae9367alf3"t
| I | 788KB 4.2MB/s
ERROR: datascience 0.10.6 has requirement folium==0.2.1, but you'll have foli
Installing collected packages: setuptools
Found existing installation: setuptools 54.0.0
Uninstalling setuptools-54.0.0:
Successfully uninstalled setuptools-54.0.0
Successfully installed setuptools-54.1.1
CPU times: user 94.1 ms, sys: 46.3 ms, total: 140 ms
Wall time: 28.6 s

IMPORTANT: you should restart runtime!

~ Part 1.Introduction to the OpenAl Gym

Gym - Advanages and Limitations

OpenAl Gym aims to provide an easy-to-setup general-intelligence benchmark with a wide
variety of differentt environments. The goal is to standardize how environments are defined in
Al research publications so that published research becomes more easily reproducible. The
project claims to provide the user with a simple interface.

OpenAl gym is pip-installed onto your local machine. There are a few significant limitations to
be aware of:

» developers can only use Gym with Python (as of June 2017).
e OpenAl Gym can not directly render animated games in Google CoLab.

Because OpenAl Gym requires a graphics display, the only way to display Gym in Google CoLab
is an embedded video. The presentation of OpenAl Gym game animations in Google ColLab is
discussed later in this module.

Gym - Leaderboard

The OpenAl Gym does have a leaderboard, similar to Kaggle; however, the OpenAl Gym's
leaderboard is much more informal compared to Kaggle. The user's local machine performs all


https://files.pythonhosted.org/packages/60/6a/dd9533ae9367a1f35b1b704e2ac9554a61e6dfa4d97e1d86c3760e1e135d/setuptools-54.1.1-py3-none-any.whl
https://gym.openai.com/

scoring. As a result, the OpenAl gym's leaderboard is strictly an "honor's system." The
leaderboard is maintained the following GitHub repository:

e OpenAl Gym Leaderboard

If you submit a score, you are required to provide a writeup with sufficient instructions to

Gym - Environments

The centerpiece of Gym is the environment, which defines the "game" in which your
reinforcement algorithm will compete. An environment does not need to be a game; however, it
describes the following game-like features:

» action space: What actions can we take on the environment, at each step/episode, to alter
the environment.

» observation space: What is the current state of the portion of the environment that we can
observe. Usually, we can see the entire environment.

Gym - Basic Termonology

e Agent - The machine learning program or model that controls the actions. Step - One
round of issuing actions that affect the observation space.

» Episode - A collection of steps that terminates when the agent fails to meet the
environment's objective, or the episode reaches the maximum number of allowed steps.

» Render - Gym can render one frame for display after each episode.

e Reward - A positive reinforcement that can occur at the end of each episode, after the
agent acts.

e Nondeterministic - For some environments, randomness is a factor in deciding what
effects actions have on reward and changes to the observation space.

It is important to note that many of the gym environments specify that they are not
nondeterministic even though they make use of random numbers to process actions. It is
generally agreed upon (based on the gym GitHub issue tracker) that nondeterministic property
means that a deterministic environment will still behave randomly even when given consistent
seed value. The seed method of an environment can be used by the program to seed the
random number generator for the environment.

Environment - Attributes

The Gym library allows us to query some of these attributes from environments. | created the
following function to query gym environments.

import gym


https://github.com/openai/gym/wiki/Leaderboard

def query environment(name):
env = gym.make(name)
spec = gym.spec(name)
print(f"Action Space: {env.action space}")
print(f"Observation Space: {env.observation space}")
print(f“"Max Episode Steps: {spec.max episode steps}")
print(f"Nondeterministic: {spec.nondeterministic}")
print(f"Reward Range: {env.reward range}")
print(f"Reward Threshold: {spec.reward threshold}")

v Environment - Examples:

e MountainCar-v0,
e MountainCarContinuous-vO0,
e CartPole-v1

+ MountainCar-v0

We will begin by looking at the MountainCar-v0 environment, which challenges an
underpowered car to escape the valley between two mountains. The following code describes
the Mountian Car environment.

query environment("MountainCar-v0")

Action Space: Discrete(3)

Observation Space: Box(-1.2000000476837158, 0.6000000238418579, (2,), float3:
Max Episode Steps: 200

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: -110.0

Actions
There are three distinct actions that can be taken:

e accelerate forward,
¢ decelerate,
e accelerate backwards.

Observation space

The observation space contains two continuous (floating point) values, as evident by the box
object.

The observation space contains:



e the position and
 velocity of the car.

The car has 200 steps to escape for each episode.

Reward: The mountian car recieves NO incremental reward. The only reward for the car is given
when it escapes the valley.

MountainCarContinuous-v0

There is also a continuous variant of the mountain car. This version does not simply have the
motor on or off. For the continuous car the action space is a single floating point number that
specifies how much forward or backward force is being applied.

query environment("MountainCarContinuous-v0")

Action Space: Box(-1.0, 1.0, (1,), float32)

Observation Space: Box(-1.2000000476837158, 0.6000000238418579, (2,), float3:
Max Episode Steps: 999

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: 90.0

Note: ignore the warning above, it is a relativly inconsequential bug in OpenAl Gym.

CartPole-v1

The CartPole-v1 environment challenges the agent to move a cart while keeping a pole
balanced.

Observation space
The environment has an observation space of 4 continuous numbers:

e Cart Position

e Cart Velocity

e Pole Angle

e Pole Velocity At Tip

Actions
To achieve this goal, the agent can take the following actions:

e Push cart to the left
e Push cart to the right



query environment("CartPole-v1")

Action Space: Discrete(2)

Observation Space: Box(-3.4028234663852886e+38, 3.4028234663852886e+38, (4,),
Max Episode Steps: 500

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: 475.0

v Breakout-v0

Atari games, like breakout can use an observation space that is either equal to the size of the
Atari screen (210x160) or even use the RAM memory of the Atari (128 bytes) to determine the
state of the game. Yes thats bytes, not kilobytes!

query environment("Breakout-v0")

Action Space: Discrete(4)

Observation Space: Box(0, 255, (210, 160, 3), uint8)
Max Episode Steps: 10000

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: None

v Breakout-ram-v0

query environment ("Breakout-ram-v0")

Action Space: Discrete(4)

Observation Space: Box(0, 255, (128,), uint8)
Max Episode Steps: 10000

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: None

v Atlantis-v0

query environment("Atlantis-vO")

Action Space: Discrete(4)

Observation Space: Box(0, 255, (210, 160, 3), uint8)
Max Episode Steps: 10000

Nondeterministic: False

Reward Range: (-inf, inf)

Reward Threshold: None



~ Functions to visualize game-scenarios in Colab

Next we define functions used to show the video by adding it to the Colab notebook.

import gym

from gym.wrappers import Monitor

import glob

import io

import base64

from IPython.display import HTML

from pyvirtualdisplay import Display

from IPython import display as ipythondisplay

display = Display(visible=0, size=(1400, 900))
display.start()

Utility functions to enable video recording of gym environment
and displaying it.
To enable video, just do "env = wrap env(env)""

def show video():
mp4list = glob.glob('video/*.mp4"')
if len(mp4list) > 0:
mp4 = mp4list[0]
video = io.open(mp4, 'r+b').read()
encoded = base64.b64encode(video)
ipythondisplay.display(HTML(data=""'"'<video alt="test" autoplay
loop controls style="height: 400px;">
<source src="data:video/mp4;base64,{0}" type="video/mp4" />
</video>'"'"'.format(encoded.decode('ascii'))))
else:
print("Could not find video")

def wrap env(env):
env = Monitor(env, './video',K force=True)
return env

Now we are ready to play the game. We use a simple random agent.

+ MountainCar-v0

env = wrap_env(gym.make("MountainCar-v0"))
observation = env.reset()
while True:

env.render()



#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)
if done:
break;

env.close()
show video()

v MountainCarContinuous-v0

env = wrap _env(gym.make("MountainCarContinuous-v0"))
observation = env.reset()
while True:

env.render()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)

if done:



break;

env.close()
show video()

v CartPole-v1

env = wrap_env(gym.make("CartPole-v1"))
observation = env.reset()
while True:

env.render()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)
if done:
break;

env.close()
show video()



v Breakout-v0

env = wrap env(gym.make("Breakout-v0"))
observation = env.reset()
while True:

env.render()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)
if done:
break;

env.close()
show video()



v Breakout-ram-v0

env = wrap_env(gym.make("Breakout-ram-v0"))
observation = env.reset()
while True:

env.render ()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)
if done:
break;

env.close()
show video()



v Atlantis-v0

env = wrap_env(gym.make("Atlantis-v0"))
observation = env.reset()
while True:

env.render()

#your agent goes here
action = env.action space.sample()

observation, reward, done, info = env.step(action)
if done:
break;

env.close()
show video()

~ Part 3. GA Solution for RL problem - CartPole-v1

v CartPole-v1 - Problem Description



A pole is attached by an un-actuated joint to a cart, which moves along a frictionless track. The
system is controlled by applying a force of +1 or -1 to the cart. The pendulum starts upright, and
the goal is to prevent it from falling over.

Reward A reward of +1 is provided for every timestep that the pole remains upright. The episode
ends when the pole is more than 15 degrees from vertical, or the cart moves more than 2.4
units from the center.

This environment corresponds to the version of the cart-pole problem described by Barto,
Sutton, and Anderson:

AG Barto, RS Sutton and CW Anderson, Neuronlike Adaptive Elements That Can Solve Difficult
Learning Control Problem, IEEE Transactions on Systems, Man, and Cybernetics, 1983.

Cited in 4063 sources.

Let's try it as a self-guided learning!
Use the following CartPole-v1 resources:

e description at Gym,
e Python-codes at github

Import Python libraries

In these and other lectures, we will use various Python packages:

e NumPy
e Matplotlib
e Seaborn

They are already pre-installed in Colab. Let's import them by the following code.

import gym
import time
import pickle
import random
import numpy

# for plotting
import matplotlib.pyplot as plt
import seaborn as sns

' rm -r ./video
' rm ./*pickle


https://gym.openai.com/envs/CartPole-v1/
https://github.com/openai/gym/tree/master/gym/envs/classic_control/cartpole.py
https://colab.research.google.com/%E2%80%8B/matplotlib.%E2%80%8Borg
https://colab.research.google.com/%E2%80%8B/seaborn.%E2%80%8Bpydata.%E2%80%8Borg/

rm: cannot remove './video': No such file or directory
rm: cannot remove './*pickle': No such file or directory

~ Actors - CartPole

from IPython.display import Image
Image('./figures/MLPRegressor.png')

Input Layer Hidden Layer Output Layer

Cart Position

Cart Velocity

Action

Pole Angle

Pole Velocity

import gym
import time

import numpy as np
import pickle

from sklearn.neural network import MLPRegressor

from sklearn.exceptions import ConvergenceWarning
from sklearn.utils.testing import ignore warnings

INPUTS = 4
HIDDEN LAYER = 4
OUTPUTS =1

class CartPole:

def init (self, randomSeed=None):



def

#self.env = gym.make('CartPole-vl')
self.env = wrap_env(gym.make('CartPole-vl'))
self.env.seed(randomSeed)

if randomSeed is not None:
self.env.seed(randomSeed)

len (self):

return INPUTS * HIDDEN LAYER + HIDDEN LAYER * OUTPUTS + HIDDEN LAYER + OUT

@ignore warnings(category=ConvergenceWarning)
def initMlp(self, netParams):

def

initializes a MultilLayer Perceptron (MLP) Regressor with the desired netwc
and network parameters (weights and biases).

:param netParams: a list of floats representing the network parameters (we
:return: initialized MLP Regressor

# create the initial MLP:
mlp = MLPRegressor(hidden layer sizes=(HIDDEN LAYER,), max iter=1)

# This will initialize input and output layers, and nodes weights and bias
# we are not otherwise interested in training the MLP here, hence the sett
mlp.fit(np.random.uniform(low=-1, high=1, size=INPUTS).reshape(1l, -1), np.

# weights are represented as a list of 2 ndarrays:

# - hidden layer weights: INPUTS x HIDDEN LAYER

# - output layer weights: HIDDEN LAYER x OUTPUTS

numWeights = INPUTS * HIDDEN LAYER + HIDDEN LAYER * OUTPUTS

weights = np.array(netParams[:numWeights])

mlp.coefs = [
weights[0:INPUTS * HIDDEN LAYER].reshape((INPUTS, HIDDEN LAYER)),
weights[INPUTS * HIDDEN LAYER:].reshape((HIDDEN LAYER, OUTPUTS))

]

# biases are represented as a list of 2 ndarrays:

# - hidden layer biases: HIDDEN LAYER x 1

# - output layer biases: OUTPUTS x 1

biases = np.array(netParams[numWeights:])

mlp.intercepts = [biases[:HIDDEN LAYER], biases[HIDDEN LAYER:]]

return mlp

getScore(self, netParams):

calculates the score of a given solution, represented by the list of float
by creating a corresponding MLP Regressor, initiating an episode of the Cec
running it with the MLP controlling the actions, while using the observati
Higher score is better.

:param netParams: a list of floats representing the network parameters (we
:return: the calculated score value



def

def

def

mlp = self.initMlp(netParams)
self.env.reset()

actionCounter = 0

totalReward 0

observation = self.env.reset()

action = int(mlp.predict(observation.reshape(1l, -1)) > 0)

while True:
actionCounter += 1
observation, reward, done, info = self.env.step(action)
totalReward += reward

if done:
break

else:
action = int(mlp.predict(observation.reshape(l, -1)) > 0)
#print(action)

return totalReward

saveParams(self, netParams):

serializes and saves a list of network parameters using pickle
:param netParams: a list of floats representing the network parameters (we
savedParams = []
for param in netParams:
savedParams.append(param)

pickle.dump(savedParams, open("cart-pole-data.pickle", "wb"))

replayWithSavedParams(self):

deserializes a saved list of network parameters and uses it to replay an €
savedParams = pickle.load(open("cart-pole-data.pickle", "rb"))
self.replay(savedParams)

replay(self, netParams):
renders the environment and uses the given network parameters to replay an
:param netParams: a list of floats representing the network parameters (we

mlp = self.initMlp(netParams)
self.env.render()

actionCounter = 0

totalReward 0

observation = self.env.reset()

action = int(mlp.predict(observation.reshape(l, -1)) > 0)

while True:



actionCounter += 1

self.env.render()

observation, reward, done, info = self.env.step(action)
totalReward += reward

print(actionCounter, ": ------cmmmmmm i ")
print("action = ", action)
print("observation = ", observation)
print("reward = ", reward)
print("totalReward = ", totalReward)
print("done = ", done)
print()
if done:
break
else:

time.sleep(0.03)
action = int(mlp.predict(observation.reshape(l, -1)) > 0)

self.env.close()

def replayVideo(self):
#self.env.close()
show video()

/usr/local/lib/python3.7/dist-packages/sklearn/utils/deprecation.py:144: Futt
warnings.warn(message, FutureWarning)

# Set the random seed

# for reprodicibility of results:
RANDOM SEED = 42

random.seed (RANDOM SEED)

# Create the instance of the MountainCar class:
cartPole = CartPole(RANDOM SEED)

NUM OF PARAMS = len(cartPole)
# boundaries for layer size parameters:

# weight and bias values are bound between -1 and 1:
BOUNDS LOW, BOUNDS HIGH = -1.0, 1.0 # boundaries for all dimensions

GA Solution

from deap import base

from deap import creator
from deap import tools

from deap import algorithms

# Genetic Algorithm constants:



POPULATION SIZE = 100

P CROSSOVER = 0.9 # probability for crossover

P _MUTATION = 0.5 # probability for mutating an individual

MAX GENERATIONS = 40

HALL OF FAME SIZE = 3

CROWDING FACTOR = 10.0 # crowding factor for crossover and mutation

Genetic Tools

toolbox = base.Toolbox()

# define a single objective, maximizing fitness strategy:
creator.create("FitnessMax", base.Fitness, weights=(1.0,))

# create the Individual class based on list:
creator.create("Individual", list, fitness=creator.FitnessMax)

# helper function for creating random real numbers uniformly distributed within a
# it assumes that the range is the same for every dimension
def randomFloat(low, up):

return [random.uniform(l, u) for 1, u in zip([low] * NUM OF PARAMS, [up] * NUV

# create an operator that randomly returns a float in the desired range:
toolbox.register("attrFloat", randomFloat, BOUNDS LOW, BOUNDS HIGH)

# create an operator that fills up an Individual instance:
toolbox.register("individualCreator",

tools.initlterate,

creator.Individual,

toolbox.attrFloat)

# create an operator that generates a list of individuals:
toolbox.register("populationCreator",

tools.initRepeat,

list,

toolbox.individualCreator)

# fitness calculation using the CrtPole class:
def score(individual):
return cartPole.getScore(individual),

toolbox.register("evaluate", score)

# genetic operators:

toolbox.register("select", tools.selTournament, tournsize=2)
toolbox.register("mate",

tools.cxSimulatedBinaryBounded,
low=BOUNDS LOW,



up=BOUNDS HIGH,
eta=CROWDING FACTOR)

toolbox.register("mutate",
tools.mutPolynomialBounded,
Low=BOUNDS LOW,
up=BOUNDS HIGH,
eta=CROWDING FACTOR,
indpb=1.0/NUM OF PARAMS)

/usr/local/lib/python3.7/dist-packages/deap/creator.py:141: RuntimeWarning: /
RuntimeWarning)

/usr/local/lib/python3.7/dist-packages/deap/creator.py:141: RuntimeWarning: #/
RuntimeWarning)

+ Elitism Tools

def eaSimpleWithElitism(population, toolbox, cxpb, mutpb, ngen, stats=None,
halloffame=None, verbose=_ debug ):

"""This algorithm is similar to DEAP eaSimple() algorithm, with the modificati
halloffame is used to implement an elitism mechanism. The individuals containe
halloffame are directly injected into the next generation and are not subject
genetic operators of selection, crossover and mutation.
logbook = tools.Logbook()
logbook.header = ['gen', 'nevals'] + (stats.fields if stats else [])

# Evaluate the individuals with an invalid fitness
invalid ind = [ind for ind in population if not ind.fitness.valid]
fitnesses = toolbox.map(toolbox.evaluate, invalid ind)
for ind, fit in zip(invalid ind, fitnesses):
ind.fitness.values = fit

if halloffame is None:
raise ValueError("halloffame parameter must not be empty!")

halloffame.update(population)
hof size = len(halloffame.items) if halloffame.items else 0

record = stats.compile(population) if stats else {}
logbook.record(gen=0, nevals=len(invalid ind), **record)
if verbose:

print(logbook.stream)

# Begin the generational process
for gen in range(1l, ngen + 1):

# Select the next generation individuals
offspring = toolbox.select(population, len(population) - hof size)

# Vary the pool of individuals
offspring = algorithms.varAnd(offspring, toolbox, cxpb, mutpb)



# Evaluate the individuals with an invalid fitness
invalid ind = [ind for ind in offspring if not ind.fitness.valid]
fitnesses = toolbox.map(toolbox.evaluate, invalid ind)
for ind, fit in zip(invalid ind, fitnesses):
ind.fitness.values = fit

# add the best back to population:
offspring.extend(halloffame.items)

# Update the hall of fame with the generated individuals
halloffame.update(offspring)

# Replace the current population by the offspring
population[:] = offspring

# Append the current generation statistics to the logbook
record = stats.compile(population) if stats else {}
logbook.record(gen=gen, nevals=len(invalid ind), **record)
if verbose:

print(logbook.stream)

return population, logbook

v GA Workflow

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)

# prepare the statistics object:

stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register("max", numpy.max)

stats.register("avg", numpy.mean)

# define the hall-of-fame object:
hof = tools.HallOfFame(HALL OF FAME SIZE)

print( 13k 5k 5k 5k 3K 3K 3K 3K K K >k >k >k >k >k >k >k >kokoskokoskoskokoskokok ! )

start = time.time()

# perform the Genetic Algorithm flow with hof feature added:

population, logbook = eaSimpleWithElitism(population,
toolbox,
cxpb=P CROSSOVER,
mutpb=P_MUTATION,
ngen=MAX GENERATIONS,
stats=stats,
halloffame=hof,
verbose=True)

end = time.time()

time NNA = end - start

print("Time Elapsed = ", time NNA)



3k 3k 3k 3k 3k ok ok ok ok 5k 5k 5k 5k 5k 5k 5K 5K K K K K >k >k >k >k >k >k

gen nevals max avg

0 100 500 18.35

1 94 500 20.6

2 93 500 23.76
3 94 500 38.88
4 93 500 48.58
5 93 500 50.68
6 92 500 62.93

7 93 500 47.7

8 92 500 59.98
9 94 500 75.68
10 95 500 55.81
11 85 500 76.89
12 93 500 79.83

13 92 500 73.48
14 85 500 66.83

15 96 500 69.02

16 94 500 98.28
17 95 500 91.89
18 93 500 92.16
19 93 500 100.52
20 90 500 112.75
21 89 500 112.59
22 92 500 149.5

23 95 500 177.98
24 96 500 228.95
25 89 500 239.97
26 91 500 298.21
27 91 500 277.71
28 95 500 356.53
29 93 500 426.83
30 94 500 426.92
31 93 500 371.19
32 92 500 415.99
33 91 500 447 .65
34 920 500 431.27
35 94 500 445 .97
36 91 500 448.41
37 91 500 449.5

38 88 500 470.01
39 93 500 473.17
40 920 500 460.75

Time Elapsed = 102.10462594032288

# print best solution found:
best = hof.items[0]

print("Best solution: ", best)
print("Best FitnessMax = %1.5f" % best.fitness.values[0])
#print("Best Fitness = ", best.fitness.values[0])

# extract statistics:

minFitnessValues GA, meanFitnessValues GA = logbook.select("max", "avg")
print('History of maxFitnessValues GA =',minFitnessValues GA)
print('History of meanFitnessValues GA =',meanFitnessValues GA)

# save best solution for a replay:



#car.saveActions(best)
cartPole.saveParams(best)

Best solution: [0.9039409992284728, 0.06655498740733878,
Best FitnessMax = 500.00000

History of maxFitnessValues GA = [500.0, 500.0, 500.0, 500.0, 500.0, 500.0,
History of meanFitnessValues GA = [18.35, 20.6, 23.76, 38.88, 48.58, 50.68, ¢

»

-0.669913677453291¢

# Replay the best solution - TEXT version
#car.replaySavedActions()
cartPole.replayWithSavedParams()

action = 1

observation [ 0.00669915 0.22729017 0.02071759 -0.2462488 ]

reward = 1.0
totalReward =
done = False

y S S

action = 0

observation =
reward = 1.0
totalReward =
done = False

action = 1

observation =
reward = 1.0
totalReward =
done = False

4 ¢ s

action = 0

observation =
reward = 1.0
totalReward =
done = False

R T

action = 1

observation =
reward = 1.0
totalReward =
done = False

ST

action = 0

observation =
reward = 1.0
totalReward =
done = False

action = 1
observation =
reward = 1.0

1.0

[0.01124495 0.03187854 0.01579262 0.05289627]

2.0

[ 0.01188253 0.22677053 0.01685054 -0.23476242]

3.0

[0.01641794 0.03141193 0.01215529 0.06318771]

[ 0.01704617 0.22635751 0.01341905 -0.2256355 ]

[0.02157332 0.03104637 0.00890634 0.07124991]

[ 0.02219425 0.22603951 0.01033134 -0.21860977]



totalReward =
done = False

action = 0

observation =
reward = 1.0
totalReward =

done =

False

7.0

cartPole.replayVideo()

# Replay the best solution - VIDEO version

#env.close()
show video()



# find average score of 100 episodes using the best solution found:
print("Running 100 episodes using the best solution...")
scores = []

for test in range(100):
scores.append(cartPole.getScore(best))
print("scores = ", scores)
print("Avg. score = ", sum(scores) / len(scores))

Part 4.What about the solution dependence on GA
conditions?

v ... with various RANDOM_SEED ...

Results for various RANDOM_SEEDs

v RANDOM_SEED = 42

# Set the random seed

# for reprodicibility of results:
RANDOM SEED = 42

random.seed (RANDOM SEED)

# Create the instance of the MountainCartPole class:
#car = MountainCar (RANDOM SEED)
cartPole = CartPole(RANDOM SEED)

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)

# prepare the statistics object:
stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register("max", numpy.max)
stats.register("avg", numpy.mean)



# define the hall-of-fame object:
hof = tools.HallOfFame(HALL OF FAME SIZE)

print('***************************')

start = time.time()

# perform the Genetic Algorithm flow with hof feature added:

population, logbook = eaSimpleWithElitism(population,
toolbox,
cxpb=P_CROSSOVER,
mutpb=P_MUTATION,
ngen=MAX GENERATIONS,
stats=stats,
halloffame=hof,
verbose=True)

end = time.time()

time 42 = end - start

print("Time Elapsed = ", time 42)
3k 3k >k 3k 5k >k 3kok 3k 3kok ok koK ok kokok 3k >kok sk kokok ko k
gen nevals max avg
0 100 500 18.35
1 94 500 20.6
2 93 500 23.76
3 94 500 38.88
4 93 500 48.58
5 93 500 50.68
6 92 500 62.93
7 93 500 47.7
8 92 500 59.98
9 94 500 75.68
10 95 500 55.81
11 85 500 76.89
12 93 500 79.83
13 92 500 73.48
14 85 500 66.83
15 96 500 69.02
16 94 500 98.28
17 95 500 91.89
18 93 500 92.16
19 93 500 100.52
20 920 500 112.75
21 89 500 112.59
22 92 500 149.5
23 95 500 177.98
24 96 500 228.95
25 89 500 239.97
26 91 500 298.21
27 91 500 277.71
28 95 500 356.53
29 93 500 426.83
30 94 500 426.92
31 93 500 371.19
32 92 500 415.99
33 91 500 447 .65
34 90 500 431.27
35 94 500 445.97
36 91 500 448.41

37 91 500 449.5



38 88 500 470.01
39 93 500 473.17
40 90 500 460.75
Time Elapsed = 100.9089777469635

# print best solution found:
best = hof.items[0]
print("Best solution: ", best)

print("Best FitnessMax = %1.5f" % best.fitness.values[0])

# extract statistics:

maxFitnessValues GA 42, meanFitnessValues GA 42 = logbook.select("max", "avg")
print('History of maxFitnessValues GA =',maxFitnessValues GA 42)
print('History of meanFitnessValues GA =',meanFitnessValues GA 42)

Best solution: [0.9039409992284728, 0.06655498740733878,

Best FitnessMax = 500.00000

History of maxFitnessValues GA = [500.0, 500.0, 500.0, 500.0, 500.0, 500.0,
History of meanFitnessValues GA = [18.35, 20.6, 23.76, 38.88, 48.58, 50.68,

v RANDOM_SEED = 666

# Set the random seed

# for reprodicibility of results:
RANDOM SEED = 666

random.seed (RANDOM SEED)

# Create the instance of the MountainCartPole class:

#car = MountainCar(RANDOM SEED)
cartPole = CartPole(RANDOM SEED)

# create initial population (generation 0):

population = toolbox.populationCreator (n=POPULATION SIZE)

# prepare the statistics object:

stats = tools.Statistics(lambda ind: ind.fitness.values)

stats.register("max", numpy.max)
stats.register("avg", numpy.mean)

# define the hall-of-fame object:
hof = tools.HallOfFame(HALL OF FAME SIZE)

print( b3ko3kook 3k 3kok ok Kok ok R kok sk kok sk ko ko k ki kk sk kkk ! )

start = time.time()

# perform the Genetic Algorithm flow with hof feature
population, logbook = eaSimpleWithElitism(population,

added:

toolbox,
cxpb=P_CROSSOVER,
mutpb=P MUTATION,
ngen=MAX GENERATIONS,

-0.669913677453291¢

E
€

»



end = time.time()
time 666 = end - start

print("Time Elapsed = ", time 666)
3k 5k >k 3k 5k >k 3k 5k 5k koK ok koK 5k >k ko 5k >k kok ok kokok kok
gen nevals max avg
0 100 107 13.16
1 94 107 15.3
2 90 195 21.15
3 92 195 22.12
4 920 309 28.75
5 93 500 40.27
6 93 500 51.37
7 92 500 55.92
8 89 500 60.71
9 91 500 52.74
10 920 500 46.15
11 89 500 48.56
12 94 500 48.64
13 96 500 50.98
14 92 500 72.16
15 91 500 63.82
16 92 500 77.75
17 920 500 82.13
18 96 500 101.53
19 93 500 109.37
20 88 500 127.58
21 93 500 177.51
22 94 500 218.88
23 94 500 238.59
24 95 500 248.42
25 95 500 243.61
26 93 500 254.23
27 90 500 286.46
28 94 500 338.73
29 94 500 376.32
30 94 500 411.44
31 89 500 434.94
32 92 500 437.33
33 91 500 434.47
34 92 500 440.55
35 92 500 461.34
36 88 500 460.73
37 91 500 445.49
38 87 500 451.93
39 95 500 433.93
40 93 500 446.73

Time Elapsed =

100.75136065483093

# print best solution found:

best =

print("Best solution:

hof.items[0]

n
’

print("Best FitnessMax =

#print("Best Fitness =

’

best)

stats=stats,
halloffame=hof,
verbose=True)

%1.5f" % best.fitness.values[0])

best.fitness.values[0])



# extract statistics:

maxFitnessValues GA 666, meanFitnessValues GA 666 = logbook.select("max", "avg")
print('History of maxFitnessValues GA =',maxFitnessValues GA 666)
print('History of meanFitnessValues GA =',meanFitnessValues GA 666)

Best solution: [-0.2582487265171046, 0.24179682019576307, -0.15088607952951¢
Best FitnessMax = 500.00000

History of minFitnessValues GA = [107.0, 107.0, 195.0, 195.0, 309.0, 500.0, ¢
History of meanFitnessValues GA = [13.16, 15.3, 21.15, 22.12, 28.75, 40.27, t

RANDOM_SEED = 1042

# Set the random seed

# for reprodicibility of results:
RANDOM SEED = 1042

random.seed (RANDOM SEED)

# Create the instance of the MountainCartPole class:
#car = MountainCar (RANDOM SEED)
cartPole = CartPole(RANDOM SEED)

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)

# prepare the statistics object:

stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register("max", numpy.max)

stats.register("avg", numpy.mean)

# define the hall-of-fame object:
hof = tools.HallOfFame(HALL OF FAME SIZE)

print('***************************')

start = time.time()

# perform the Genetic Algorithm flow with hof feature added:

population, logbook = eaSimpleWithElitism(population,
toolbox,
cxpb=P_CROSSOVER,
mutpb=P_MUTATION,
ngen=MAX GENERATIONS,
stats=stats,
halloffame=hof,
verbose=True)

end = time.time()

time 1042 = end - start

print("Time Elapsed = ", time 1042)

3k 3k 3k 3k 3k ok Sk Sk ok 5k 5k 5k 5k 5Kk 5K 5K K K K K K >k >k >k >k >k >k

gen nevals max avg

0 100 98 14.05
1 93 369 20.27
2 920 369 24.69



3 95 500 37.39
4 90 500 34

5 94 500 36.67
6 90 500 47.13
7 91 500 58.5

8 95 500 85.11
9 92 500 81.75
10 94 500 83.59
11 92 500 98.02
12 94 500 120.35
13 89 500 136.98
14 87 500 136.72
15 91 500 134.35
16 93 500 128.28
17 95 500 140.19
18 93 500 149.64
19 90 500 161.43
20 95 500 204.21
21 93 500 208.19
22 91 500 234.49
23 90 500 283.42
24 93 500 336.07
25 92 500 339.78
26 89 500 353.78
27 85 500 360.43
28 88 500 376.7
29 95 500 374.63
30 88 500 394.9
31 94 500 357.41
32 90 500 370.26
33 92 500 378.91
34 89 500 362.35
35 83 500 402.14
36 89 500 372.56
37 93 500 393.47
38 96 500 431.22
39 93 500 402.09
40 85 500 411.7

Time Elapsed = 108.02887892723083

# print best solution found:
best = hof.items[0]

print("Best solution: ", best)
print("Best FitnessMin = %1.5f" % best.fitness.values[0])
#print("Best Fitness = ", best.fitness.values[0])

# extract statistics:

maxFitnessValues GA 1042, meanFitnessValues GA 1042 = logbook.select("max", "avg")
print('History of maxFitnessValues GA =',maxFitnessValues GA 1042)

print('History of meanFitnessValues GA =',meanFitnessValues GA 1042)

Best solution: [0.5889028101863627, -0.7057154551790351, 0.4233244461858285¢
Best FitnessMin = 500.00000

History of maxFitnessValues GA = [98.0, 369.0, 369.0, 500.0, 500.0, 500.0, 5¢
History of meanFitnessValues GA = [14.05, 20.27, 24.69, 37.39, 34.0, 36.67, ¢

»



RESUME

For various RANDOM_SEED we can obtain different:

 solutions:) ... of course,
» performance (fitness function value),
* history.

The reason is the stochastic manner of parameter change during evolution.

... with various GA parameters ... like Crossover Probability

It takes a small change in P_CROSSOVER variable.

P_CROSSOVER = 0.1

P CROSSOVER = 0.1 # probability for crossover

# Set the random seed

# for reprodicibility of results:
RANDOM SEED = 1042

random.seed (RANDOM SEED)

# Create the instance of the MountainCartPole class:
#car = MountainCar(RANDOM SEED)
cartPole = CartPole(RANDOM SEED)

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)

# prepare the statistics object:

stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register("max", numpy.max)

stats.register("avg", numpy.mean)

# define the hall-of-fame object:
hof = tools.HallOfFame(HALL OF FAME SIZE)

print( 15K 5K 5K 5K 5K 5K 5K K K K >k >k >k >k >k >k >k >k >k okookoskockokokokok ! )

start = time.time()

# perform the Genetic Algorithm flow with hof feature added:

population, logbook = eaSimpleWithElitism(population,
toolbox,
cxpb=P_CROSSOVER,
mutpb=P_MUTATION,
ngen=MAX GENERATIONS,
stats=stats,
halloffame=hof,
verbose=True)



end = time.time()
time 1042 CROpl = end - start

print("Time Elapsed = ", time 1042 CROpl)
sk sk ok ok ok o sk ok ok ok ok ok ok ok ok ok sk ok ok ok ok ok ok ok ok ok ok
gen nevals max avg
0 100 98 14.05
1 93 369 20.27
2 90 369 24.69
3 95 500 37.39
4 90 500 34
5 94 500 36.67
6 90 500 47.13
7 91 500 58.5
8 95 500 85.11
9 92 500 81.75
10 94 500 83.59
11 92 500 98.02
12 94 500 120.35
13 89 500 136.98
14 87 500 136.72
15 91 500 134.35
16 93 500 128.28
17 95 500 140.19
18 93 500 149.64
19 90 500 161.43
20 95 500 204.21
21 93 500 208.19
22 91 500 234.49
23 90 500 283.42
24 93 500 336.07
25 92 500 339.78
26 89 500 353.78
27 85 500 360.43
28 88 500 376.7
29 95 500 374.63
30 88 500 394.9
31 94 500 357.41
32 90 500 370.26
33 92 500 378.91
34 89 500 362.35
35 83 500 402.14
36 89 500 372.56
37 93 500 393.47
38 96 500 431.22
39 93 500 402.09
40 85 500 411.7

Time Elapsed = 106.09052872657776

# print best solution found:
best = hof.items[0]

print("Best solution: ", best)
print("Best FitnessMin = %1.5f" % best.fitness.values[0])
#print("Best Fitness = ", best.fitness.values[0])

# extract statistics:
maxFitnessValues GA 1042 CROpl, meanFitnessValues GA 1042 CROpl = logbook.select("



print('History of maxFitnessValues GA =',6maxFitnessValues GA 1042 CROpl)
print('History of meanFitnessValues GA =', meanFitnessValues GA 1042 CROpl)

Best solution: [0.5889028101863627, -0.7057154551790351, 0.4233244461858285¢
Best FitnessMin = 500.00000

History of minFitnessValues GA = [98.0, 369.0, 369.0, 500.0, 500.0, 500.0, 5¢
History of meanFitnessValues GA = [14.05, 20.27, 24.69, 37.39, 34.0, 36.67, ¢

»

v P_CROSSOVER =0.2

P _CROSSOVER = 0.2 # probability for crossover

# Set the random seed

# for reprodicibility of results:
RANDOM SEED = 1042

random.seed (RANDOM SEED)

# Create the instance of the MountainCartPole class:
#car = MountainCar (RANDOM SEED)
cartPole = CartPole(RANDOM SEED)

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)

# prepare the statistics object:

stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register("max", numpy.max)

stats.register("avg", numpy.mean)

# define the hall-of-fame object:
hof = tools.HallOfFame(HALL OF FAME SIZE)

print('***************************')

start = time.time()

# perform the Genetic Algorithm flow with hof feature added:

population, logbook = eaSimpleWithElitism(population,
toolbox,
cxpb=P CROSSOVER,
mutpb=P_MUTATION,
ngen=MAX GENERATIONS,
stats=stats,
halloffame=hof,
verbose=True)

end = time.time()

time 1042 CROp2 = end - start

print("Time Elapsed = ", time 1042 CROp2)

3k 3k 3k 3k 3k ok ok Sk Sk 5k 5k 5k 5k 5K 5K 5K 3K K K K K >k >k >k >k >k >k



gen nevals max avg

0 100 61 12.76
1 84 139 18.63
2 87 139 20.28
3 86 139 20.38
4 88 262 27.71
5 87 500 36.11
6 89 500 46.12
7 76 500 50.12
8 83 500 69.22
9 83 500 102.08
10 90 500 112.98
11 90 500 135.09
12 92 500 151.42
13 79 500 196.46
14 89 500 206.88
15 85 500 254.88
16 87 500 307.1
17 92 500 343.59
18 87 500 368.36
19 89 500 361.83
20 90 500 386.21
21 84 500 401.56
22 87 500 450.47
23 88 500 428.24
24 89 500 446.1
25 86 500 427 .84
26 90 500 465.95
27 87 500 464 .36
28 89 500 468.08
29 83 500 461.77
30 88 500 457 .34
31 83 500 487 .66
32 83 500 485.6
33 83 500 457 .34
34 80 500 478.28
35 88 500 470.93
36 87 500 464 .49
37 89 500 479.88
38 87 500 462 .48
39 90 500 492 .46
40 85 500 472 .49

Time Elapsed = 137.8567316532135

# print best solution found:
best = hof.items[0]

print("Best solution: ", best)
print("Best FitnessMin = %1.5f" % best.fitness.values[0])
#print("Best Fitness = ", best.fitness.values[0])

# extract statistics:

maxFitnessValues GA 1042 CROp2, meanFitnessValues GA 1042 CROp2 = logbook.select("
print('History of maxFitnessValues GA =',6maxFitnessValues GA 1042 CROp2)
print('History of meanFitnessValues GA =', meanFitnessValues GA 1042 CROp2)

Best solution: [0.8956039608596099, 0.013569898457665541, 0.833010987378023:
Best FitnessMin = 500.00000

History of maxFitnessValues GA = [61.0, 139.0, 139.0, 139.0, 262.0, 500.0, 5¢
History of meanFitnessValues GA = [12.76, 18.63, 20.28, 20.38, 27.71, 36.11,



v P_CROSSOVER=0.4

P_CROSSOVER = 0.4 # probability for crossover

# Set the random seed

# for reprodicibility of results:
RANDOM SEED = 1042

random.seed (RANDOM SEED)

# Create the instance of the MountainCartPole class:
#car = MountainCar(RANDOM SEED)
cartPole = CartPole(RANDOM SEED)

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)

# prepare the statistics object:

stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register("max", numpy.max)

stats.register("avg", numpy.mean)

# define the hall-of-fame object:
hof = tools.HallOfFame(HALL OF FAME SIZE)

print('***************************')

start = time.time()

# perform the Genetic Algorithm flow with hof feature added:

population, logbook = eaSimpleWithElitism(population,
toolbox,
cxpb=P_CROSSOVER,
mutpb=P_MUTATION,
ngen=MAX GENERATIONS,
stats=stats,
halloffame=hof,
verbose=True)

end = time.time()

time 1042 CROp4 = end - start

print("Time Elapsed = ", time 1042 CROp4)

3k 5k >k 3k 5k >k 3k 5k 5k koK 5k koK 5k >k ko k >k kok ok kokok kok

gen nevals max avg

0 100 98 14.05

1 57 98 15.38

2 76 413 23.66

3 66 413 32.9

4 65 413 40.32

5 71 413 54.39

6 65 413 76.21



7 57 500 101.52

8 65 500 127.46
9 62 500 165.06
10 74 500 164.39
11 66 500 185.03
12 74 500 168.55
13 59 500 244.16
14 63 500 310.33
15 70 500 359.5

16 61 500 422.41
17 73 500 444 .25
18 63 500 481.18
19 66 500 467.12
20 60 500 470.3

21 74 500 484.17
22 69 500 481.37
23 64 500 479.4

24 71 500 484.64
25 65 500 470.95
26 64 500 468.52
27 74 500 472.32
28 67 500 476.02
29 66 500 477.52
30 61 500 492.61
31 72 500 469.78
32 59 500 469.91
33 68 500 464.12
34 68 500 478.64
35 64 500 464.44
36 72 500 481.83
37 65 500 474.61
38 67 500 470.35
39 69 500 453.34
40 64 500 455.02

Time Elapsed = 116.45055270195007

# print best solution found:
best = hof.items[0]

print("Best solution: ", best)
print("Best FitnessMin = %1.5f" % best.fitness.values[0])
#print("Best Fitness = ", best.fitness.values[0])

# extract statistics:

maxFitnessValues GA 1042 CROp4, meanFitnessValues GA 1042 CROp4 = logbook.select("
print('History of maxFitnessValues GA =',6maxFitnessValues GA 1042 CROp4)
print('History of meanFitnessValues GA =',meanFitnessValues GA 1042 CROp4)

Best solution: [0.6272811775924462, 0.4841432610995863, 0.6791695047075679,
Best FitnessMin = 500.00000

History of maxFitnessValues GA = [98.0, 98.0, 413.0, 413.0, 413.0, 413.0, 41:
History of meanFitnessValues GA = [14.05, 15.38, 23.66, 32.9, 40.32, 54.39, ;

»



v P_CROSSOVER =0.8
P_CROSSOVER = 0.8 # probability for crossover

# Set the random seed

# for reprodicibility of results:
RANDOM SEED = 1042

random.seed (RANDOM SEED)

# Create the instance of the MountainCartPole class:
#car = MountainCar(RANDOM SEED)
cartPole = CartPole(RANDOM SEED)

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)

# prepare the statistics object:

stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register("max", numpy.max)

stats.register("avg", numpy.mean)

# define the hall-of-fame object:
hof = tools.HallOfFame(HALL OF FAME SIZE)

print('***************************')

start = time.time()

# perform the Genetic Algorithm flow with hof feature added:

population, logbook = eaSimpleWithElitism(population,
toolbox,
cxpb=P CROSSOVER,
mutpb=P_MUTATION,
ngen=MAX GENERATIONS,
stats=stats,
halloffame=hof,
verbose=True)

end = time.time()

time 1042 CROp8 = end - start

print("Time Elapsed = ", time 1042 CROp8)

3k 5k >k 3k 5k 3k 3kok sk koK ok 3k 3k ok >k kook 3k kok ok kokok >k k

gen nevals max avg

0 100 98 14.05
1 91 228 17.72
2 86 228 24.53
3 85 228 31.98
4 84 228 30.83
5 90 310 34.15
6 86 500 43.3

7 87 500 45.03
8 82 500 44.2

9 88 500 50.58
10 90 500 72.82
11 84 500 69.19

12 86 500 84.47



13 88 500 103.33

14 90 500 119.05
15 91 500 156.08
16 86 500 210.4

17 90 500 244 .17
18 85 500 282.28
19 84 500 347.16
20 90 500 369.82
21 86 500 421.07
22 86 500 390.78
23 91 500 405.6

24 86 500 412.67
25 81 500 429.95
26 89 500 431.46
27 84 500 423.54
28 93 500 437.7

29 88 500 448.48
30 84 500 452.05
31 84 500 470.85
32 86 500 456.84
33 84 500 475.83
34 92 500 457.2

35 89 500 461.42
36 81 500 459.49
37 92 500 470.96
38 91 500 460.97
39 88 500 457.45
40 88 500 464.49

Time Elapsed = 126.49325156211853

# print best solution found:
best = hof.items[0]

print("Best solution: ", best)
print("Best FitnessMin = %1.5f" % best.fitness.values[0])
#print("Best Fitness = ", best.fitness.values[0])

# extract statistics:

maxFitnessValues GA 1042 CROp8, meanFitnessValues GA 1042 CROp8 = logbook.select("
print('History of maxFitnessValues GA =',maxFitnessValues GA 1042 CROp8)
print('History of meanFitnessValues GA =',meanFitnessValues GA 1042 CROp8)

Best solution: [-0.3228837696778911, -0.053312503649015824, 0.2949724212959¢
Best FitnessMin = 500.00000

History of maxFitnessValues GA = [98.0, 228.0, 228.0, 228.0, 228.0, 310.0, 5¢
History of meanFitnessValues GA = [14.05, 17.72, 24.53, 31.98, 30.83, 34.15,

»

P_CROSSOVER = 0.9

P CROSSOVER = 0.9 # probability for crossover

# Set the random seed
# for reprodicibility of results:
RANDOM SEED = 1042



random.seed (RANDOM SEED)

# Create the instance of the MountainCartPole class:
#car = MountainCar (RANDOM SEED)
cartPole = CartPole(RANDOM SEED)

# create initial population (generation 0):
population = toolbox.populationCreator(n=POPULATION SIZE)

# prepare the statistics object:

stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register("max", numpy.max)

stats.register("avg", numpy.mean)

# define the hall-of-fame object:
hof = tools.HallOfFame(HALL OF FAME SIZE)

print('***************************')

start = time.time()

# perform the Genetic Algorithm flow with hof feature added:

population, logbook = eaSimpleWithElitism(population,
toolbox,
cxpb=P_CROSSOVER,
mutpb=P_MUTATION,
ngen=MAX GENERATIONS,
stats=stats,
halloffame=hof,
verbose=True)

end = time.time()

time 1042 CROp9 = end - start

print("Time Elapsed = ", time 1042 CROp9)
3k 3k >k 3k 5k >k 3kok 3k 3kok ok skok ok kokok >k skok sk kokok ko k
gen nevals max avg
0 100 98 14.05
1 93 369 20.27
2 90 369 24.69
3 95 500 37.39
4 90 500 34
5 94 500 36.67
6 90 500 47.13
7 91 500 58.5
8 95 500 85.11
9 92 500 81.75
10 94 500 83.59
11 92 500 98.02
12 94 500 120.35
13 89 500 136.98
14 87 500 136.72
15 91 500 134.35
16 93 500 128.28
17 95 500 140.19
18 93 500 149.64
19 90 500 161.43
20 95 500 204.21
21 93 500 208.19

22 91 500 234.49



23 90 500 283.42

24 93 500 336.07
25 92 500 339.78
26 89 500 353.78
27 85 500 360.43
28 88 500 376.7

29 95 500 374.63
30 88 500 394.9

31 94 500 357.41
32 90 500 370.26
33 92 500 378.91
34 89 500 362.35
35 83 500 402.14
36 89 500 372.56
37 93 500 393.47
38 96 500 431.22
39 93 500 402.09
40 85 500 411.7

Time Elapsed = 107.74227976799011

# print best solution found:
best = hof.items[0]

print("Best solution: ", best)
print("Best FitnessMin = %1.5f" % best.fitness.values[0])
#print("Best Fitness = ", best.fitness.values[0])

# extract statistics:

maxFitnessValues GA 1042 CROp9, meanFitnessValues GA 1042 CROp9 = logbook.select("
print('History of maxFitnessValues GA =',maxFitnessValues GA 1042 CROp9)
print('History of meanFitnessValues GA =',meanFitnessValues GA 1042 CROp9)

Best solution: [0.5889028101863627, -0.7057154551790351, 0.4233244461858285¢
Best FitnessMin = 500.00000

History of maxFitnessValues GA = [98.0, 369.0, 369.0, 500.0, 500.0, 500.0, 5¢
History of meanFitnessValues GA = [14.05, 20.27, 24.69, 37.39, 34.0, 36.67, ¢

»

RESUME

Again ... for various P_CROSSOVER we can obtain different:

 solutions ) ... of course,
» performance (fitness function value),
* history.

The reasons are

 the stochastic manner of parameter change during evolution,
e BUT ... more important ... different levels of gene exchange.

... with various GA parameters ... like Mutation Probability

(let's try it as a self-guided learning!)



It takes a small change in P_MUTATION variable.

Comparison Plots

Random Seed Dependence

Fitness Function

sns.set style("whitegrid")

# Classic grid search solution
#plt.hlines(accuracy classic solution, 0, 5, linestyle = 'solid', label='Classic ¢

# NN architecture
plt.plot(maxFitnessValues GA 42, color='green', label='42 (max)"')
plt.plot(meanFitnessValues GA 42, color='green', linestyle = 'dotted', label='42 (

# NN hyperparameter
plt.plot(maxFitnessValues GA 666, color='blue', label='666 (max)")
plt.plot(meanFitnessValues GA 666, color='blue', linestyle = 'dotted', label='666

# NN architecture + hyperparameter
plt.plot(maxFitnessValues GA 1042, color='red', label='1042 (max)")
plt.plot(meanFitnessValues GA 1042, color='red', linestyle = 'dotted', label='1042

plt.xlabel('Generation')

plt.ylabel('Max / Average (fitness function value)')
plt.title('Random Seed Dependence of GA solutions')
plt.legend(title='Random Number Seed')

plt.show()
Random Seed Dependence of GA solutions
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v Time

import matplotlib.pyplot as plt

X ['42','666','1042"']

y [time 42,time 666,time 1042]

plt.bar(x,y)

plt.ylabel('Time (sec)')

plt.title('Workflow Time vs Random Number Seed')
plt.show()

Workflow Time vs Random Number Seed
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1042
v Crossover Probability Dependence
v Fitness Function
sns.set style("whitegrid")
# Classic grid search solution
#plt.hlines(accuracy classic solution, 0, 5, linestyle = 'solid', label='Classic ¢

# NN architecture
plt.plot(maxFitnessValues GA 1042 CROpl, color='green', label='0.1 (max)"')
plt.plot(meanFitnessValues GA 1042 CROpl, color='green', linestyle = 'dotted', lakt

# NN hyperparameter
plt.plot(maxFitnessValues GA 1042 CROp2, color='blue', label='0.2 (max)"')
plt.plot(meanFitnessValues GA 1042 CROp2, color='blue', linestyle = 'dotted', labe

# NN architecture + hyperparameter
plt.plot(maxFitnessValues GA 1042 CROp4, color='red', label='0.4 (max)"')
plt.plot(meanFitnessValues GA 1042 CROp4, color='red', linestyle = 'dotted', label



# NN architecture + hyperparameter
plt.plot(maxFitnessValues GA 1042 CROp8, color='black', label='0.8 (max)"')
plt.plot(meanFitnessValues GA 1042 CROp8, color='black', linestyle = 'dotted', lat

# NN architecture + hyperparameter
plt.plot(maxFitnessValues GA 1042 CROp9, color='yellow', label='0.9 (max)"')
plt.plot(meanFitnessValues GA 1042 CROp9, color='yellow', linestyle = 'dotted', le

plt.xlabel('Generation')

plt.ylabel('Max / Average (fitness function value)')
plt.title('Crossover Probability Dependence of GA solutions')
plt.legend(title="'Crossover Probability', ncol=2)

plt.show()

Crossover Probability Dependence of GA solutions
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v Time

import matplotlib.pyplot as plt

x=1['0.1'",'0.2','0.4"','0.8"','0.9"']

y [time 1042 CROpl, time 1042 CROp2, time 1042 CROp4, time 1042 CROp8, time 1042
plt.bar(x,y)

plt.ylabel('Time (sec)')

plt.title('Workflow Time vs Crossover Probability')

plt.show()
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~ Jlekuia 08 - Henpoesontouisa - EvoJAX

Ha ocHoBi (C) po6oTu Google Brain, Yujin Tang, Yingtao Tian, David
Ha

KopoTKnun 3MicT:

* |HcTansauia EvoJAX (ko)xHoro pa3y nicns 3anycky Colab VM!),
e KOMMOHEHTH, HEOOXigHI ANs pobo4yoro npouecy EA,
 [Ipo6nema HaBYaHHS 3 nigkpinneHHsm (RL):

o CartPole-v1

* rpajieHTV NoniTUKK 3 JOCNIAXXEHHAM Ha OCHOBI MapaMeTpiB,

* | iHLLI.
[0 KiHUSA uiel nekuil Bu bygeTte 3HaTU:

* 3HOBY X Taku, AK BUKOPUCTOBYBaTK BOYA0BaHi anroputmu cTpykTypu DEAP gns
CTBOPEHHSA CTUC/IOro Koay

e AK BUpIWNTK NpobneMy Reinforcement Learning 3a LONOMOIOKO pilleHb Ha OCHOBI EA gns
MOLUYKY pilLieHb,

* 4K BUKOPUCTOBYBATU rpafieHTN NONITUKN 3 JOCNIAXEHHAM Ha OCHOBI NapamMeTpiB,

* AK eKCrepuMeHTyBaTu 3 PisHUMK HanawTyBaHHAMM GA Ta iHTeprnpeTyBaTu BifiMiIHHOCTI
B pesysibTaTax.

v [lonepenHsa ymoBa

Mepw Hi>X no4aTun, Ham NoTpibHO BcTaHOBUTM EvOoJAX 3 EvoJAX-github Ta iMmnopTyBaTu gesxi

6i6niotekn. MpumiTtka Y Hawin cTaTTi MM NPOBOANNN EKCNEPUMEHTU Ha rpadiyHnX

npouecopax NVIDIA V100. Bawwi pe3ynbtat MOXYTb BiAPI3HATUCA Bif, HaLLUKX.

from IPython.display import clear output, Image
I'pip install evojax

clear output()

import os

import numpy as np
import jax

import jax.numpy as jnp

fFrAam AviAadAay FAacl AavrtEnAlT A AamnAart CAavdEDAT ACULIE nAlll


https://github.com/google/evojax
https://arxiv.org/abs/2202.05008

IHTull ©TVU JdA . LADN. LAl LPULT LipuUl L Ldl trvuiLcowldliiyup
from evojax.policy.mlp import MLPPolicy

from evojax.algo import PGPE

from evojax import Trainer

from evojax.util import create logger

# Let's create a directory to save logs and models.

log dir = './log’

logger = create logger(name='EvoJAX', log dir=log dir)

logger.info('Welcome to the tutorial on Neuroevolution algorithm creation!')

logger.info('Jax backend: {}'.format(jax.local devices()))
Invidia-smi --query-gpu=name --format=csv,noheader

EvoJAX: 2022-02-11 02:06:40,128 [INFO] Welcome to the tutorial on Neuroevolut
absl: 2022-02-11 02:06:40,137 [INFO] Unable to initialize backend 'tpu driver
absl: 2022-02-11 02:06:40,322 [INFO] Unable to initialize backend 'tpu': INV/
EvoJAX: 2022-02-11 02:06:40,324 [INFO] Jax backend: [GpuDevice(id=0, process.
Tesla K80

Introduction

EvoJAX has three major components: the task, the policy network and the neuroevolution
algorithm. Once these components are implemented and instantiated, we can use a trainer to
start the training process. The following code snippet provides an example of how we use
EvoJAX.

seed = 42 # Wish me luck!

# We use the classic cart-pole swing up as our tasks, see

# https://github.com/google/evojax/tree/main/evojax/task for more example tasks.

# The test flag provides the opportunity for a user to

1. Return different signals as rewards. For example, in our MNIST example,
we use negative cross-entropy loss as the reward in training tasks, and the
classification accuracy as the reward in test tasks.

2. Perform reward shaping. It is common for RL practitioners to modify the
rewards during training so that the agent learns more efficiently. But this
modification should not be allowed in tests for fair evaluations.

hard = False

train task = CartPoleSwingUp(harder=hard, test=False)

test task = CartPoleSwingUp(harder=hard, test=True)

HOH KK R R

# We use a feedforward network as our policy.
# By default, MLPPolicy uses "tanh" as its activation function for the output.
policy = MLPPolicy(

input dim=train task.obs shape[0],

hidden dims=[64, 64],

output dim=train task.act shape[0],

logger=logger,



)

# We use PGPE as our evolution algorithm.
# If you want to know more about the algorithm, please take a look at the paper:
# https://people.idsia.ch/~juergen/nn2010.pdf

solver = PGPE(
pop size=64,
param_size=policy.num params,
optimizer="adam',

)

center learning rate=0.05,

seed=seed,

# Now that we have all the three components instantiated, we can create a
# trainer and start the training process.
trainer = Trainer(
policy=policy,
solver=solver,

)

train task=train task,
test task=

test task,

max_iter=600,
log interval=100,
test interval=200,

N repeats=

5,

n_evaluations=128,

seed=seed,

log dir=log dir,
logger=logger,

= trainer.run()

# Let's visualize the learned policy.

EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02

:06:
:06:
:07:
107
107
107
:08:
:08:
:08:
:08:
:08:

43,518
43,687
10,038

129,392
131,972
151,419

10,756
10,907
30,258
49,644
49,652

def render(task, algo, policy):

"""Render the learned policy.

[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]

MLPPolicy.num params = 4609

Start to train for 600 iterations.
Iter=100, size=64, max=712.8441, avg=¢t
Iter=200, size=64, max=782.5107, avg=;
[TEST] Iter=200, #tests=128, max=816.:
Iter=300, size=64, max=920.6417, avg=¢
Iter=400, size=64, max=921.8397, avg=¢
[TEST] Iter=400, #tests=128, max=934.Ft
Iter=500, size=64, max=932.7117, avg=¢
[TEST] Iter=600, #tests=128, max=955.:
Training done, best score=935.1467

task reset fn = jax.jit(test task.reset)

policy reset fn = jax.jit(policy.reset)
jax.jit(test task.step)

step fn =

act fn = jax.jit(policy.get actions)

params = algo.best params[None,

:]



task s = task reset fn(jax.random.PRNGKey(seed=seed)[None, :])
policy s = policy reset fn(task s)

images = [CartPoleSwingUp.render(task s, 0)]
done = False
step = 0
reward = 0
while not done:
act, policy s = act fn(task s, params, policy s)
task s, r, d = step_fn(task s, act)
step += 1
reward = reward + r
done = bool(d[0])
if step % 3 == 0:
images.append(CartPoleSwingUp.render(task s, 0))
print('reward={}"'.format(reward))
return images

imgs = render(test task, solver, policy)
gif file = os.path.join(log dir, 'cartpole.gif"')
imgs[0].save(
gif file, save all=True, append images=imgs[1l:], duration=40, loop=0)
Image(open(os.path.join(log dir, 'cartpole.gif'),'rb').read())



reward=[940.53296]

This tutorial walks you through the process of creating a new neuroevolution algoritm.

To contribute an algorithm implementation to EvoJAX, all you need to do is to implement the
NEAlgorithm interface.

The interface is defined as the following and you can see the related Python file here:

class NEAlgorithm(ABC):

"""Interface of all Neuro-evolution algorithms in EvoJAX."""
pop size: int

@abstractmethod
def ask(self) -> jnp.ndarray:

"""Ask the algorithm for a population of parameters.
Returns

A Jax array of shape (population size, param size).

raise NotImplementedError()

@abstractmethod

def tell(self, fitness: Union[np.ndarray, jnp.ndarray]) -> None:
"""Report the fitness of the population to the algorithm.
Args:

fitness - The fitness scores array.

raise NotImplementedError()

@property
def best params(self) -> jnp.ndarray:

raise NotImplementedError()

@best params.setter

def best params(self, params: Union[np.ndarray, jnp.ndarray]) -> None:
raise NotImplementedError()

~ Wrap an existing implementation

NEAlgorithm adopts the well-known “ask” and “tell” interfaces, where the former requests the
algorithm to generate a population of parameters and the latter reports the parameters' fitness
scores so that the algorithm can update its internal states. We think the conventional interface


https://github.com/google/evojax/blob/main/evojax/algo/base.py

for the neuroevolution algorithms brings familiarity to the developers and thus reduces the
required learning effort. Moreover, the interface is also used by many existing algorithms, it is
therefore possible for the practitioners to quickly plug in existing algorithms for sanity checks.
In the first part of this tutorial, we will create an implementation that wraps CMA-ES. Please take
a look at this wonderful tutorial for more information about CMA-ES.

import cma
from evojax.algo.base import NEAlgorithm

class CMAWrapper (NEAlgorithm):
"""This is a wrapper of CMA-ES."""

def init (self, param size, pop size, init stdev=0.1, seed=0):

self.pop size = pop size
self.params = None
self. best params = None

# We create CMA-ES in a simplest form.
self.cma = cma.CMAEvolutionStrategy(
x0=np.zeros(param size),
sigmaO=init stdev,
inopts={
'popsize': pop size,
'seed': seed if seed > 0 else 42,
'randn': np.random.randn,
},
)

# We jit-compile some utility functions.
self.jnp array = jax.jit(jnp.array)
self.jnp stack = jax.jit(jnp.stack)

def ask(self):
self.params = self.cma.ask()
return self.jnp stack(self.params)

def tell(self, fitness):
# CMA-ES minimizes, so we negate the fitness.
self.cma.tell(self.params, -np.array(fitness))
self. best params = np.array(self.cma.result.xfavorite)

@property
def best params(self):
return self.jnp array(self. best params)

@best params.setter
def best params(self, params):
self. best params = np.array(params)


https://github.com/CMA-ES/pycma
https://arxiv.org/abs/1604.00772

Notice that our implementation above is extremely simple, we haven't used many options or

functions provided by CMA-ES.

But let's plug in this implementation to our cart-pole earlier example and see how it works.

Alert Depending on your CPUs, running the following cell may take some time.

# Instead of PGPE, we use our CMAWrapper now.
solver = CMAWrapper(

)

pop size=64,

param_size=policy.num params,

seed=seed,

trainer = Trainer(

)

policy=policy,
solver=solver,

train task=train task,
test task=test task,
max_iter=600,

log interval=100,
test interval=200,
n_repeats=5,
n_evaluations=128,
seed=seed,

log dir=log dir,
logger=logger,

trainer.run()

EvoJAX: 2022-02-11 02:08:59,845 [INFO] Start to train for 600 iterations.
(32 w,64)-aCMA-ES (mu w=17.6,w 1=11%) in dimension 4609 (seed=42, Fri Feb 11

EvoJAX: 2022-02-11 02:

EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02
EvoJAX: 2022-02-11 02

14:
:20:
:20:
125
:31:
:31:
:36:
:41:
141

31,792
00,840
01,894

127,575

06,983
07,139
32,660
55,297

155,305

[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]

Iter=100, size=64, max=643.9105, avg=¢
Iter=200, size=64, max=692.3575, avg=t
[TEST] Iter=200, #tests=128, max=751.¢
Iter=300, size=64, max=718.8022, avg=t
Iter=400, size=64, max=747.0325, avg=t
[TEST] Iter=400, #tests=128, max=706.¢
Iter=500, size=64, max=725.8452, avg=¢
[TEST] Iter=600, #tests=128, max=764.:
Training done, best score=743.6188

The simple CMA-ES wrapper worked! However, we also notice that the training time increased

significantly.

Although the task and the policy networks are accelerated by GPUs, the

cma.CMAEvolutionStrategy implementation we used in the code above relies on CPUs, and

that is why we see the drop in training speed.

Nevertheless, being able to wrapper an existing algorithm and plug that in EvoJAX's training

pipeline serves as sanity checks and helps debugging when you migrate algorithms to EvoJAX.

Next, we will show you how to implement an algorithm in JAX from scratch.



v Simple PGPE in JAX

We are going to implement a very simple version of PGPE, users interested in the algorithm can
take a look at the paper and also check out some popular implementations (example1,
example2).

In a nutshell, PGPE samples the policy network parameters @ from Gaussian distributions. It
maintains the means p and the standard deviations o of the Gaussian distributions, and then
estimates the gradients of these parameters using the following formulae:

Ap; = ar —b)(0; — pi), Aoy = a(r — b)—(ei_’”) —ov

oF}
where « is the learning rate and b is a baseline from the reward 7.

The following code snippet provides a sample implementation of PGPE.
Note This simplified version ignores popular tricks such as converting the rewards to ranks,
using modern optimizers for parameter update, etc.

from evojax.algo.base import NEAlgorithm

class SimplePGPE(NEAlgorithm):
"""A simplified version of PGPE."""

def init (self, param size, pop size,
lr mu=0.05, lr sigma=0.1, init stdev=0.1, seed=0):

self.pop size = pop size

assert pop size % 2 == 0, "pop size must be a multpile of 2."
n directs = pop size // 2

self.noises = jnp.zeros(param size)

self.params = jnp.zeros(param size)

self.mu = jnp.zeros(param size)

self.sigma = jnp.ones(param size) * init stdev

self.rand key = jax.random.PRNGKey(seed=seed)

def ask fn(key, mu, sigma):
next key, sample key = jax.random.split(key=key, num=2)
perturbations = jax.random.normal(
key=sample key, shape=(n directs, param size)) * sigma[None, :]
params = jnp.vstack([perturbations, -perturbations]) + mu[None, :]
return params, perturbations, next key

self.ask fn = jax.jit(ask fn)

def tell fn(rewards, mu, sigma, perturbations):
fitness = jnp.array(rewards).reshape([2, n directs])

# To map to the formulae above:


https://people.idsia.ch/~juergen/icann2008sehnke.pdf
https://github.com/hardmaru/estool/blob/b0954523e906d852287c6f515f34756c550ccf42/es.py#L352
https://github.com/nnaisense/pgpelib

# (r - b) = (avg fitness - b) and (theta - mu) = perturbations
avg fitness = fitness.mean(axis=0)
b = jnp.mean(fitness)

# Update the means.
grad mu = (
(avg fitness - b)[:, None] * perturbations
) .mean (axis=0)
new mu = mu + lr mu * grad mu

# Update the sigmas.
# We constrain the change of sigma to prevent numerical errors.
grad sigma = (

(avg fitness - b)[:, None] *

(perturbations ** 2 - (sigma ** 2)[None, :]) / sigma[None,
) .mean(axis=0)
new sigma = jnp.clip(

sigma + lr _sigma * grad sigma, 0.8 * sigma, 1.2 * sigma)

return new mu, new sigma
self.tell fn = jax.jit(tell fn)

def ask(self):
self.params, self.noises, self.rand key = self.ask fn(
self.rand key, self.mu, self.sigma)
return self.params

def tell(self, fitness):
self.mu, self.sigma = self.tell fn(
fitness, self.mu, self.sigma, self.noises)

@property
def best params(self):
return self.mu

@best params.setter
def best params(self, params):
self.mu = jnp.array(params)

# Let's test our simple PGPE.
solver = SimplePGPE (
pop size=64,
param_size=policy.num params,
seed=seed,
)
trainer = Trainer(
policy=policy,
solver=solver,
train task=train task,
test task=test task,
max_ iter=1000,
log interval=100,
test interval=200,



n_repeats=5,
n_evaluations=128,
seed=seed,

log dir=log dir,
logger=logger,

)

= trainer.run()

EvoJAX:
EvoJAX:
EvoJAX:
EvoJAX:
EvoJAX:
EvoJAX:
EvoJAX:
EvoJAX:
EvoJAX:
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EvoJAX:
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:41:
142
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02:
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:45:
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44

55,585

116,350
:35,561
136,577
155,783

14,984
15,137

134,341
153,552
153,705

13,604
32,814

132,966

52,172
11,339
11,346

[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]

Start to train for 1000 iterations.

Iter=100, size=64, max=413.9725, avg=]
Iter=200, size=64, max=512.9973, avg=:
[TEST] Iter=200, #tests=128, max=556.¢
Iter=300, size=64, max=523.7679, avg=¢
Iter=400, size=64, max=567.3138, avg=t
[TEST] Iter=400, #tests=128, max=585.F
Iter=500, size=64, max=586.1516, avg=t
Iter=600, size=64, max=567.7144, avg=t
[TEST] Iter=600, #tests=128, max=636.°f
Iter=700, size=64, max=592.1466, avg=¢
Iter=800, size=64, max=603.3476, avg=t
[TEST] Iter=800, #tests=128, max=665.]
Iter=900, size=64, max=632.6639, avg=t
[TEST] Iter=1000, #tests=128, max=643.
Training done, best score=592.5771

Despite its simplicity, the training and test scores rise steadily. You can see our complete

implementation of PGPE here.

problems or suggestions, thanks!


https://github.com/google/evojax/blob/main/evojax/algo/pgpe.py
mailto:evojax-dev@google.com
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ABSTRACT

Evolutionary computation has been shown to be a highly effective
method for training neural networks, particularly when employed
at scale on CPU clusters. Recent work have also showcased their
effectiveness on hardware accelerators, such as GPUs, but so far
such demonstrations are tailored for very specific tasks, limiting ap-
plicability to other domains. We present EvoJAX, a scalable, general
purpose, hardware-accelerated neuroevolution toolkit. Building on
top of the JAX library, our toolkit enables neuroevolution algo-
rithms to work with neural networks running in parallel across
multiple TPU/GPUs. EvoJAX achieves very high performance by
implementing the evolution algorithm, neural network and task all
in NumPy, which is compiled just-in-time to run on accelerators.
We provide extensible examples of EvoJAX for a wide range of
tasks, including supervised learning, reinforcement learning and
generative art. Since EvoJAX can find solutions to most of these
tasks within minutes on a single accelerator, compared to hours or
days when using CPUs, our toolkit can significantly shorten the
iteration cycle of evolutionary computation experiments.

EvoJAX is available at https://github.com/google/evojax
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1 INTRODUCTION

Hardware accelerators have played an important role in advancing
the state-of-the-art for deep learning (DL), enabling rapid training
of neural networks and shorter research iteration cycles for their
development [12]. But much of this progress is restricted to systems
that rely on gradient descent, a highly effective optimization method
when we provide it with a well-defined objective function. But
in areas such as artificial life, complex systems, computational
biology, and even classical physics [18], much of the interesting
behaviors we observe take place near the chaotic states, where
a system is constantly transitioning between order and disorder.
It can be argued that intelligent life and even civilization are all
complex systems operating at the edge of chaos [3, 16]. If we wish
to study these systems, we need efficient methods to simulate and
find solutions in complex systems.
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Figure 1: EvoJAX Examples. (A) MNIST classification. (B)
Seq2Seq learning. (C) Robotic control. (D) Cart-pole swing
up. (E) Left: WaterWorld wherein the agent (yellow) tries
to get food (green) while avoiding poison (red). Right: A
version of WaterWorld with multiple agents. (F) Abstract
painting with only triangles. Left: Painting a concrete image.
Right: Painting the concept “Walt Disney World”.

Neural networks are a promising approach for modeling complex
systems [9, 19], and neuroevolution has made great progress in
developing methods for evolving neural networks to solve a wide
range of problems. Evolution-based methods have been shown to
find state-of-the-art solutions for reinforcement learning (RL) [8,
13, 22, 25, 29]. A policy with non-differentiable operations can solve
many more tasks than one that is fully differentiable [20, 27, 28, 33].
More importantly, the removal of the requirement of a differentiable
policy also liberates the researchers’ mind, enabling higher levels
of creativity for looking at problems and directions differently from
the mainstream. In a sense, enabling researchers to use neural
networks beyond gradient-based methods also enables the broader
machine learning (ML) research community to explore in a way
that is also less “grad student descent” [7]-based.

However, the progress of hardware-accelerated computational
methods for evolution has not kept pace with ML, or even RL.
Much of computational evolution is still conducted using CPU
clusters, largely ignoring the recent breakthroughs in hardware
accelerators such as GPUs/TPUs. Recent work started to demon-
strate effectiveness of GPUs for neuroevolution [25], but so far
such demonstrations are tailored for specific tasks [24], limiting
their applicability to other domains. To enable greater access to
hardware accelerators for neuroevolution researchers, we devel-
oped EvoJAX, a scalable, general purpose, neuroevolution toolkit.
Building on the JAX library [1], our toolkit enables neuroevolution
algorithms to work with neural networks running in parallel across
multiple TPU/GPUs. EvoJAX achieves very high performance by
implementing the evolution algorithm, neural network and task all
in NumPy, which is compiled just-in-time to run on accelerators.


https://github.com/google/evojax
https://doi.org/10.1145/3520304.3528770
https://doi.org/10.1145/3520304.3528770
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Figure 2: Architectural Overview of EvoJAX.

In this paper, we describe the design of EvoJAX and show how
one can use and extend EvoJAX for neuroevolution research. We
showecase several extensible examples of EvoJAX for a wide range
of tasks, including supervised learning (image classification, seq-to-
seq), RL (cart-pole swing-up [6], Brax locomotion [5], multi-agent
water world), and generative art (image approximation with shapes,
CLIP-guided abstract art [30]). We show that EvoJAX can find solu-
tions to most of these tasks within minutes on GPU/TPUs, compared
to hours or days when using CPUs. We believe our toolkit can sig-
nificantly shorten the experimental iteration cycle for researchers
working with evolutionary computation. We have also created sev-
eral tutorials and notebooks as part of this open-source project to
make adapting EvoJAX for novel use cases straightforward.

2 SYSTEM DESIGN

EvoJAX aims to improve the neuroevolution training efficiency by
implementing the entire pipeline in modern ML frameworks that
support hardware acceleration. We choose JAX[1] in our current
implementation due to its wide variety of hardware support and
its matured features of auto-vectorization, device-parallelism, just-
in-time compilation, etc. As we will see in Section 4, as long as
the component interfaces are properly implemented, EvoJAX also
allows user extensions with other frameworks.

Figure 2 gives an overview of how EvoJAX works. There are three
major components — the neuroevolution algorithm, the policy and
the task. Although these components are common in conventional
neuroevolution implementations, we highlight the key differences
that make EvoJAX much more efficient:

Modern ML Optimizers Researchers and practitioners in the
field of DL have been focusing on inventing optimization algo-
rithms [21] and techniques [15, 32, 34] that are both fast and effec-
tive. Although these techniques were tailored for gradient-based
optimizations, they can be directly applied to gradient estimation-
based evolutionary algorithms [17, 23] too. By leveraging JAX-based
libraries [1, 10, 11], EvoJAX not only achieves significant speed-up
but also provides the users with the tools and the interfaces to
develop their own implementations in a mature framework.

Global Policy In conventional neuroevolution implementa-
tions, it is a common practice to spawn multiple processes for
parameters evaluation. To achieve hardware acceleration, the im-
plementation adopts one of the DL frameworks and then each
of the evaluation processes maintains a separate computational
graph for the same policy. Unfortunately, most DL frameworks
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are not designed for multi-process training scenarios and often
cause difficulties. Moreover, when these processes are run on the
same accelerator, maintaining identical copies of the computational
graph is a waste of resource. Conforming to the “Single-Program,
Multiple-Data” (SPMD) model [4], EvoJAX solves this by building
a global policy and treat both the task observations and the policy
parameters as data for the computational graph. This global policy
design is easy to implement as it is consistent with DL frameworks,
and in the experiments we observe high data-throughput.

Vectorized Tasks Same as the policies, conventional methods
also create copies of the tasks in the spawned processes for indepen-
dent parameters evaluations. To be compliant with EvoJAX’s global
policy design, we propose to group these tasks in a vectorized form.
In terms of implementation, this can be achieved by either creating
the task in auto-vectorizaton supported frameworks or by creating
a task observations collector on top of all the evaluation processes.
EvoJAX adopts the first method.

Device Parallelism Thanks to the device-parallelism support
in JAX, EvoJAX is capable of scaling its training procedure almost
linearly to the available hardware accelerators. Utilizing EvoJAX’s
training pipeline, this device parallelism is automatically managed
and is transparent to the users. As we will see in Section 3, together
with the previously mentioned features, EvoJAX significantly short-
ens the training time for novel and non-trivial tasks.

EvoJAX defines simple yet functionally complete interfaces for
the three components, any implementations that are compliant
with the interfaces can be seamlessly integrated (see Section 4).

Finally, in addition to the mentioned major components, Evo-
JAX also comes with a trainer and a simulation manager that help
orchestrate and manage the training process. They contain detailed
implementations of task roll-out seeds generation, efficient training
loops, time profiling and logistics operations such as logging, test-
ing and periodic model saving. Convenient as they are, we point
out that EvoJAX is a flexible toolkit, where it is possible to use any
component independently (e.g., using a custom training loop).

3 EVOJAX EXAMPLES

We provide a total of six examples (see Figure 1) to showcase the
capacity, efficiency and the usage of EvoJAX online in the format
of Python scripts and notebooks. The examples are designed to
feature different aspects of EvoJAX and are in three categories:
Supervised Learning Tasks, Control Tasks and Novel Tasks. As
the experimental setups, “Robotic Control” was trained with TPUs,
“Concrete and Abstract Painting” was trained with 8 NVIDIA V100
GPUs, and the rest were trained with 1 NVIDIA V100 GPU.
Supervised Learning Tasks They provide both the data and
the ground-truth labels to train the policy. In EvoJAX, supervised
learning tasks are modelled as single-step tasks, the examples in
this category are thus isolated from other factors to prove the
correctness and efficiency of our algorithms’ implementation.

o MNIST Classification. Here, we train a convolutional neural net-
work (ConvNet) with 10K parameters with EvoJAX. Although
MNIST is a solved problem in DL, it is non-trivial for neuroevolu-
tion in terms of achieving high test accuracy within a short time
(e.g., in minutes). We show that EvoJAX can train the ConvNet
to reach > 98% test accuracy within 5 minutes.


https://github.com/google/evojax/blob/main/examples/train_mnist.py
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o Seq2Seq Learning. It has recently been shown that genetic al-
gorithms (GA) can train large models [20]. Here, we show that
EvoJAX is also capable of training a large network with hundreds
of thousands of parameters. We adopt a seq-to-seq task where the
policy is required to output a sequence after observing a query
sequence. Concretely, the query is a sequence that represents the
addition of two randomly generated integers (e.g., “012+345=",
we pad the numbers with leading 0’s so that they have equal
lengths) and the result is a sequence representing the answer. Us-
ing an LSTM-based seq2seq [26] model, EvoJAX achieves > 99%
test accuracy within tens of minutes.

While one would obviously use gradient-descent for such tasks
in practice, the point is to show that neuroevolution can also solve
them to some degree of accuracy within a short amount of time,
which will be useful when these models are adapted within a more
complicated task where gradient-based approaches may not work.

Control Tasks The purpose of including control tasks are two-
fold: 1) Unlike supervised learning tasks, control tasks in EvoJAX
have undetermined number of steps, we thus use these examples
to demonstrate the efficiency of our task roll-out loops. 2) We wish
to show the speed-up benefit of implementing tasks in JAX and
illustrate how to implement one from scratch.

e Robotic Control. Brax [5] is a differentiable physics engine im-
plemented in JAX that simulates environments made up of rigid
bodies, joints, and actuators. We show that it is easy to wrap Brax
tasks in EvoJAX, and it takes EvoJAX tens of minutes to solve a
robotic locomotion task on Colab TPUs.

o Cart-Pole Swing Up. Through this classic control task, we illustrate
how a task is implemented from scratch in JAX and integrated
into EvoJAX’s training pipeline. In our implementation, a user
can command the initial states to be randomly sampled from a
narrow (easy version) or a wide (hard version) range of possible
settings, with the latter being much harder to solve. EvoJAX
solves both versions within minutes.

Novel Tasks In this last category, we go beyond simple illustra-
tions and show examples of novel tasks that are more practical and
attractive to researchers in the genetic and evolutionary computa-
tion area, with the goal of helping them try out ideas in EvoJAX.

o WaterWorld. In this task [14], an agent tries to get as much food
as possible while avoiding poisons. EvoJAX is able to train the
agent in tens of minutes. Furthermore, we demonstrate that multi-
agents training in EvoJAX is possible. Here, we spawn the entire
population in the same task roll-out and directly measure each
agent’s performance in a multi-agent world. This training scheme
automatically generates task complexity beyond human design,
and is beneficial for learning policies that can deal with interac-
tions between agents and environmental uncertainties.

o Concrete and Abstract Painting. We reproduce the results from a
computational creativity work [30]. The original work, whose
implementation requires multiple CPUs and GPUs, could be accel-
erated on a single GPU efficiently using EvoJAX, which was not
possible before. Moreover, with multiple GPUs/TPUs, EvoJAX
can further speed up the mentioned work almost linearly. We also
show that the modular design of EvoJAX allows its components
be used independently - in this case it is possible to use only the
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Table 1: Time Comparisons. We report the training time for
both methods to achieve widely accepted test scores.

Baseline EvoJAX

MNIST 36 min 3 min
Cart-Pole Swing Up (Hard Version) 37 min 2 min
Locomotion (Ant)! 201 min 9 min

neuroevolution algorithms from EvoJAX while leveraging one’s
own training loops and environment implantation.

We summarize EvoJAX’s benefit via these examples. First of all,
EvoJAX brings significant training speed up. In Table 1 we show the
time costs of training some popular tasks with both a conventional
setup and EvoJAX.! On modest hardware accelerators, EvoJAX
trains 10 ~ 20 times faster which leads to quicker idea iterations.
Secondly, the capability of training multi-agents in a complex set-
ting that is beyond human design supplies training environmental
richness. And finally, EvoJAX puts the entire pipeline on unified
hardware setups and that allows the practitioners to simplify com-
plex hardware arrangements. As an example, for the substantial
load of computation in our Abstract Painting example, the baseline
needs to use both GPUs and CPUs, while EvoJAX only uses GPUs.

4 EXTENDING EVOJAX

A goal of EvoJAX is to provide researchers with an infrastructure
that allows fast idea iterations. With EvoJAX it is possible to devise
more effective neuroevolution algorithms, to explore novel policy
architectures, and to experiment with new tasks. EvoJAX has care-
fully defined interfaces, as long as these interfaces are properly
implemented, a user extended module can be integrated into the
pipeline seamlessly.

import jax.numpy as jnp

class TaskState: obs: jnp.ndarray
class PolicyState: keys: jnp.ndarray
class NEAlgorithm:
def ask(self) -> jnp.ndarray: pass
def tell(self, fitness: jnp.ndarray) -> None: pass
class PolicyNetwork:
def reset(self, states: TaskState) -> PolicyState: pass
def get_actions(self, t_states: TaskState, params: jnp.ndarray,
p_states: PolicyState) \
-> Tuple[jnp.ndarray, PolicyState]: pass
class VectorizedTask:
def reset(self, key: jnp.ndarray) -> TaskState: pass
def step(self, state: TaskState, action: jnp.ndarray) \
-> Tuple[TaskState, jnp.ndarray, jnp.ndarray]: pass

Figure 3: Major Component Interfaces in EvoJAX.

Devising New Algorithms Users interested in inventing new
neuroevolution algorithms should implement NEAIgorithm in Fig-
ure 3, which serves as the base class for all neuroevolution algo-
rithms in EvoJAX. Being consistent with most conventional im-
plementations, NEAlgorithm adopts the “ask” and “tell” interfaces,
where the former requests the algorithm to generate a population
of parameters and the latter reports the parameters evaluation re-
sults back to the algorithm for internal states update. Taking on the
conventional interfaces for the neuroevolution algorithms not only
brings familiarity to the developers and thus reducing the required

'We use the code from [27] as the baseline. For the Locomotion task, we use PyBullet
Ant in the baseline and Brax Ant in EvoJAX. The baseline is trained with 96 CPUs.


https://github.com/google/evojax/blob/main/examples/train_seq2seq.py
https://github.com/google/evojax/blob/main/examples/notebooks/BraxTasks.ipynb
https://github.com/google/evojax/blob/main/examples/train_cartpole.py
https://github.com/google/evojax/blob/main/examples/train_waterworld.py
https://github.com/google/evojax/blob/main/examples/train_waterworld_ma.py
https://github.com/google/evojax/blob/main/examples/train_waterworld_ma.py
https://github.com/google/evojax/blob/main/examples/notebooks/AbstractPainting01.ipynb
https://github.com/google/evojax/blob/main/examples/notebooks/AbstractPainting02.ipynb
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learning effort, but also allows the practitioners to quickly plug in
existing algorithms for sanity checks by writing a simple wrapper.

Exploring Novel Policy Architectures PolicyNetwork in Fig-
ure 3 defines the policy interface, all policies in EvoJAX implement
the get_actions method. The method puts no restrictions on what
the policy network should be or how it should behave, giving full
freedom for neural architecture search (NAS). Because EvoJAX con-
forms to the SPMD model, get_actions accepts three parameters: the
vectorized task states, the population parameters and the policy’s
internal states. At the beginning of a roll-out, each individual in the
population sees identical observations, they will then diverge due
to the population’s different behaviors. Because JAX requires pure
functions, the policy’s states (e.g., random seeds, LSTM cell states,
etc) are passed to get_actions via a Flax [10] dataclass p_states, which
is initialized by PolicyNetwork.reset. The method returns the actions
and the updated policy states. At runtime, calling get_actions is
equivalent to passing a batch of data through the model.

Experimenting with More Tasks In Figure 3, VectorizedTask
forms the base for all EvoJAX tasks. Similar to OpenAI's Gym envi-
ronments [2], the interface defines the reset and the step methods.
Following the pure-function principle of JAX, one major difference
between EvoJAX tasks and Gym environments is that EvoJAX’s
tasks do not keep internal states. Instead, these states are encap-
sulated in a TaskState instance and carried over the roll-out steps.
Similar to PolicyState, users can inherit TaskState and create one’s
own task specific state to encapsulate arbitrary information besides
the environment observations. In most tasks, the initial states are
generated via a procedure of randomness. The reset method thus
accepts key’s that act as seeds for the random process.

5 LIMITATIONS AND FUTURE WORKS

EvoJAX is based on the JAX framework, which is based on the
familiar NumPy and is thus friendly to researchers accustomed to
such tools. However, practitioners may have to take effort to under-
stand the subtleties of JAX in order to maximize its performance.
The time spent on learning the JAX framework may translate to
a delayed adoption of EvoJAX, hence much of our focus so far
has been on creating examples and tutorials that others can use
as templates to build upon. Another limitation of EvoJAX is the
compatibility with existing non-parallelizable tasks. Although it is
possible to create an observation collector on top of the evaluation
processes to mimic the behavior of VectorizedTask, the operation
involves inter-process communications that becomes a bottleneck,
preventing such tasks from the benefit of hardware-acceleration.
In the future, we plan to release more neuroevolution algorithm
implementations to EvoJAX in addition to PGPE [23, 31] in the
current release. We will add more policies and tasks to both demon-
strate a wider variety of examples in order to encourage greater
adoption of EvoJAX, with the goal of further enhancing the com-
putation tools available in evolutionary computation research.

REFERENCES

[1] James Bradbury, Roy Frostig, Peter Hawkins, Matthew James Johnson, Chris
Leary, Dougal Maclaurin, George Necula, Adam Paszke, Jake VanderPlas, Skye
Wanderman-Milne, and Qiao Zhang. 2018. JAX: composable transformations of
Python+NumPy programs. http://github.com/google/jax

[2] G.Brockman, V. Cheung, L. Pettersson, J. Schneider, J. Schulman, J. Tang, and W.
Zaremba. 2016. Openai gym. arXiv:1606.01540 (2016).

— =
A

(14

[15

jfunpuny
N

=
)

™
=

[21]

[22]

[23

[24

[25

[26]

[27

(28]

[29

(30]

[31

(32]

[33

[34

Yujin Tang, Yingtao Tian and David Ha

Leon Chua, Valery Sbitnev, and Hyongsuk Kim. 2012. Neurons are poised near
the edge of chaos. International Journal of Bifurcation and Chaos 22, 04 (2012).
Frederica Darema. 2001. The spmd model: Past, present and future. In European
Parallel Virtual Machine/Message Passing Interface Users’ Group Meeting. Springer.
C. Daniel Freeman, Erik Frey, Anton Raichuk, Sertan Girgin, Igor Mordatch, and
Olivier Bachem. 2021. Brax - A Differentiable Physics Engine for Large Scale Rigid
Body Simulation. http://github.com/google/brax

Daniel Freeman, David Ha, and Luke Metz. 2019. Learning to Predict Without
Looking Ahead: World Models Without Forward Prediction. In Advances in
Neural Information Processing Systems, Vol. 32. Curran Associates, Inc.
Oguzhan Gencoglu, Mark van Gils, Esin Guldogan, Chamin Morikawa, Mehmet
Siizen, Mathias Gruber, Jussi Leinonen, and Heikki Huttunen. 2019. HARK Side
of Deep Learning-From Grad Student Descent to Automated Machine Learning.
arXiv:1904.07633 (2019).

David Ha. 2020. Slime Volleyball Gym Environment.

David Ha and Yujin Tang. 2021. Collective Intelligence for Deep Learning: A
Survey of Recent Developments. arXiv:2111.14377 (2021).

Jonathan Heek, Anselm Levskaya, Avital Oliver, Marvin Ritter, Bertrand Ronde-
pierre, Andreas Steiner, and Marc van Zee. 2020. Flax: A neural network library
and ecosystem for JAX. http://github.com/google/flax

Matteo Hessel, David Budden, Fabio Viola, Mihaela Rosca, Eren Sezener, and Tom
Hennigan. 2020. Optax: composable gradient transformation and optimisation, in
JAX! http://github.com/deepmind/optax

Sara Hooker. 2021. The hardware lottery. Commun. ACM 64, 12 (2021), 58-65.
Max Jaderberg, Valentin Dalibard, Simon Osindero, Wojciech M Czarnecki, Jeff
Donahue, Ali Razavi, Oriol Vinyals, Tim Green, Iain Dunning, Karen Simonyan,
etal. 2017. Population based training of neural networks. arXiv:1711.09846 (2017).
Andrej Karpathy. 2015. REINFORCE]s. https://cs.stanford.edu/people/karpathy/
reinforcejs/waterworld. html

Nitish Shirish Keskar, Dheevatsa Mudigere, Jorge Nocedal, Mikhail Smelyan-
skiy, and Ping Tak Peter Tang. 2016. On large-batch training for deep learning:
Generalization gap and sharp minima. arXiv:1609.04836 (2016).

Roger Lewin. 1999. Complexity: Life at the edge of chaos. University of Chicago.
Horia Mania, Aurelia Guy, and Benjamin Recht. 2018. Simple random search
of static linear policies is competitive for reinforcement learning. In The 32nd
Conference on Neural Information Processing Systems. 1805-1814.

Luke Metz, C Daniel Freeman, Samuel S Schoenholz, and Tal Kachman. 2021.
Gradients are Not All You Need. arXiv:2111.05803 (2021).

Sebastian Risi. 2021. The Future of Artificial Intelligence is Self-Organizing and
Self-Assembling. https://sebastianrisi.com/self_assembling_ai.

Sebastian Risi and Kenneth O Stanley. 2019. Deep neuroevolution of recurrent
and discrete world models. In Proceedings of GECCO. 456-462.

Sebastian Ruder. 2016. An overview of gradient descent optimization algorithms.
arXiv:1609.04747 (2016).

Tim Salimans, Jonathan Ho, Xi Chen, Szymon Sidor, and Ilya Sutskever.
2017. Evolution strategies as a scalable alternative to reinforcement learning.
arXiv:1703.03864 (2017).

Frank Sehnke, Christian Osendorfer, Thomas Riickstief}, Alex Graves, Jan Peters,
and Jirgen Schmidhuber. 2010. Parameter-exploring policy gradients. Neural
Networks 23, 4 (2010), 551-559.

Felipe Such. 2018. Accelerating Deep Neuroevolution: Train Atari in Hours on a
Single Personal Computer. https://eng.uber.com/accelerated-neuroevolution/
Felipe Petroski Such, Vashisht Madhavan, Edoardo Conti, Joel Lehman, Kenneth O
Stanley, and Jeff Clune. 2017. Deep neuroevolution: Genetic algorithms are a
competitive alternative for training deep neural networks for reinforcement
learning. arXiv:1712.06567 (2017).

L. Sutskever, O. Vinyals, and Q. Le. 2014. Sequence to sequence learning with
neural networks. In Advances in NIPS. 3104-3112.

Yujin Tang and David Ha. 2021. The Sensory Neuron as a Transformer:
Permutation-Invariant Neural Networks for Reinforcement Learning. In The
35th Conference on Neural Information Processing Systems.

Yujin Tang, Duong Nguyen, and David Ha. 2020. Neuroevolution of Self-
Interpretable Agents. In Genetic and Evolutionary Computation Conference.
Yujin Tang, Jie Tan, and Tatsuya Harada. 2020. Learning agile locomotion via
adversarial training. In 2020 IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS). IEEE, 6098-6105.

Yingtao Tian and David Ha. 2021. Modern Evolution Strategies for Creativity:
Fitting Concrete Images and Abstract Concepts. arXiv:2109.08857 (2021).

Nihat Engin Toklu, Pawet Liskowski, and Rupesh Kumar Srivastava. 2020. ClipUp:
A Simple and Powerful Optimizer for Distribution-Based Policy Evolution. In
International Conference on Parallel Problem Solving from Nature. 515-527.
Twan Van Laarhoven. 2017. L2 regularization versus batch and weight normal-
ization. arXiv:1706.05350 (2017).

Rui Wang, Joel Lehman, Jeff Clune, and Kenneth O Stanley. 2019. Paired open-
ended trailblazer (poet): Endlessly generating increasingly complex and diverse
learning environments and their solutions. arXiv:1901.01753 (2019).

Kaichao You, Mingsheng Long, Jianmin Wang, and Michael I Jordan. 2019. How
does learning rate decay help modern neural networks? arXiv:1908.01878 (2019).


http://github.com/google/jax
http://github.com/google/brax
http://github.com/google/flax
http://github.com/deepmind/optax
https://cs.stanford.edu/people/karpathy/reinforcejs/waterworld.html
https://cs.stanford.edu/people/karpathy/reinforcejs/waterworld.html
https://sebastianrisi.com/self_assembling_ai
https://eng.uber.com/accelerated-neuroevolution/

