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MepiAnyn

H uvapikn avaduon Kataokeuav anotedel pia anapaitn Siadikaoia yla tov oxediaopo
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Abstract

Structural Dynamics is an essential procedure for the design and study of safe and
efficient engineering projects. However, it may often be computationally taxing, especially
when it involves complex computational models and nonlinear analyses. The rapid de-
velopment of computational technology in recent decades has proportionally increased
the demand for more accurate and large computational models. Therefore, the need for
innovative and efficient simulation methods becomes increasingly evident.

The rapid development of Artificial Intelligence (Al) and Machine Learning (ML) in re-
cent years has revolutionized many fields, enabling significant advances in automation,
data analysis, and predictive modelling of physical processes. These developments have
been fueled by increasing computational power, availability of massive amounts of data,
and the creation of sophisticated algorithms that continuously improve. In engineer-
ing and physics, the integration of ML techniques facilitates the resolution of complex
problems that could previously be intractable, employing conventional methods. This
evolution has led to the emergence of the field of Scientific Machine Learning (SciML).
Physics-Informed Neural Networks (PINNs) constitute the most prominent and widely
adopted tool within SciML. PINNs provide a method for solving complex problems by com-
bining machine learning techniques with the governing physical laws. The integration of
physical laws into the training process of neural networks enhances the predictive capa-
bility of such models, reducing the dependence on real, often scarce, training data while
simultaneously achieving high accuracy.

In the present work, the application of PINNs for the dynamic analysis of structures
is investigated. The ability of such models to predict the dynamic response of a system,
as well as to identify its parameters through the model training process, is explored.
The applicability, efficiency, as well as limitations of the method are assesed through

numerical applications.

Keywords

Structural Dynamics, Scientific Machine Learning - SciML, Physics-Informed Neural
Networks (PINNs)
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Kef'laio 1. EISAGWGH

1.1 Genik Perigraf tou Probl matoc

H agdaba exelixh thc teqnht ¢ nohmosOnhc égei anadePxei néec mejidouc gia thn epblu-
sh polOplokwn majhmatik n exis,sewn pou diépoun usik™ ainimena, oi opoPec

garakthrDzontai api meiwmeéno upologistiki kistoc epBlushc kai ligiterouc periorismoOc

api antbstoigec sumbatikéc mejidouc.

Sthn paroOsa ergasDa, exet’zetai h epBlush diaforik,n exis,sewn kBnhshc dunamik,n
susthm™wn me th gr sh thc mejidou twn neurwnik n diktOwn kajodhgoOmenwn api th
usik ( PhysicseInformed Neural Networks ). Ta neurwnik™ dbktua kajodhgoOmena api th
usik apoteloOn neurwnik™ dbktua ta opoPa upakoOn se usikoOc nimouc. H epBlush exi-
s,sewn me th gr sh autoO tou tOpou neurwnik n diktOwn epitugqg netai mésw enswm’twshc
thc diaforik ¢ exBswshc pou diépei ton usiki nimo mésa ston algirijmo ekpabdeushc. Me
autin ton tripo, to dbktuo den asbzetai apokleistik™ se dedoména ekpabdeushc, all” axio-
poieD ton usiki nimo prokeiménou na proseggbsei kalOtera th IOsh. Auti epitrépei thn
apex’rthsh api meg~louc igkouc dedoménwn kai kajist™ dunat thn epBlush problhm™twn
ipou ta dedoména ePnai periorisména dOskola na apokthjoOn. H efarmog twn neurw-
nik,.n diktOwn kajodhgoOmenwn api th usik prosféretai gia thn epBlush plhj rac
diaforetik_n eid,n problhmwn, an’loga me ton epidiwkimeno stiqo. Sthn paroOsa er-
gasba exet"zetai arqik™ h efarmog touc gia thn epblush thc exbswshc pou perigrifei
to priblhma. Epipléon, gbnetai efarmog touc gia thn tautopobhsh twn paramétrwn thc
diépousac diaforik ¢ exDswshc, me qr sh dedoménwn thc pragmatik ¢ IOshc, ta opoba
endegqomeénwc periéqoun irubo kai abebaiithta.

1.2 Antikebmeno kai Stigoc thc Ergasbac

AntikeDmeno thc ergasbac aut ¢ ePnai h epblush thc diaforik ¢ exBswshc kbnhshc upi
diforec sunj kec, me gr sh thc mejidou neurwnik,n diktOwn kajodhgoOmenwn api th
usik ( PINN: Physics Informed Neural Network ) . Arqik”, parousi“zontai oi dunatithtec
twn PINNs mesw thc efarmog ¢ touc sthn exbswsh kbnhshc monob“jmiou sust matoc upi
apl aposbennOmenh tal"ntwsh. 'Epeita, exet'zetai h akrbbeia thc mejidou sthn an’lu-
sh monob“jmiou sust matoc upi armonik diegersh kai upi seismik diégersh. Teéloc,
epilOetai &éna polub”jmio sOsthma to opoPo upikeitai se apl armonik tal"ntwsh, gia
na exetasjeD h méjodoc kai se perissiterouc api énan ajmoOc eleujerbac. Epipléon,
ektelebtai efarmog tautopobhshc twn parametrwn thc diaforik ¢ exbswshc kbnhshc gia
éna apli grammiki monob“jmio sOsthma to opoPo upikeitai se eleQjerh tal"ntwsh kai se
exanagkasmenh tal"ntwsh me armonik irtish.

Stigoc thc ergasPac aut ¢ ePnai na exetastoOn oi dunatithtec all” kai oi periorismoD
efarmog ¢ twn neurwnik,n diktOwn kajodhgoOmenwn api th usik sthn epPlush pro-
Ihm“twn dunamik ¢ twn kataskeu,n. H méjodoc PINNs dOnatai na apotelései isquri
ergalebo sto pedbo thc mhganik ¢, kurbwc se peript,seic ipou ta dedoména gia thn epBlush
thc exDswshc den eparkoOn oi timéc twn paramétrwn thc exDswshc ePnai “gnwstec.



1.3 Mejodologba

1.3 Mejodologba

Sta plabsia thc ergasbac, h mejodologba pou akolouj jhke sunoybzetai sta parak™tw
st'dia:

1. Prosdiorismic dedoménwn anafor™c.
2. Epilog paramétrwn montélou kai algorbjmwn.
3. Ekpabdeush kai efarmog tou diktOou.

4. Epal jeush kai epexergasba apotelesm™twn.

Arqik”, gia to ek’stote priblhma prosdiorDzetai h IOsh anafor’c. Aut mporeb na
prokOyei ebte api mia analutik 10sh (ipou aut dOnatai na prosdioristeD) meésw a-
ijmhtik ¢ olokl rwshc thc diepousac diaforik ¢ exbswshc. Sth sunéqgeia epilegetai h
argitektonik tou diktOou kaj,c kai oi di*forec algorijmikéc par"metroi pou aforoOn
th diadikasba ekpabdeushc. Akoloujeb h diadikasba ekpabdeushc kai h efarmog tou ek-
paideuménou pléon montélou gia thn epblush tou ek’stote probl matoc. Téloc, gbnetai
epal jeush twn probléyewn tou montelou. Me ton élegqo auti exet’zetai an éqei epiteu-
gjeb h epijumht akrbbeia kai an iqi, epanalamb’netai h diadikasba api to ma epilog ¢
paramétrwn. Gia thn epBteuxh twn parap™nw anaptOgjhke k. dikac MATLAB tiso gia thn
efarmof twn sumbatik,n mejidwn epblushc, iso kai gia ton orismi, ekpabdeush kai e-
armog twn neurwnik n diktOwn.

1.4 Di'rjrwsh thc Ergasbac

Se sunéqeia aut ¢ thc eisagwgik ¢ enithtac, akoloujeb to kef’laio 2, sto opobo pa-
ousi“zetai to ewrhtiki upibajro thc tegnht ¢ nohmosOnhc, twn neurwnik,n diktOwn ka-
odhgoOmenwn api th usik , kaj,c kai thc dunamik ¢ an“lushc twn kataskeu,n. Para-
tbjentai sth sunéqeia asikéc diadikasbec thc dunamik ¢ an’lushc kataskeu,n pou grh-
simopoi jhkan stouc algirijmouc ekpabdeushc twn efarmog,n kaj,c kai asikec ennoiec
pou aforoOn th dom twn  PINNs kai th leitourgBa touc. Sto 3o kef’laio paratDjetai a-
nalutik™ h mejodologba pou akoloujebtai sthn epblush k'je efarmog c. Sto kef’laio 4,
katagr-fontai oi efarmogéc, oi opoPec diakrBnontai se dOo upokathgorbec:

1. Efarmogéc pribleyhc thc apikrishc tou sust matoc ( Forward Problem ) kai
2. Efarmogéc Tautopobhshc twn paramétrwn thc exbswshc ( Inverse Problem ) .

Teéloc, sto kef'laio 5 paratbjentai ta sumper’smata thc ergasbac.
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2.1 DUNAMIKH ANALUSH TWN KATASKEUWN

2.1.1 Eisagwg

Me ton iro "dunamik an’lush twn kataskeu,n" ennoebtai o prosdiorismic thc eéntashc
kai thc paramirfwshc miac kataskeu c itan aut upikeitai se dunamik™ ortba, dhlad
ortba twn opobwn h or” kai to mégejoc mporeD na metab’llontai me to grino. Tetoia
ortba prokaloOntai api usik™ ainimena ipwc ePnai o seismic 0 "nemoc, api Jlla
abtia ipwc ebnai oi ekr xeic, h kbnhsh twn oghm™twn k.a.. Epoménwc h dunamik an’lush
apoteleb éna idiabtera krbsimo antikeDmeno ston sgediasmi kai thn asf’leia twn ktirbwn,
gefur,n, drimwn kai genikitera twn kataskeu,n tou politikoO mhganikoO. Ta teleutaba
grinia, h dunamik an’lush sthrbzetai sth qr sh prohgmenwn majhmatik.n montelwn,
arijmhtik,n mejidwn kai tegnologi,n upologistik ¢ prosomobwshc, ta opoba epitrépoun
thn akrib pribleyh thc apikrishc twn kataskeu,n se metaballimena ortba. Epipléon,
sumb’llei ston eltisto sqediasmi kataskeu, n, diasfalbzontac igi mino thn antoq Kkai
th stajeritht” touc, all” kai thn ikanitht™ touc na antepexérgontai se akrabec sunj kec
gwrbc sobaréc hmiéc astogbec.

2.1.2 EBbdh Dunamik,n Fortbwn

'Opwc proanaférjhke, ta dunamik™ ortba apoteloOn ortba twn opoPwn h dieOjunsh
kai or" mporeb na metab’llontai ston grino, ipwc ePnai h kbnhsh twn oghm™twn p“nw
se kataskeueéc, ta ortba api ekr xeic, ta ortba anéemou, ta seismik™ ortba klp. H
genikiterh dikrish pou mporeb na gbnei ison afor” ta eBdh twn dunamik,n ortbwn ebnai
hexc[7]:

1. Nteterministik® prokajorisména dunamik™ ortba.

Se aut n thn om”da an koun ta dunamik™ ortba twn opoPbwn h gronik metabol ePnai
pl rwec kajorisménh anex’rthta thc poluplokithtac touc kai h sumperifor” touc mporeb
na problefieD me akrbbeia opoiad pote qronik stigm. Tetoia ortba ebnai , gia pa-
“deigma, ta periodik™ ortba, dhlad ta ortba pou perigrifontai pl rwc majhmatik™
api hmitonoeideBc  sunhmitonoeidebc sunart seic, ipwc ePnai ta kOmata anémou  ortBa
mhgan,n.

2. Mh nteterministik™ stogastik™ dunamik™ ortba.

Ta stoqastik™ dunamik™ ortba de mporoOn na problefjoOn akrib c, kaj,c h metabol
touc sto grino den ebnai pl rwc gnwst. H proséggis touc gbnetai me pijanotikéc kai
statistikéc mejidouc. Kuriiterh perDptwsh stogastikoO mh nteterministiko® dunamikoO
ortbou apoteloOn ta seismik”™ ortba kai ta ortba anémou.

2.1.3 Bajmob Eleujerbac Kataskeu c

Se kataskeuéc me katanemhménh m“za, oi metatopbseic ekfr"zontai sunart sei twn qwri-
k,n suntetagmeénwn kai tou grinou kai h dunamik touc apikrish perigr-fetai api merikéc
diaforikéc exis,seic, oi opobPec prépei na lujoOn ste na prosdioristoOn oi metatopPseic
autéc [7]. Aut h diadikasba ePnai arket™ dOskolh all® pragmatopoi simh, pléon, me th



2.1.4 Exbswsh Kbnhshc

gr sh sOggronwn upologistik,n mejidwn, ipwc ePnai h méjodoc twn peperasménwn stoige-
Pwn. SOmfwna me aut th méjodo, h kataskeu proseggbzetai api diakrit™ prosomoi, mata,
sta opoPa h m"za entopPzetai sta apokaloOmena kombik™ shmeba. Se k’je gronik stigm ,
to paramorfwmeno sq ma thc kataskeu ¢ kajorbzetai api tic metakin seic k'je kombiko-

O shmebou, oi opoPec exart,ntai mino api to grino. An’loga me ton arijmi twn ajm,n
eleujerbac enic sust matoc, mporoOme na ta diakrPnoume se monob’jmia, dib“jmia, tri-

“jmia k.0.k. , me sunhjésterec onomasPec to *  monob’jmio sOsthma" an h kataskeu eéqei
énan ajmi eleujerDac kai " polub’jmio sOsthma " e™n diajétei parap™nw api énan ajmi
eleujerbac.

Sqma 2.1: Monob’jmio SOsthma. Phg : [7]

Sqma 2.2: Polub’jmio SOsthma. Phg : [7]

2.1.4 Exbswsh Kbnhshc

To priblhma prosdiorismoO thc dunamik ¢ apikrishc enic polub’jmiou domikoO su-
st matoc perigr-fetai majhmatik™ api to akiloujo priblhma argik,n tim n:

Mi(t) + Cu(t) + Ku(t) + R[u(t); u(t)] = f(t)

U(to) = Uo (2.1)
u(to) = Uo;

ipou: M to mhtr,o m“zac, K to elastiki mhtr,o stibarithtac, C to mhtr,o apisbeshc,

R oi mh grammikéc dunmeic epanafor’c, U to di'nusma metatopbBsewn, U to di"nusma

taqut twn, U to di'nusma epitagOnsewn kai f to di'nusma exwterik.n ortBsewn.
H exbswsh 2.1, mporeb na grafteb enallaktik™ wc ex ¢ :

Fi(t)+Fo() +Fe(t) f(t)=0; (2.2)
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ipou:

~

F(t) = MU(t) ebnai oi adraneiakec dun"meic,

Fp(t) = Cu(t) oi dun"meic apisbeshc

" Fe(t) = Ku(t) + R[u(t); u(t)] oi eswterikeéc dun"meic epanafor-c.

H exDBswsh kbnhshc enic talanteuimenou sust matoc (exBswsh 2.1) ipwc egei grafteb sth
morf thc sqéshc 2.2 ekfr"zei th sunj kh isorropbac ilwn twn dun"mewn, dhlad thc
exwterik ¢ diegeProusac dOnamhc kai twn eswterik,n dun"mewn antBstashc tou sust matoc
(adraneiakec, elastikec kai apisbeshc) gia mia dedomenh gronik stigm t. Aplopoi,ntac
thn 2.1 gia grammik dunamik an’lush, prokOptei h paraktw exDswsh:

Ma(t) + Cu(t) + Ku(t) = f(t); (2.3)

2.1.5 Grammik Dunamik An"lush Qronodstorbac

Sthn perbptwsh thc grammik ¢ dunamik ¢ an”lushc, h ex’rthsh twn eswterik,n du-
n"mewn antDstashc api to abtio pou tic prokaleb ePnai grammik kai epomeénwc isqOei:

Fp = Cu(t); (2.4)

Fe = Ku (t): (2.5)

Antikajist_ntac tic 2.4 kai 2.5 sthn exDswsh 2.2 prokOptei pwc h sunj kh isorropPac gia

éna dunamiki sOsthma me apisbesh, upi seismik diégersh, me n- ajmoOc eleujerbac, upi
thn paradoq grammik™ elastik ¢ sumperifor"c, diatup,netai, gia mia gronik stigm t,
se mhtrwik morf wc ex c:

Mi(t) + Cu(t) + Ku(t) = Mrig(t); (2.6)

ipou M to mhtr,o m“zac, K to mhtr,o stibarithtac, C to mhtr,o apisbeshc, kai ta trba
me diast’seic (n n). Epipléon, U ebPnai to di"nusma epikimbiwn metatopDsewn, diast"sewn
(n 1), lg h edafik epit"qunsh kai I to di"nusma epirro c, diast"sewn (n 1) to opobo
ekfr'zei th qwrik katanom thc exwterik ¢ diégershc.

H exDswsh (2.6) ekfr'zei éna sOsthma grammik n diaforik,n exis,sewn 2ac t'xhc, h
IOsh tou opoPou mporeDd na IhfieD me opoiad pote sumbatik méjodo epPlushc diaforik n
exis,sewn, me stajeroOc suntelestéc. Tétoiec sumbatikéc meéjodoi, wstiso, mporeD na ePnai
idiabtera dOskolec kai gronobirec upologistik”, eidik™ itan h t"xh twn mhtr,wn  su-
ntelest,n ePnai uyhl . Epoménwc, koin praktik se analOseic peperasménwn stoigeDwn,
ebnai na protim, ntai arijmhtikéc méjodoi prosarmosmeénec sta probl mata mhganik c kai
kat"llhlec gia thn epBlush problhm™twn ipou ta mhtr,a ePbnai arai’.

Oi kOriec tegnikéc gia thn an’lush thc dunamik ¢ apikrishc polub’jmiwn susthm’™twn
ebnai oi parak™tw:



2.1.6 Meéjodoi Arijmhtik ¢ Olokl rwshc thc ExBswshc KBnhshc

=

Méjodoc Epallhlbac Idiomorf.n ( Modal Superposition Method ) : Axiopoieb
thn an’lush idiomorf,n gia thn "aposOnjesh” thc apikrishc tou sust matoc stic
anex’rthtec idiomorféec tou.

2. Mejodoi Apeujebac Arijmhtik ¢ Olokl rwshc ( Direct Numerical Integration
Schemes ) : LOnetai apeujePac h diaforik exDswsh kBnhshc me arijmhtikéc mejidouc
olokl rwshc.

3. An’lush F'smatoc Apikrishc ( Response Spectrum Analysis  ): H sugkekriménh
meéjodoc afor” thn an”lush seismik n ortbsewn kai asbzetai sto “sma apikrishc
thc kataskeu ¢ se sqesh me th seismik diégersh.

4. An’lush sto Pedbo Sugnot twn ( Frequency Domain Analysis ): AnalQei thn a-
pikrish tou sust matoc sto pedbo sugnot twn mésw twn metasghmatism,n Fourier
Laplace .

2.1.6 Méjodoi Arijmhtik ¢ Olokl rwshc thc ExBswshc KBnhshc

H metatipish u(t) ebnai dunati na prosdiorisjeD me apeujebac arijmhtik olokl rwsh
thc exDswshc kbnhshc 2.3. Kat” kairoOc , @qoun anaptugje diforec arijmhtikéc méjodoi oi
opobec asbzontai ston upologismi thc apikrishc ma proc ma, [27]. Pio sugkekriména,
xekinoOn me dedomeno iti h metatipish u(0) , h tagOthta u(0) kai h epit’qunsh  (i(0) ePnai
gnwst” gia th gronik stigm t = 0 kai sth sunegeia upologbzontai ta megejh aut™ se mikr”
gronik™ diast mata t;2 t;3 t klp. H an"ptuxh twn mejidwn arijmhtik ¢ olokl rwshc
asbzetai stic ex ¢ paradogéc :

" H diaforik exbswsh kbnhshc ikanopoiebtai se diakritec gronikéc stigméc oi opobec
apégoun metaxO touc grino t . Auti shmabnei iti h isorropPa twn adraneiak n
dun"mewn, twn dun"mewn apisbeshc, twn elastik,n dun"mewn kaj,c kai twn exwte-
ik,n dun"mewn, exasfalbzetai mino se diakritéc qronikéc stigméc meésa sto groniki
di"sthma sto opobo anazhtoOme th IOsh.

" H metatipish, h taqOthta kai h epit"qunsh metabllontai se k’je groniki di’sthma
t me gnwsti tripo.

2.1.6.1 Meéjodoc  Newmark

'Estw éna monob’jmio grammiki sOsthma, tou opoPou h kPnhsh perigrfetai api thn
exbswsh 2.3 me stajer” ta megéjh m“zac ( m), apisbeshc ( c) kai duskamybac ( k). Oi "gnwstec
metablhtéc tou dunamikoO sust matoc U (t), u(t) kai u(t) kaj,c kai h irtish p(t) dbnontai
api éna sOnolo shmebwn se diakrit” gronik® shmePa  t;. Dhlad, G; = G(t;), u = u(t) ,
ui=u(t),pi=pt),i =0;1;:;N.

Oi sugkekriménec timéc, ikanopoioOn thn exBswsh kbnhshc 2.3 kje gronik stigm ti.
Mésw thc mejidou Newmark epitugg netai o upologismic thc apikrishc Uj+1, Uj+1 kai
Ui+1 th gronik stigm ti+1 ikanopoi,ntac p"nta thn exbswsh kbnhshc tou sust matoc kai
egontac san dedomeéno iti to groniki di"sthma ti = ti+1 tj eDnai stajeri.



Keflaio 2. BIBLIOGRAFIKH DIEREUNHSH

SOmfwna me th m&jodo Newmark , oi metakin seic kai oi tagOthtec se éna groniki ma
proérgontai api thn olokl rwsh thc antBstoighc sun“rthshc epit"qunshc, afod ewrh-
eb k’poia dedomenh metabol thc epit"qunshc mesa sto ma. Met™ thn olokl rwsh,
lamb”nontai oi parak’tw sqgéseic :

U+ = Ui+ (1) t Gi+( )l (2.7)
h i
Usg Ui+ ( ui+ (05 ) t2 G+ (0 t2)jen (2.8)

Jipou kai  oi suntelestéc “rouc, pou perigr-foun th metabol thc epit"qunshc
mésa sto ma.

-Gia =1=2kai = 1=4, h mejodoc sthrbzetai sthn paradoq stajer ¢ epit"qunshc
kai Bshc me to méso iro thc argik ¢ kai telik c tim c. - Gia =1=2kai = 1=6, h méjodoc
asbzetai sthn paradoq grammik™ metaballimenhc epit"qunshc.

Sqma 2.3: Metabol thc epit"qunshc, thc tagOthtac kai thc metatipishc. Phg : [7]

Jetontac:
Ui = Uj+1 U (2.9)
Ui = Uj+1 Uj (2.10)
Ui = Ui+1 U| (2.11)
kai

Pi = Pi+1 P (2.12)

Oi exis,seic 2.7 kai 2.8 gr-fontai wc:
Uier = ( G +( t) G (2.13)
ui = ( up +(0:5 )G+ ( t2) (2.14)
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EpilOontac thn exDBswsh 2.14 wc proc thn epit’qunsh U;, prokOptei:
. 1 1 1.
uj = %) Ui _t uj 2—ui (2.15)
!
uj = — uy -—-u+ t1 > Ui (2.16)

Sth sunegeia, gbnetai antikat"stash twn sqesewn 2.15 kai 2.16 sthn parak™tw sqgésh , h
opoba prokOptei api th diafor™ thc exDswshc kBnhshc th stigm ti+1 me thn exbswsh kbnhshc
th stigm  t; :

m Ui+c ui+tk u= p (2.17)

kai prokOptei

kK ui= p (2.18)
ipou
kK=k+—c+ Zm (2.19)
kai
! " I #
pi = +1m+ cu+1m+ lci (2.20)
pl - pl t I 2 2 1 .
Gnwrbzontac ta garakthristik™ tou sust matoc m, ¢ kai k, kaj,c kai touc suntelestéc
kai , mazb me tic timéc twru; kai U; sthn arg kJje gronikoO matoc, mporoOn na
upologistoOn oi iroi K kai pi apl tic sqéseic 2.19, 2.20 . Sth sunégeia, h metatipish Ui
prosdiorbzetai api:
pi
Uy = —— (221)
K

AfoO upologisteD to  u;, oi timéc twn u; kai  (; prokOptoun api tic exis seic 2.15 kai
2.16 en, oi telikec timéc twn  uj+1, Uj+1 kai Uj+1 upologbzontai mésw twn sgesewn 2.9, 2.10
kai 2.11

2.1.6.2 EustTjeia Arijmhtik,n Mejidwn

Ta sfimata pou prokOptoun kat” thn arijmhtik olokl rwsh thc exDswshc kBnhshc

diakrbnontai se treic kathgorbec:

" Sfima stroggulopobhshc , to opobo emfanbzetai ligw twn suneq,n upologism,n

pou apaitoOntai itan to ma olokl rwshc ePnai mikri.

~ Sfima apokop ¢ , to opobo proergetai api thn proseggish twn parag,gwn me
peperasmeno arijmi irwn.

~ Sfima api th diakritopoPhsh , to opobo eis"getai itan h diaforik exbswsh anti-
kajbstatai api exbswsh diafor,n.



Keflaio 2. BIBLIOGRAFIKH DIEREUNHSH

Ta sfilmata apokop c ajrobzontai se kje ma olokl rwshe, ephre”zontac thn a-
krbbeia thc mejidou. To megejoc touc apoteleb mia eéndeixh gia thn poiithta thc arijmhtik ¢
proseggishc, upi thn prodpijesh iti h méjodoc ePnai eustaj c. H an’lush thc eust’jeiac
miac arijmhtik ¢ mejidou apaiteb th meléth thc epbdrashc tou sfllmatoc enic matoc
sto epimeno. An to sfllma aux’netai diadogik”, h meéjodoc ewrebtai astaj c.

H meéjodoc Newmark diathreD thn eust’jei” thc itan isqOei h sunj kh:

t 1 1
—_— —Pp— 2.22
Tzt 2 @2
Gia =3%kai =%, h parap’nw sgésh dbnei:
t
— =<1 (2.23)
Tn
Auti shmabnei iti h méjodoc ebnai eustaj ¢ gia opoiad pote tim tou t. Wstiso, diathreb
uyhl akrbbeia mino gia mikr"~ gronik® mata t. Gia = % kai = %, h sunj kh
eust’jeiac gbnetai:
t
— 0:551 (2.24)



2.2 TEQNHTH NOHMOSUNH KAI MHQANIKH MAJHSH

2.2 TEQNHTH NOHMOSUNH KAl MHQANIKH MAJHSH

2.2.1 Tegnht NohmosOnh (  Arti cial Intelligence )
2.2.1.1 Orismic

Kat™ kairoOc, oi epist monec pou asqoloOntai me to pedPo thc tegnht ¢ nohmosOnhc
égoun ekfr'sei th dik touc optik sgetik™ me to er ,thma "ti eDnai teqnht nohmosOnh". Pio
sugkekriména, sOmfwna me ton John McCarthy ,[21] ,jemeliwt tou kI"dou kai empneust
tou irou " Arti cial Intelligence ", teqnht nohmosOnh ePnai h epist mh kai mejodologba thc
dhmiourgPac nohminwn mhgan,n. Oi [2] (2004) digkrinan kpoiouc orismoOc pou égoun
apodojeb se tésseric kathgorbec:

1. Sust mata pou skéftontai san ton “njrwpo.
"H enjousi,dhc néa prosp’jeia na m“joume stouc upologistéc na skéftontai...Mhganéc
me muali, sthn kuriolektik thc énnoia" - Haugeland , 1985.
"H automatopobhsh twn drasthriot twn pou susgetbzoume me thn anjr,pinh skéyh,
ipwc h epPlush problhm™wn, h | yh apof'sewn, h mjhsh ..." - Bellman , 1978.

2. Sust mata pou skéftontai orjologik”.

"H meléth twn nohtik, n ikanot twn mésw thc gr shc upologistik,n montélwn"- Charniak

kai McDermott , 1985.
"H meléth twn upologism.n pou kajistoOn dunat thn antblhyh, th logik kai th
dr'sh" - Winston , 1992.

3. Sust mata pou droun san ton “njrwpo.
"H tégnh tou na dhmiourgeBc mhganéc pou ekteloOn leitourgbec pou apaitoOn nohmo-
sOnh itan ekteloOntai api anjr,pouc” - Kurzweil ,1990.
"H meléth tou pwc na k'noume tou upologistéc na knoun prgmata sta opoba, aut
th stigm , oi "njrwpoi ePnai kalOteroi" - Rich kai Knight , 1991.

4. Sust mata pou droun orjologik”.
"H upologistik nohmosOnh ePnai h meléth tou sgediasmoQO eufu n praktirwn" -
Poole et al., 1998.
"H Tegnht NohmosOnh... asqoleBtai me thn eufu sumperifor” twn tegnourghm’twn"
- Nilsson , 1998.

Mia genikiterh proséggish tou ti ePnai "teqgnht nohmosOnh" apodPdetai paraktw:
Tegnht NohmosOnh ePnai o toméac thc epist mhc twn upologist,n o opoPoc asqolebtai me
th sgedPash kai ulopoPhsh programm™twn pou mporoOn na mimhjoOn tic anjr,pinec gnw-
stikec ikanithtec, emfanbzontac etsi garakthristik™ pou sun jwc apodbdoume se anjr,pinh
sumperifor”, ipwc h m“jhsh, h epBlush problhm™twn, h katanihsh thc usik ¢ gl ,ssac
klp .
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2.2.1.2 H Dokim ToOringk ( Turing Test )

H dokim ToOringk, [17] ,pou dhmiourg jhke api ton Alan Turing to 1950, apoteleb mia
api tic pr tec proseggbseic gia thn axiolighsh thc tegnht ¢ nohmosOnhc. Kat" th di'rkeia
aut c, o upologist ¢ dégetai erwt seic api énan "anakrit " ("njrwpo) kai itan o anakrit ¢
den éqei pléon th dunatithta na diakrbnei an oi graptéc apant seic eBnai grammenec api
“njrwpo  api upologist , tite ewrebtai iti h dokim eBnai epitug c. H dokim ToOringk
apotelese éna shmantiki ma sthn exélixh twn ereun,n sgetik® me thn ikanithta twn
mhgan,n na mimoOntai thn anjr,pinh nohmosOnh. 'Epeita api IDga grinia, dhmiourg jhke

to "Total Turing Test ", to opobo periel'mbane kai usikéc dokimasbec, me tic opobec o
anakrit ¢ mporoOse na elégxei tic antilhptikéc ikanithtec tou upologist .
Prokeiménou na epitOqei aut th dokimasPa, o upologist ¢ prépei na diajétei tic ex ¢

ikanithtec:

Epexergasba Fusik ¢ Gl ssac - Gia na epikoinwneb epitug,c kai me swsti tripo sth
gl,ssa tou "anakrit ".

Anapar“stash Gn, shc - Gia na apojhkeQei o,ti majabnei akoOei.

Autimatoc Sullogismic - Gia na grhsimopoieb thn apojhkeuménh gn,sh gia na apa-
nt"ei se erwt seic kai na katafeOgei se sumper’smata.

Mhganik M7jhsh - Gia na prosarmizetai se néec sunj kec kai na entopbzei kai na
ex"gei néa motbba.

'Orash Upologist - Gia na entopbzei kai na katanoeb antikeBmena.

" Rompotik - Gia na geirDzetai ta antikeDmena aut™ kai na metakinoOntai.

Oi parap™nw ikanithtec pou ifeile na éqgei énac upologist ¢ gia na epitOqgei to Test
ToOringk, ePnai éna meg’lo méroc thc tegnht ¢ nohmosOnhc s mera.
2.2.2 Mhqganik M’jhsh ( Machine Learning )

2.2.2.1 Orismic

Mhganik M7jhsh ( Machine Learning ), [18], orDzetai wc to ainimeno kat™ to opobo
éna sOsthma elti_nei thn apidos tou kat™ thn ektélesh miac sugkekriménhc ergasbac,
gwrbc na up’rgei an"gkh na programmatisteb ek neou. Skopic thc ePnai h dhmiourgba mh-
gan,n ikan,n na elti,noun thn apidos touc se k"poiouc tomebc mésw thc axiopobhshc
prohgoOmenhc gn shc kai empeirDac. Enallaktik”, Mhganik M“jhsh onomzetai h ika-
nithta enic upologistikoO sust matoc na dhmiourge® montéla pritupa api éna sOnolo
dedomenwn.

2.2.2.2 Mhqganik Mjhsh kai Tegnht NohmosOnh

H mhganik m7jhsh, upi mia énnoia, mporeb na tautisteD me ton iro thc Tegnht ¢ Noh-
mosOnhc [19]. Pio sugkekriména, mésw thc mhganik ¢ m'jhshc diamorf,netai h ikanithta
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tou upologist na eidikeOetai se otid pote mésw ex"skhshc kaj,c kai na anigneOei motbba
api polOploka dedomeéna. Autéc oi ikanithtec twn upologist,n oi opoPec dhmiourgoOntai
api th mhganik mjhsh apoteloOn qarakthristik™ anjr,pinhc nohmosOnhc. Epoménwc,
polO sugn” tautbzontai oi dOo iroi, epeid aposkopoOn sto Pdio apotélesma, th diamir-
wsh k“poiou eBdouc nohmosOnhc se teqnht™ mésa. Wstiso, mia diafor~ pou sunant’tai
an"mesa stic duo énnoiec ebnai h diaforetik gr sh twn "nohminwn mhgan n". Api th mia
pleur”, h teqnht nohmosOnh epijumeb oi mhganéc na mimoOntai epkrib,c thn anjr,pinh
nohmosOnh kai sumperifor™ en,, api thn “llh pleur’, h mhganik mjhsh dhmiourgeD
ergaleba gia na ohj sei thn anjr pinh drasthriithta.

2.2.2.3 Pite grei“zetai h Mhganik M7jhsh?

H mhganik m“jhsh grei"zetai se peript,seic ipou to priblhma pou prépei na lujeb
ePnai arket™ perbploko gia tic gnwstéc mejidouc programmatismoO up“rgei an"gkh gia
prosarmostikithta.

Pio sugkekriména, wc perbploka probl mata ewroOntai oi diergasPec pou ek Osewc
ekteloOntai api anjr,pouc, ipwc h od ghsh, h omilDa, h katanihsh eikinwn. Prokei-
ménou autéc oi diergasbec na prosomoiwjoOn api upologist , dOnatai na grhsimopoihjeb h
mhganik m“jhsh. O upologist ¢ "majabnei api thn empeirba" tou kai étsi epitugq nontai
arket” ikanopoihtik™ apotelésmata. Epipléon, h mhganik m“jhsh sumb’llei shmantik
se diergasbec oi opobec uperbabnoun tic anjr pinec dunatithtec. Gia par"deigma, h sullo-
g upérogkwn plhrofori,n oi opoPec aforoOn éna perbploko éma, ipwc ta astronomik”
dedoména h pribleyh kairoO, kai h an”lus touc gia na prokOyei éna sumpérasma a-
poteleD pol® dOskolh apostol pléon gia ton “njrwpo, afoO iso exelPssetai h teqnologba
tiso aux’nontai kai aut™ ta dedoména. Gia auti to skopi, égoun argPsei na uiojetoOntai
tegnikec mhganik ¢ mjhshc oi opobec eqoun "ekpaideuteb" na entopbzoun qr simec plhro-
orDec api ilo ton igko twn plhrofori,n kai na dieukolOnoun to anjr,pino érgo.

O iroc "prosarmostikithta” sth perBptwsh thc mhganik ¢ m“jhshc, afor” sthn ika-
nithta twn efarmog,n thc na prosarmizontai sto ebdoc twn dedoménwn pou touc dbdontai
kje or™. Dhlad , "ekpaideQontai" sto na anagnwrbzoun dedomeéna api kePmena grammeéna
se upologist , api geirigrafa kebmena pollapl,n grafik,n garakt rwn, api eikinec, a-
kima kai api wnhtikéc entolec. Mia tetoia dieukilunsh ebnai shmantik gia to anjr,pino
érgo kaj,c ta paradosiak” ergaleDa ePnai perioristik™ afoO déqgontai polO sugkekriména
ebdh dedoménwn.

2.2.2.4 Teqnikéc Mhganik ¢ M"jhshc

H mhganik m’jhsh [5] qarakthrbDzetai api polléc diaforetikéc mejidouc kai teqni-
kéc. Mia pr.th di’krish ebnai h Epiblepimenh M7jhsh ( Supervised Learning ) kai h Mh
Epiblepimenh M’jhsh ( Unsupervised Learning ).

Epiblepimenh M7jhsh (- Supervised Learning )

Epiblepimenh m“jhsh ebnai to eDdoc mhganik ¢ m“jhshc kat™ to opobo to montelo e-
nhmer netai ek twn protérwn gia thn ebsodo all” kai thn epijumht éxodo. Me autin ton
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tripo, to montélo mporeb na diakrBnei motbba pou sundéoun thn ebsodo kai thn epijumht
exodo kai na ekpaideuteb gia na ex"gei iso to dunatin parimoia apotelésmata.

Mh Epiblepimenh M’jhsh ( Unsupervised Learning )

Se antbjesh me thn epiblepimenh m’jhsh, h Mh Epiblepimenh m’jhsh ebnai to ebdoc
thc mhganik ¢ m’jhshc kat™ to opobo eis"getai sto montélo h ebsodoc qwrbc epijumht”
apotelésmata kai mino me ta dedomena eisidou pou éqei, prospajeb na entopbsei motbba
pou ta sundéoun metaxO touc ,ste na ta omadopoi sei.

DeOterh kai exDsou shmantik kathgoriopoBhsh ePnai h di"krish se Rhq Mjhsh ( Shale
low Learning ) kai Baji" M7jhsh ( Deep Learning ).

Rhg M’jhsh ( Shallow Learning )

EPnai o tOpoc mhganik ¢ mjhshc o opoboc anaféretai se montéla pou éqoun ligitera
epbpeda parameétrouc se sOgkrish me “lla. Epipléon, ta montéla hqg ¢ m’jhshc diépo-
ntai api aploOsterh argitektonik kai ePnai kat'llhla gia na IOnoun gr gora probl mata
me apl” dedomeéna eisidou.

Baji” Mjhsh ( Deep Learning )

H aji” m“jhsh afor” montéla mhganik ¢ m'jhshc ta opoba perilamb”noun perbplokh
argitektonik kai mporoOn me apl” dedoména eisidou na ex"goun pio sOnjeta kai exeidi-
keuména apotelésmata. O kataskeuast ¢ tou montélou den apaiteBtai na éqei ajOterh
gn,sh pera api ta dedoména pou a eis"gei sto montelo. H exélixh thc aji'c mTjhshc
égei sumb’llei shmantik™ sthn epPlush polOplokwn problhm™twn pou ePnai adOnato na
lujoOn me tic paradosiakéc mejidouc kai mino me ton anjr,pino par‘gonta.

Teleutaba meg’lh omadopobhsh tegnik,n thc mhganik ¢ m“jhshc ebPnai me “sh tic
majhmatikéc mejidouc kai ergalePa pou grhsimopoioOntai. Pio sugkekriména, up“rqoun
tegnikéc oi opoPec grhsimopoioOn Pijanotik™ Montéla (Probabilistic Models ) kai tegnikec
oi opoPec grhsimopoioOn ta Neurwnik® DBktua (Neural Networks ). H paroOsa ergasba
asqoleDtai kat™ "sh me ta neurwnik™ dbktua, ta opoba analOontai parak’tw.

2.2.2.5 Tegnht” Neurwnik™ Dbktua

Ta tegnht™ neurwnik™ dBktua, [20], apoteloOn majhmatik™ montéla prosomoPwshc thc
polOplokhc leitourgbac tou anjr,pinou egkefllou. H gr sh touc ePnai tétoia ,ste na
epitrépei thn epexergasba dedoménwn me par’lihih dunatithta suneqoOc m“jhshc mésw thc
allhlepbdrashc me to perib”llon, ipwc akrib,c sumbabnei kai ston anjr,pino egkéfalo.

H dom enic tegnhtoO neurwnikoO diktOou mimebtai se meglo ajmi th dom enic iolo-
gikoO neurwnikoO diktOou, afoO skopic thc dhmiourgbac tou ePnai na emfanbzei parimoiec
idiithtec me auti. Pio sugkekriména, apotelebtai api éna sOnolo tegnht,n neur,nwn pou
allhlepidroOn metaxO touc me tic sun’yeic (  synapses ) kai o ajmic allhlepBdrashc touc
kajorbzetai api ta sunaptik™ “rh ( synaptic weights ).

Ta sunaptik™ “rh apoteloOn shmantiki krit rio gia thn empeirik gn,sh pou a
apokt sei to neurwniki dbktuo, kaj,c eqoun th dunatithta endun"mwshc apodunmwshc
thc isqOoc tou kje desmoO tou diktOou, me apotélesma na prosdDdoun sto dbktuo thn
ikanithta gia exélixh kai prosarmog sto periblion.



2.2.2 Mhganik Mjhsh ( Machine Learning )

2.2.2.6 Dom Neurwniko® DiktOou

Basiki stoigePo enic neurwnikoO diktOou ePnai o tegnhtic Neur,nac ( Perceptron ),[20]
ipwc apeikonbzetai sto sq ma 2.4. K'je tegnhtic neur ,nac déqgetai éna di"nusma eisidou
kai éna stajeri iro b (bias) . Sth sunéegeia, pollaplasizei k’je di"nusma eisidou me to
antbstoiqo sunaptiki “roc w, ste na kajorbsei thn apidosh k’je dianOsmatoc eisidou
sto neur,na. Sto teliki “jroisma "S" prostbjentai ta ginimena twn dianusm”twn eisidou me
ta antbstoiga sunaptik™ “rh touc kai o stajeric iroc b. Téloc, to “jroisma auti eis"getai
sthn Sun’rthsh Energopobhshc ( Activation Function ) kai to apotélesma thc sun’rthshc
apoteleb thn éxodo tou Neur,.na. H exbswsh pou ekfr'zei th leitourgba tou neur,na ebnai

hexc:

x
y=9g( wixi +b)

i=1

Sg ma 2.4: Neur,nhac ( Perceptron). Phg : [34]

2.2.2.7 Sun’rthsh Energopobhshc

Oi sunart seic energopoPhshc apoteloOn majhmatikéc sunart seic pou eis gontai,
ipwc proanaférjhke, se k’je neur na enic neurwnikoO diktOou. H kOria leitourgba touc
ePnai na eis"goun mia mh-grammikithta sto sOsthma, prokeiménou o neur,nac na exoikeiw-
eb me pio polOplokec diergasPec. Up“rqoun diforec sunart seic energopobhshc kai h
epilog metaxO aut,n exart'tai api to tOpo kai tic apait seic tou ek’stote probl matoc.

Orisménec sunart seic energopobhshc ebnai oi ex c:

1. Linear (Grammik)

H grammik sun’rthsh energopobhshc ebnai api tic pio asikéc sunart seic pou
grhsimopoioOntai sta neurwnik™ dBktua, imwc de grhsimopoiebtai sugn” giatD de pro-
sjétei k’poia mh grammikithta sto montelo kai auti ePnai perioristiki sta peris-
sitera probl mata.

2. Sigmoid (Sigmoeid c)

H sigmoeid ¢ sun’rthsh energopobhshc ebnai mia mh grammik sun’rthsh h opoba
grhsimopoiebtai euréwc se neurwnik™ dbktua. H morf thc majhmatik™ mporeb na

ekfrasteb wc ex c:
1

l1+e?

(2) =
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H sugkekriménh sunrthsh metatrépei opoiad pote ePsodi thc se mia tim metaxO 0
kai 1. Aut hidiithta th kajist™ idiabtera gr simh se probl mata ipwc h pijanotik
taxinimhsh, ipou éloume na ekfr"soume th pijanithta enic sumbntoc.

3. Recti ed Linear Unit (ReLU)

H sugkekriménh sun’rthsh energopobhshc ebnai mia api tic pio shmantikéc sunar-
t seic gia neurwnik™ dbktua, kaj,c prosférei apodotikithta kai aplithta sthn ek-
pabdeush twn montélwn. 'Ena shmantiki thc pleonékthma ePnai oi polO grhgoriterec
ekpaideOseic pou pragmatopoioOntai se éna dbktuo me th gr sh the, ligw thc polO
apl ¢ morf ¢ thc. H majhmatik morf thc ebnai h exc:

f (x) = max (0;x)

Aut thc h morf debqgnei oti h sun“rthsh lamb™nei mia tim eisidou kai epistréfei
thn Bdia tim an aut ebPnai etik, thtim mhden an ebnai arnhtik .

4. Sun'rthsh Tanh

'‘Opwc h sigmoeid ¢ sun’rthsh, étsi kai h sun’rthsh tanh metatrépei ila ta dedoména
eisidou se timéc metaxO -1 kai 1. H majhmatik thc ékfrash ePnai h ex c:

1 exp( 2x)

tanh (x) = T oxol 2x) oxp( 2x)

(2.25)

Sthn parak™tw apeikonbzontai oi sunart seic energopobhshc sunolik™:

Sg ma 2.5: Sunart seic Energopobhshc. Phg : Benjmain Dosch, 2021,[28]

2.2.2.8 Neur,nac Poll.n Epipédwn ( Multilayer Perceptron /MLP )

Oi neur,nec poll.n epipeédwn[3] apoteloOn mia pio perbplokh morf tou aplo® neu-
.na ( perceptron ) pou anaférjhke se prongoOmenh par"grafo. H dom tou apotelebtai
api ta dianOsmata epDpeda eisidou (  input layers ), kruf” epPpeda ( hidden layers ), dhla-
d endi"mesa epPpeda neur,nwn tou diktOou, kai ta epPpeda exidou ( output layers ). Argik’,
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ta dianOsmata eisidou eis"gontai stouc neur nec tou pr,tou krufoO epipédou kai h éxodoc
k'je neur na tou pr,tou krufoO epipédou apoteleb thn eBsodo twn neur,nwn tou deOterou
krufoO epipédou k.o.k.. H éxodoc k'je neur,na tou teleutabou krufoO epipédou trofodo-
tebtai sto epPBpedo exidou. O arijmic twn kruf,n epipedwn pou égei K'je neurwniki dbktuo
exart'tai api to ek’stote priblhma. 'Otan éna neurwniki dbktuo perieégei p"nw api duo
kruf” epPpeda , tite onom"zetai ajO neurwniki dbktuo ( deep neural network ).

Sgma 2.6: Neur,nac Poll.n Epipédwn ( Multilayer Perceptron ) me trba kruf® epbpeda.
Phg : [33]

2.2.2.9 Ekpabdeush neurwnikoO diktOou

H ekpabdeush enic neurwnikoO diktOou apoteleD polO shmantiki ma gia thn anptu-
xh enic apodotikoO montélou mhganik ¢ mijhshc. Oi tripoi ekpabdeushc poikBloun kai h
epilog touc exart'tai api to tOpo probl matoc pou kaleBtai o gr sthc na IOsei. Geni-
kitera, h diadikasba pou akoloujebtai ebnai h akiloujh. To dbktuo dégetai ta dedoména
eisidou, épeita prospajeb na prosomoi’sei th leitourgba miac sun’rthshc kai parigei
thn antbstoigh éxodo. Auti epanalamb’netai arketéc orec, étsi ,ste na "m’jei" to dbktuo
ta kat'llhla sunaptik® “rh gia k'je dedoméno eisidou me to mikritero dunati sf’l-
ma. Aut h diadikasPa apoteleD thn ekpaBdeush tou neurwnikoO diktOou kai iso mikritero
sf'lma prokOyei tiso pio akrib ¢ ePnai h ektbmhsh thc sun’rthshc.

Sun’rthsh Sfllmatoc ( Loss Function ) H sun“rthsh sfllmatoc ekfr"zei thn apiklish
thc exidou tou neurwnikoO diktOou gia mia orisménh ePsodo se sgésh me thn epijumht
exodo. 'Opwc proanaférjhke, h sun’rthsh sflmatoc diadramatbzei shmantiki ilo sthn
ekpabdeush twn neurwnik n diktOwn afoO iso mei netai h sun’rthsh sflmatoc tiso ka-
IOtera ekpaideQetai to dBktuo.

2.2.2.10 Tripoi Ekpabdeushc NeurwnikoO DiktOou

1) Algirijmoc  Forward Propagation

O algirjmoc  Forward Propagation ,[3], apoteleD eéna api ta asikitera mata thc
diadikasPac ekpabdeushc enic neurwnikoO diktOou. EPnai h diadikasPa kat™ thn opoba
upologbzetai k’je tim k'je epipédou api ta dedoména eisidou méqri kai thn éxodo qwrbc
na gbnoun diorj seic sta “rh tou diktOou. H plhroforba éei proc mia kateOjunsh,
gwrbc na up’rgei epistrof proc ta pPsw kai ousiastik™ parégei mia pr,th pribleyh tou
diktOou.
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Sqgma 2.7: Algirjmoc  Forward Propagation Phg : [31]

2) Algirijmoc Opisjodi“doshc ( Backpropagation )

'Enac api touc algorbjmouc ekpabdeushc neurwnik n diktOwn ePnai o algirijmoc Backe
propagation [3]. Skopic tou algorBjmou ebPnai o upologismic twn pr twn parag,gwn thc
sun’rthshc sf lmatoc ( Loss Function ) wc proc ta “rh twn neur,nwn tou teleutabou epi-
pédou kai h di"dosh touc se prohgoOmena epPpeda me ton kanina thc alusBdac ( chain rule )
me stiqo na katano sei poia epPpeda ePgan to megalOtero sflma sthn an’lush _ste na
prosarmostoOn ta “rh k'je epipédou tou diktOou kai katépéktash na meiwjeb to sf'lma
sto el"qgisto.

Sta neurwnik™ dbktua, o kaninac thc alusbdac diatup,netai wc ex c:

@c_ @z@yac
@y @y @z@y
ipou y htim exidou, w ta “rh K’je epipédou, z to “jroisma twn ar,n kai twn tim_n

twn prohgoOmenwn neur.nwn kai C h sun’rthsh sfimatoc tou.

Sqg ma 2.8: Algirijmoc  Backpropagation. Phg : [30]

Gia thn ekpabdeush twn neurwnik,n diktOwn, oi duo parap™nw algirijmoi ekpabdeushc
allhloexart,ntai. Pio sugkekriména, xekin"ei h ekpabdeush me ton algirijmo Forward
Propagation . Eis"gontai dedomeéna sto epPpedo eisidou tou neurwnikoO diktOou kai per-
n,ntac mesa api k'je epPpedo upologbzontai ta dedoména exidou kai to sfllma tou di-
ktOou. Se ekebno to st'dio, xekinei h diadikasPa Backpropagation h opoPa grhsimopoieD
to sf'lma tou pr,tou algorbjmou kai pragmatopoieb diorj,seic sta “rh twn endi"meswn
epipédwn gia na meiwjeb to sflma. Oi diadikasbec autéc epanalamb™nontai suneq,c kai
etsi ekpaideQetai to dbktuo.

3) Kat"bash kibshc ( Gradient Descent )
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O algirijmoc kat"bashc klbshc ,[3],apoteleD epbshc énan shmantiki algirijmo ekpa-
DBdeushc neurwnik, n diktOwn. H genik idéa thc kat’bashc kiDshc ePnai na tropopoi sei
tic paramétrouc thc exbswshc prokeiménou na elagistopoi sei mia sun’rthshc sfllmatoc.
Praktik™, upologbzei thn arnhtik merik par"gwgo thc sun’rthshc sfllmatoc wc proc
to di"nusma twn paramétrwn thc kai kateujOnetai proc th jPnousa kibsh. H diadikasba
aut sunegbzetai méqric itou na mhn ebnai efikt h peraitérw "kat"bash". To mégejoc twn
hm~twn pou grei"zontai gia na rejeb to kat,tero shmebo thc sun’rthshc onom”zetai uj-
mic m’jhshc ( learning rate ). E'n o ujmic ebnai mikric, tite prépei na gbnoun perissiterec
epanal yeic gia na epiteugjeb o stigoc, k'ti pou ebPnai gronobiro. Api thn “llh pleur”,
an o ujmic ePnai meg-loc up’rgei kbndunoc na uperphd sei to elgisto kai na apotOqei
h prosp-jeia eOreshc tou el gistou sf’lmatoc.

O algirijmoc perigr-fetai majhmatik™ wc ex c:

X . 4
g=r C(f(x's )yh)

ipou:

= €& ¢

ZhtoOmenh ebnai h par'metroc gia thn opoPa elagistopoieBtai h sun“rthsh kistouc me
ton suntelest  e¢ na diadramatbzei shmantiki ilo.

Sg ma 2.9: Mikric ujmic mijhshc/ Swstic ujmic m“jhshc/ Meg'loc ujmic m'jhshc.
Phg : Jeremy Jordan, 2018 [29]

H olokl rwsh enic pl rh kOklou me to sOnolo twn dedoménwn ekpabdeushc tou te-
gnhtoO neurwnikoO diktOou leégetai epoq ( epoch). Sun jwc, gia thn ekpabdeush twn neu-
wnik,n diktOwn apaitoOntai p"nw api mia epogéc kai o arijmic touc exart'tai api thn
poluplokithta tou probl matoc pou kaloOntai na epilOsoun.

4) Stoqastik kat"bash klbshc Stochastic gradient descent

O algirijmoc kat"bashc kibshc ( gradient descent ) ,[3]polléc oréc ebnai problhmati-
kic giatb knei gr sh ilwn twn dedomenwn ekpabdeushc pou diajétei me stiqo na upologbsei
tic parag,gouc se k“je ma, k'ti pou ebnai arket™ gronobiro eidik™ an ta dedomena ek-
pabdeushc ebnai poll". Antbjeta, o algirijmoc stoqastik ¢ kat"bashc kiPshc ( Stochastic
Gradient Descent SGD) epilégei tugaba to kommti twn dedomeénwn ekpabdeushc kai upo-
logbzei mino tic parag,gouc autoO tou kommatioO. Me auti ton tripo, o algirijmoc gPnetai
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polO pio gr goroc, imwe ligw thc tugaPac epilog ¢ tou kommatioO up’rgei pijanithta
metabol,n sth sun’rthsh kistouc me sunépeia to teliki apotélesma na mhn ePnai polO
kali.

H majhmatik ékfrash tou algirjmou dPbnetai parak™tw:

1 X i i
9= C(E'; )y

= e ¢

ipou to m antiproswpeQei to mégejoc twn dedoménwn ekpabdeushc pou grhsimopoioOntai.

2.2.2.11 Mhganik M7jhsh kai Palindrimhsh ( Regression )

H palindrimhsh,[3],[9], apoteleb éna api ta pio asik™ ergaleba sth mhganik m“jhsh.
Sto plabsio thc mhganik ¢ m“jhshc, h palindrimhsh mporeb na grhsimopoihjeb gia thn :

Pribleyh: 'Ena api ta asik™ ebdh mhganik ¢ m'jhshc ebnai h pribleyh miac ti-

m ¢ “sei “llwn metablht,n (pq pribleyh tim_ n spiti,n, metoq,n klp, pribleyh

di“rkeiac paramon c asjen,n se nosokomebo). H palindrimhsh mporeb na grhsimo-
poihjeb wc ergalebo gia th pribleyh aut .

Ex ghsh: Orisménec oréc, stigoc den ebnai h pribleyh all” h katanihsh thc
sgéshc metaxO metablht,n.

Axiolighsh Montélwn: H palindrimhsh mporeb na grhsimopoihjeb kai gia thn axio-

lighsh thc apidoshc montéelwn.

H pr,th morf palindrimhshc h opoPa grhsimopoi jhke gia thn eOresh thc exDswshc
miac eujebac ebnai h méjodoc elagbstwn tetrag,nwn pou grhsimopobhsan oi Gauss, 1809
kai Legendre, 1805 gia ton prosdiorismi thc trogi“c antikeiménwn gOrw api ton lio.

H palindrimhsh diakrbnetai stic ex ¢ kathgorbec:

" Apl Grammik Palindrimhsh ( Simple Linear Regression )

H Apl Grammik Palindrimhsh ebnai h pio asik kai klassik morf palin-

drimhshc kai leitourgeD mésw thc e rhshc pwc h sgésh metaxO anexrthtwn kai
exarthménwn metablht.n ebnai grammik  sqedin grammik . Dhlad, to montéelo
pou dhmiourgeP h palindrimhsh ePnai mia sun’rthsh, me thn opobPa mporoOme na
probléyoume thn tim thc exarthménhc metablht ¢ mésw twn tim,n thc anex’rththc
metablht c. H morf thc sunrthshc metab”lletai prosarmizontac touc suntelestéc

thc megric itou na problépei me ikanopoihtik akrbbeia thn exarthmenh tim . H pio
diadedoménh mejodoc pou grhsimopoiebtai gia thn prosarmog twn suntelest,n ebnai

h mejodoc twn elagbstwn tetrag, nwn.

'‘Ena apli montelo grammik ¢ palindrimhshc ekfr'zetai wc ex c:

y=apgtaxte
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ipou y h exarthmenh metablht, x;(i = 1;2;3;:::) h anex'rthth metablht kai eto

sf’lma tou montélou.

Grammik Palindrimhsh Poll,n Metablht,n (Multivariate Linear Regression )

H Grammik Palindrimhsh Poll,n Metablht,n ePnai mia statistik teqnik h opoba
problépei éna apotélesma grhsimopoi,ntac énan arijmi epexhghmatik,n metablh-
t.n. Stigoc tou sugkekriménou tOpou palindrimhshc ePnai h montelopoBhsh thc
grammik ¢ sqéshc metaxO twn anex’rthtwn kai twn exarthménwn metablht.n pou a

analujoOn.

To asiki montélo autoO tou ePdouc palindrimhshc ePnai to ex c:

y= ot iXxgtii+ pxXmte

~ Poluwnumik Palindrimhsh ( Polynomial Regression )

H Poluwnumik Palindrimhsh eBnai énac tOpoc palindrimhshc pou analOetai sthn
poluwnumik montelopobhsh  n-osto®O ajmoO thc sgéshc metaxO anex’rthtwn kai exarth-
ménwn metablht,n. ApoteleD mia eidik perbptwsh thc Grammik ¢ Palindrimhshc Poll,n
Metablht,n kat™ thn opoba h poluwnumik exbswsh twn dedoménwn sundu”zetai me thn
kampuligrammbh allhlepbdrash twn exarthménwn kai anex’rthtwn metablht,n.

H asik majhmatik ékfrash autoO tou eDdouc palindrimhshc ekfr'zetai wec ex c:

y= ot 1x+ 2x2+:::+ hxh+e

ipou h o ajmic tou poluwnOmou.
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2.3 NEURWNIKA DIKTUA KAJODHGOUMENA APO TH FUSIKH
(PHYSICS INFORMED NEURAL NETWORKS ¢ PINNs )

2.3.1 Eisagwg sta PINNs

Oi prisfatec exelbxeic sth aji” m“jhsh éqoun eérei epanstash se tomebc ipwc h
epexergasba usik c gl,ssac ( natural language processing ), h irash upologist.n ( come
puter vision ) kai h enisqutik m“jhsh ( reinforcement learning ). Me th o jeia thc tagebac
an”ptuxhc twn upologistik.n pirwn, ta aji° neurwnik™ dbktua grhsimopoioOntai ilo kai
perissitero kai se probl mata pou grhsimopoioOn usikoOc nimouc gia thn epBlush touc.

Pio sugkekriména, dedomeénou iti pleon h mhganik m“jhsh kalebtai na "asqolhjeb" kai
me probl mata usik,n nimwn, empeirik,n sgésewn “llwn nimwn pou diepoun ta usik”
ainimena, en, par’llhla up“rgei plhj,ra ibliografbac gia aut”, diamorf,netai mia

néa morf neurwnik,n diktOwn gia thn epBlush aut,n twn problhnm™twn, h opoba sundu’zei
tic dunatithtec thc mhganik ¢ m'jhshc me tic ewrhtikéc argéc nimwn pou pro6p rgan.
H ékfrash thc ek’stote plhroforbac nimou ston algirijmo ekpabdeushc gbnetai mésw
miac mh-grammik ¢ diaforik ¢ ekpaPdeushc. Me autin ton tripo, prokOptoun epipléon
dedoména ekpabdeushc kai étsi o algirijmoc katal gei pio gr gora sto epijumhti apo-
telesma.

Ta neurwnik™ dbktua ta opoPa ekpaideQontai gia thn epBlush problhm™twn epiblepo-
ménhc mhganik ¢ mjhshc kai tautigrona upakoOn stouc usikoOc nimouc tou k’je pro-

I matoc kaloOntai neurwnik™ dbktua kajodhgoOmena api th usik alli.c PINNSs.

Ta PINNs diakrbnontai se treic kathgorDec an“loga me to tripo me ton opobo epilOoun
ta probl mata. Oi treic kathgorbec ebnai oi ex c:

1. Gnwstob orismenoi api touc usikoOc nimouc pou diépoun to priblhma kai par’l-
Ihla diajésima k"poia dedoméena me ta opoba mporeb na ekpaideuteb o algirijmoc.
Stigoc ePnai h eOresh twn upiloipwn -“gnwstwn- arg,n pou diépoun to priblhma, me
th o jeia twn upargintwn usik,n nimwn kai twn dedoménwn ekpabdeushc.

2. GnwstoD iloi oi usikoP nimoi pou diépoun to priblhma kai epidi ketai h eOresh
algorbjmwn gia th taqOterh epBlush touc.

3. Gnwst™ mino dedoména gia to ainimeno kai prosp’jeia eOreshc twn usik,n nimwn
pou to diepoun.

2.3.2 Orismic tou probl matoc

H grsh twn PINNs stogeOei sthn eOresh I0sewn se mh-grammik™ probl mata qwrbc
na up’rgei an"gkh katafug c se kainoOriec upojéseic. Ap.teroc skopic touc ePnai h
diamirfwsh enic néou pritupou montelopoPhshc kai upologismoO pou a emploutbzei th
aji” m“jhsh me opoiad pote exélixh prokOptei sto toméa twn efarmosménwn majhmati-
k.n, grhsimopoi_ntac arijmhtikéc epilOseic twn merik_n diaforik n exis sewn kai sgetik”
apléc arqitektonikéc neurwnik n diktOwn.



2.3.3 Ekpabdeush

Orbzetai h parametropoihménh mh-grammik merik diaforik exbswsh thc genik ¢
morf ¢ ( Karniadakis et al. 2017: )

ug +N[ul=0;x2 ;t2][0;T]

ipou to u(t;x) sumbolBzei th IOsh thc exDswshc, N[:] ePnai énac mh grammikic diaforikic
telest ¢ kai W éna uposOnolo twn pragmatik,n arijm,n RP. To neurwniki dbktuo, imwc,
prépei na tropopoihjeD ste na kataférei na axiopoi sei th plhroforDa pou prokOptei

api to usiki nimo pou sumperilamb”netai sto priblhma. Gia auti to skopi, orbzetai h
sun“rthsh  f (t;x) h opoba dPnetai api to aristeri méloc thc parap™nw exbBswshc:

f :=ug + N[u]

Me auti to tripo, to neurwniki dbktuo rDsketai se ésh na proseggbsei th IOsh thc
exbPswshc me gr sh thc merik ¢ diaforik ¢ exDswshc pou perigr-fei to ainimeno kai tic
sunoriakéc sunj kec pou thn diépoun.

2.3.3 Ekpabdeush

Ta dedoména ekpabdeushc twnPINNs diépontai, arqik”, api éna pl joc shmebwn arqi-

k,n kai sunoriak,n sunjhk,n Ny = (ty;Xy) pou ePnai gnwst’, ipwc kai h IOsh thc  u(t; x)
se aut” ta shmeba [3],[12]. Gia par"deigma, an dojeb mia oriak sunj kh, estw u(@O;x)=1
, auti shmabnei pwc th gronik stigm t = 0 kai gia ilec tic timéc  x h 10sh thc exDswshc u

ebnai panto® Bsh me 1. Epipléon, sta dedomeéna ekpabdeushc perilambnontai ta shmeba pou
rbskontai sto gqwrbo pou orbzetai api ta diast mata tou grinou kai tou q,rou, ta opoba
sumbolbzontai we Nf = (t;;Xx¢). Aut” ta shmeba epilégontai me tugabo tripo kai se aut™ h
f a prépei na mhdenbzetai. Oi par'metroi tou neurwnikoO diktOou a rejoOn api thn
elagistopobhsh thc sunrthshc kistouc ( cost function ), h opobPa prépei na éqei dOo irouc,
enan anaferimeno sta shmeba N, kai énan anaferimeno sta shmeba N;. 'Etsi, h sun’rthsh
kistouc pabrnei th morf :

MSE = MSE, + MSE;

ipou:

g R .
MSE, = &= jultiixy) u'f’
kai
1 X
MSE; = —  jf(t;;x)f
Nf ._
i=1
O iroc u(t);x!) upodhl nei thn pribleyh pou ex'getai api to neurwniki dbktuo en,
oiroc u' dhl nei th pragmatik tim pou a éprepe na &qei h exDswsh sta shmeba Ny -
Omobwec, gia ta shmebad\; o algirijmoc dbnei ta apotelésmata f(tfi ; xfi) ta opoba prépei na
sugklbnoun sto mhdeén, ,ste na diasfalisteb iti ikanopoiebtai o usikic nimoc pou diépei

to ainimeno.
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An kai den up~rgei episthmonik apideixh iti ilh h parap™nw diadikasba katal gei se
oliki el"gisto, mésw empeirik,n dokim n ex"getai to sumpérasma pwc ta PINNs mporoOn
na d,soun arket™ kal pribleyh thc sumperifor’c tou ainoménou entic tou pedbou
sto opobo éqei oristeD grhsimopoi,ntac el’gista dedomeéena ekpabdeushc. Prokeimenou na
epiteugjeD auti, prépei to neurwniki dbktuo na ebnai kataskeuasméno me th kat’llhlh
argitektonik (arijmi epipédwn kai neur,nwn se k'je epbpedo).

Téloc, “xio anafor"c ebnai to gegonic iti se antbjesh me tic klasikéc arijmhtikéc me-
idouc, h epblush thc merik ¢ diaforik ¢ exDswshc me to neurwniki dbktuo éqei epiteugjeb
gwrbc diakritopobhsh sto g,ro kai to grino, en, de grei"zetai eidik metagebrish to kje
xeqwristi ainimeno pou melet'tai, wc proc thn argitektonik tou diktOou. H énnoia thc
parag,gou pou eis"getai sto neurwniki dbktuo ebnai idiabtera shmantik plhroforba gia
thn an“ptuxh 10shc sto ek’stote priblhma. Auti shmabnei iti apoteleb mia polO kal
proséggish thc akriboOc I0shc. Ta pleonekt mata aut”, sunduastik™ me thn eukolPa sthn
ulopoBhsh, kajistoOn ta  PINNs éna polO isquri ergaleDo.

2.3.4 Epagwgik Mejodoc ( Inference method )

H epagwgik méjodoc sthn Tegnht NohmosOnh anaféretai sth diadikasPa exagwg c
logik,n sumperasm™twn, probléyewn kai apof'sewn me “sh diajésimec plhroforbec,
sugn™ me th gr sh prokajorisménwn kaninwn, statistik,n montélwn algorBDjmwn mh-
ganik ¢ m“jhshc. Sugkekrimena sta PINNs, h epagwgik meéjodoc grhsimopoieP usikoOc
nimouc kai dedomena, mésw diaforik, n exis,sewn, prokeiménou na paregei akribebc kai axi-
ipistec IOseic se usik™ probl mata. To montélo ekpaideOetai, sOmfwna me prohngoOmenh
par"grafo, kai épeita ePnai se ésh na probléyei IOseic gia "gnwstec sunj kec. Aut h
ikanithta ebnai idiabtera qr simh se probl mata ipou oi parathr seic ePnai periorismenec

dOskolec na apokthjoOn. H epagwgik meéjodoc ( inference method ) epitrépei sta neurw-

nik> dbktua, kajodhgoOmena api th usik , na epitOqgoun akrbbeia se polOploka usik®
probl mata, kaj,.c mésw thc ekpabdeushc api touc usikoOc nimouc elagistopoiebtai h
"an"gkh" tou montélou gia néa dedoména ekpabdeushc.

Par"deigma thc epagwgik ¢ mejidou sthn Tegnht NohmosOnh ePnai h gr sh the sthn i-
atrik ereuna kai diagn,seic. Mésw aut ¢ thc mejidou up“rgei h dunatithta an“lushc twn
dedoménwn asjen,n gia th paroq eltistopoihmeénwn sqedbwn erapebac kai probléyewn.
Epipléon, h epagwgik meéjodoc mporeD na grhsimopoihjeD sto ep“ggelma tou PolitikoO
MhganikoQ. Gia par"deigma, sth kataskeu miac géfurac, sullégontac dedoména sgetik”
me tic idiithtec twn ulik,n pou prikeitai na grhsimopoihjoOn kaj,c kai ta ortDa pou
a deqgetai h géfura, mporeb o mhqganikic na kataskeu"sei éna montélo PINN to opobo
a perigr-fei th sumperifor” thc géfurac “sei twn diaforik,n exis,sewn pou aforo-

On th mhganik sumperifor™ twn ulik.n. 'Epeita api ekpabdeush, to montélo dOnatai na
probléyei th paramirfwsh kai th katapinhsh thc géfurac, gegonic pou epitrépei ston
politiki mhganiki na elti,sei thn asf’leia kai thn apotelesmatikithta tou érgou.
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2.3.5 Antbstrofo Priblhma - Tautopobhsh Parametrwn Diaforik ¢ ExBsw-
shc ( Inverse problem « Parameter Identi cation )

Ta neurwnik® dbktua kajodhgoOmena api th usik ( PINNs) ektic api thn akrib
pribleyh IOsewn se di*forouc tOpouc problhm™twn, égoun, kai antDstrofa, th dunatithta
mésw twn apotelesm’twn na katafOgoun se sumpérasma gia tic paramétrouc thc diafo-
ik c exbswshc h opoba grei“sthke gia thn epPlush kai tan imwc argik™ "gnwsth [14].
Mia sun jhc sunj kh ePnai h eOresh thc IOshc tou probl matoc mésw peiram™twn kai
metr sewn mesw prosomoi,sewn tou ek’stote ainoménou mésw arijmhtik,n mejidwn, me

“gnwstec, imwc, tic paramétrouc thc diaforik ¢ exbswshc. Ta PINNs se aut th perbptw-

sh mésw tou montelou pou ebnai gnwsti wc "montélo tautopobhshc parametrwn” ( Parameter

Identi cation ) prosdiorbzei autec tic parametrouc. Sto sugkekriméno montélo, h sun“rthsh
kistouc paramenei Bdia, en, oi par'metroi thc diaforik c exbswshc |, aut th or” anti-
metwpbzontai we metablhtéc tou diktOou kai gia auti to ligo se k'je “sh thc ekpabdeushc
all’zoun timéc, se antbjesh me thn perBptwsh anaz thshc thc I0shc the diaforik ¢, sthn
opoba ewroOntai stajerob.

Gia thn ekpaPdeush aut,n twn diktOwn up“rgoun treic pijanéc meéjodoi:

1. H paragwg meg’lou arijmoO dedoménwn kai h pragmatopoPhsh miac epoq ¢ p"nw
se aut”.

2. Ekpabdeush me éna mikritero sOnolo dedoménwn kai h pragmatopoBhsh poll,n epo-

g,n p'nw se aut”.
3. O sunduasmic twn parap™nw.

Praktik”, wstiso, h pr,th méjodoc de pragmatopoiebtai sugn” giatb h sullog tou
igkou pou apaitebtai gia na ebnai akrib ta apotelésmata mésw mino miac epog c ebnai
idiabtera dOskolh, epoménwc sun jwc sunist™tai h deOterh méjodoc.

Sto toméa tou PolitikoO MhganikoO, éna par"deigma qgr shc tou antBstrofou pro-

I matoc ebnai o prosdiorismic edafik n idiot twn gia emelbwsh enic ktirbou. H diadi-
kasba xekin"ei mésw gewteqnik,n dokim_ n pou pragmatopoieb o mhganikic ,ste na sulléxei
ta dedomeéna pou aforoOn thn antoq tou ed“fouc kai th sumperifor” tou upi ortBa

kai epeita a eisagjoOn sthn an’lush. Sth sunéqeia, anaptOssetai to montélo to opobo
perilamb™nei ewrbec kai nimouc pou perigrifoun th sumperifor” tou ed*fouc upi di-
“forec sunj kec kai katapon seic kai sugkrbnontai ta pragmatik™ dedomena tou pedbou
me aut”™ pou proébleye to montéelo . Me auti to tripo, o mhganikic mporeb na axiolog sei

th katallhlithta thc emelPBwshc kai na diasfalbsei iti eparkeb.

2.3.6 EbBbdh PINNs

Ta neurwnik™ dbktua kajodhgoOmena api th usik diakrDnontai se kathgorbec an’lo-
ga me to priblhma pou kaloOntai na IOsoun kai me th méjodo epPlushc pou grhsimopoioOn.

~ Vanilla PINNs
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Ta Vanilla PINNs apoteloOn th asik morf twn PINNs. EPnai idanik™ gia IOsh
apl.n problhm™wn an’lushc all” den endebknuntai gia pio perbploka probl ma-

ta. H diadikasba ekpabdeushc gbnetai geirokbnhta kai exart™tai api to megejoc tou
debgmatoc kai to priblhma.

Variatonal PINNs (VPINNS)

H dhmiourgBa twn Variatonal PINNs [15], dhlad twn metablht,n neurwnik,n diktOwn
kajodhgoOmenwn api th usik , sthrbzetai sth mh grammiik proséggish twn aji-

_.n neurwnik n diktOwn. Diamorf,netai mia ekdog thc mejidou PetroveGalerkin sta
PINNSs, epilégontac wc g,ro sunart sewn gia th proséggish thc IOshc tou probl ma-

toc (trial space ) ton q.ro twn neurwnik .n diktOwn kai wc g.ro sunart sewn gia ton
eélegqgo tou sfllmatoc (  test space ) to g,ro twn poluwnOmwn Legendre . Diatup, netai
etsi to metablhti kat”loipo thc diaforik ¢ exbswshc mésw thc proseggishc twn aji-

.n neurwnik n diktOwn enswmat_ nontac thn metablht morf tou probl matoc sthn
sun’rthsh apwlei n tou diktOou kai étsi dhmiourgebtai &éna metablhti PINN.

Ta Variatonal PINNs prosféroun mia eltiwménh proséggish sthn epblush merik,n
diaforik n exis,sewn. Se sOgkrish me ta apl® PINNSs, ta en ligw neurwnik™ dbktua
grei“zontai ligitera shmeba gia ekpabdeush, ligw thc ikanithtac el“ttwshc thc t"xhc

twn diaforik,n telest,;n mésw olokl rwshc kat™ par"gontec. Me auti to tripo,
prosféretai igi mino pio analutik epPlush all” kai megalOterh euelixDa sth gr sh.

Wstiso, gia th gr sh tou sugkekriménou tOpou PINNs apaitebtai arijmhtik olo-

kl rwsh, mia diadikasba h opoba aux'nei to upologistiki kistoc. Me stiqo na a-
pofeugjeb auti, epilégetai pr,ta éna 'rhqi' neurwniki dbktuo me ena krufi strma

(hidden layer ). Auti dieukolOnei ton upologismi twn parag,gwn se orisménec peri-
pt,seic. 'Epeita eis"gontai ta aji” VPINNs prosjétontac poll® hidden layers kai
tite ebnai aparabthth h arijmhtik olokl rwsh gia ton upologismi twn oloklhrw-

m’twn kai twn metablht,n katalobpwn R.

Sqma2.10: Dom twn Variatonal PINNs . To prisino gr,ma antiproswpeQei tic dokimastikéc
sunart seic kai tic parag,gouc touc. To mple gr,ma antiproswpeOQei ta katloipa R.. Phg :
[15]

" Conservative PINNs (cPINNSs)

Ta conservative PINNs  alli,.c cPINNs ,[13], apoteloOn mia morf neurwnik,n di-
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ktOwn kajodhgoOmenwn api th usik ta opoPa ebnai eidik® sqediasména gia thn
epbPlush mh grammik,n nimwn diat rhshc ( conservation laws ). Par"deigma apote-
loOn h epblush merik,n diaforik,n exis ,sewn ipwc h exDswsh Burgers , oi exis,seic
tou Euler kai “lla. 'Ena pleonékthma autoO tou tOpou neurwnik,n diktOwn eBnai h
ikanithta par’llhlwn upologism n kat™ thn an’lush, K'ti pou mei nei shmantik

ton grino ekpabdeushc.

Sgma 2.11: Dom twn Conservative PINNs . Phg : [13]

" Extended PINNs (XPINNSs)

O sugkekriménoc tOpoc neurwnik n diktOwn kajodhgoOmenwn api th usik apote-

leB mia méjodo h opoba epitrépei thn epblush mh grammik, n diaforik,n exis,sewn se
polOploka gewmetrik™ pedba, mésw thc genikeuménhc proséggishc "aposOnjeshc me
“sh to qwroqrino” ( spaceetime domain decomposition  [16]. H diadikasba epblushc
me “sh aut”, xekin"ei api th diabresh tou pedbou epBPlushc se mikritera upopedba.

Se k'je upopedbo, ena xeqwristi neurwniki dbktuo pou onom“zetai SubeNet ekpaide-
Oetai gia na proseggbsei th I0sh thc diaforik ¢ exDswshc. Kje SubeNet éqei th dik
tou argitektonik an’loga me th poluplokithta thc IOshc sto sugkekriméno upo-

pedbo. 'Epeita api thn an’lush k'je upopedbou, ipwc se k’je epPlush neurwnik n
diktOwn up’rgei h sun’rthsh kistouc, h opoba elagistopoiebtai iso pio kal pro-

séggish gbnetai. Téloc, mésw miac diadikasbac K'je upopedbo sundéetai me to “lio,
diasfalbzontac pwc den up“rgoun "diepaféc" metaxO twn IQsewn.

H diadikasba epblushc me ta XPINNs prosféroun euelixba kai prosarmostikithta
sthn epBlush problhm"twn kai tautigrona akima kai polOploka ht mata dOnantai

na epilujoOn apotelesmatik™ qwrDc meg’lo upologistiki kistoc, kaj,c polléc upo-
leitourgbec gbnontai parlihla.
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Sgma 2.12: SubeNet. Phg : [16]

" Augmented PINNs (APINNSs)

Ta APINNs [8] ePnai mia néa parallag neurwnik,n diktOwn kajodhgoOmenwn api th
usik , ta opoPa uiojetoOn mia pio omal kai ekpaideOsimh di"spash twn g,rwn proc
an’lush kaj,c kai pio euélikto diamoirasmi twn parametrwn thc ekpabdeushc. H dh-
miourgBa tou sugkekriménou tOpou PINNs apoteleD exelixh twn XPINNs kai aposkopeD sthn
eltistopobhsh thc diadikasbac pou akoloujoOn ta extended PINNs h opoba perigr-fhke
parap’nw. Sta Augmented PINNs grhsimopoiebtai ena gate network to opobo egei th duna-
tithta na mimhjeD thn di"spash twn upopedbwn ipwc gbnetaista ~ XPINNs, imwc ekpaideOetai
,ste na anazht™ th éltisth di"spash twn upopedbwn gia akimh megalOterh akrbbeia sthn
an’lush. Ta upopedba ( subenets ) sth sugkekriménh méjodo mporoOn na grhsimopoi soun
ila ta dedoména ekpabdeushc antb gia to méroc twn dedoménwn pou antistoiqoOn sto k’je
upopedbo, gegonic pou prosférei oikonomba grinou kai euelixba.

2.3.7 PINNs sto toméa tou PolitikoO MhganikoO

Oi teleutabec exelbxeic sth Mhganik M7jhsh kai th Baji” M“jhsh, aux"noun tic eu-
kairbec aneélixhc se ilouc touc tomebc [10]. WSstiso, ison afor” to toméa tou politikoO
mhganikoO, ta probl mata pou kaleBtai na antimetwpBsei h mhganik m’jhsh ePnai idiabte-

a apaithtik”, afo® ePnai polléc oi oréc pou ta dedoména pou grhsimopoioOntai gia thn
ekpabdeush neurwnik n diktOwn tou montélou diaféroun api ta pragmatik™ dedomeéna tou

probl matoc. Gia auti to ligo, grhsimopoioOntai kurbwc ta PINNs. H gr sh twn neurwni-
k,n diktOwn kajodhgoOmenwn api th usik ePnai idiabtera shmantik gia ta émata aut”,

kaj,c h enswm™twsh sto dbktuo diaforik,n exis,sewn kai majhmatik,n montelwn pou a-

oroOn to usiki priblhma sumblloun sthn katanihsh tou probl matoc api to dbktuo

kai sthn pio akrib proséggish twn apotelesm™twn. Ta PINNs pléon diadramatBzoun polO
shmantiki ilo se émata ipwc h mhganik twn eust.n, h metafor” thc ermithtac, h

mhganik twn ulik,n kai h dunamik twn kataskeu,n.

Ta neurwnik™ dbktua, kajodhgoOmena api th usik , apoteloOn mia isqur kai eu-
elikth proséggish gia th prosomoBPwsh kai epPlush problhm™twn se polOploka domik
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sust mata. Mésw éreunac twn da Silva kai Cunha Jr. , pou afor” thn katanom twn
t"sewn se trigwnik pl“ka [23], apodeDgjhke iti ta en ligw neurwnik™ dbktua mporoOn na
epilOsoun éna priblhma mhganik ¢ stereoO s matoc gwrbc analutik™ dedoména kai mino
asizimena se exis,seic diat rhshc kai oriakec sunj kec. Ta apotelésmata thc éreunac
debgnoun pwc taPINNs eqoun thn prooptik na apotelésoun éna qr simo ergalebo sthn
upologistik mhganik , akima kai se pedba pou oi paradosiakéc mejodoi apotugqg noun.
Epipléon, sOmfwna me touc Kapoor, Wang et al. [11] , an kai h pribleyh thc su-
mperifor’c twn dok,n apoteleb prikihsh ligw thc poludi“stathc allhlepbdrashc twn
mer,n touc, ta PINNs egoun anadeigjeb wc émpisth méjodoc gia thn prosomobwsh Merik, n
Diaforik,n Exis,sewn pou aforoOn tic dokoOc. Mésw thc éreunac touc apédeixan iti to
pososti sflmatoc ston upologismi thc paramirfwshc miac dokoO me “sh tic ewrbec
EulersBernoulli kai Timoshenko den aux’netai itan to montélo aux"nei thn poluplokitht
tou. EpPshc, h “"gnwsth sun"rthsh dOnamhc kai “llec par"metroi tou probl matoc upolo-
gbzontai me akrbbeia api to montélo mésw tou antbstrofou probl matoc ( inverse problem ).
Téloc, usik™ megeéjh ipwe h taqOthta, h epit'qunsh kai h op k™myhc thc dokoO pro-
seggbzontai me polO mikri pososti sflmatoc api to montélo, an kai den tan "mesa
ekpaideumeno na upologbsei aut™ ta megejh. Opite, katal goun sto sumpérasma iti ta
neurwnik™ dbktua, kajodhgoOmena api th usik , epitrépoun thn prosomobwsh polOplo-
kwn domik, n susthm™twn apotelesmatik™, me akrbbeia kai stajer”.
Ta PINNs prosféroun poll” pleonekt mata sto ep”ggelma tou PolitikoO MhganikoO
kai exelPssoun tic analOseic polOplokwn domik,n susthm“twn me epitugPa. H enswm"twsh
usik,n nimwn se éna upologistiki montélo me tautiqronh elagistopobhsh twn pragma-
tik,n dedoménwn pou grei“zontai prosferei euelixDa sto mhganiki kai th dunatithta na
epilOei diaforetik™ sen“ria me polO mikréc allagéc sto montélo, gegonic pou dieukolOnei
thn diadikasPa thc epPlushc polOplokwn problhm™twn.
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3.1 Di'rjrwsh efarmog.n

Sthn paroOsa ergasPa, anaptOgjhke k dikac se programmatistiki perib’llon MAT.
LAB gia thn efarmog diktOwn  PINN gia thn epBlush arijmhtik_n efarmog,n pou aforoOn
sth dunamik an’lush kataskeu,n. Oi peript,seic pou exet sthkan ebnai oi ex c:

1. Pribleyh thc apikrishc monob~jmiou talantwt pou upikeitai se apl aposben-

n®Omenh tal"ntwsh.

2. Pribleyh thc apikrishc monob“jmiou talantwt pou upikeitai se armonik diéger-
sh.

3. Pribleyh thc apikrishc monob“jmiou sust matoc upi seismik diegersh.

4. Pribleyh thc apikrishc polubjmiou talantwt pou upikeitai se eleOQjerh tal"ntw-
sh.

5. Tautopobhsh thc duskamyPac K monob“jmiou talantwt pou upikeitai se eleOjerh

tal"ntwsh.

6. Tautopobhsh thc duskamybac K monob“jmiou talantwt pou upikeitai se exanagka-

smeénh tal"ntwsh upi armonik diégersh.

3.2 Mejodologba pribleyhc thc apikrishc sust matoc - Fore

ward Problem

H mejodologba pou akoloujebtai gia thn pribleyh thc apikrishc tou sust matoc mésw
ekpabdeushc neurwnik,n diktOwn kajodhgoOmenwn api th usik ( PINNSs) argbzei api ton
orismi tou neurwnikoQ diktOou. Epilégetai argik™ mia argitektonik gia to dbktuo, dh-
lad énac arijmic kruf,n epipédwn ( hidden layers ) me sugkekrimeno arijmi neur,nwn to
K'je éna kai ta epbpeda input (grinoc t) kai output (metatipish u; , ipou i = 1;2;3;:n
an’loga me ton arijmi twn ajm n eleujerbac, “ra kai twn metakin sewn tou sust ma-
toc). Epipléon, epilégetai h sun’rthsh energopobhshc tou diktOou. Sth paroOsa ergasba,
ewrebtai eOlogh h epilog thc sun’rthshc uperbolik ¢ efaptoménhc tanh ().

Sqma 3.1: Antiproswpeutik argitektonik diktOou.



3.2 Mejodologba pribleyhc thc apikrishc sust matoc - Forward Problem

Epimeno ma ebnai h eisagwg thc diaforik ¢ exbswshc kbnhshc tou sust matoc . Pio
sugkekriménh perigraf thc ek’stote exDswshc pou eis"getai se k’je efarmog analOetai
sto epimeno kef'laio. Gia thn epPlush thc diaforik ¢ exbswshc grhsimopoiebtai ebte h
analutik 10sh thc, ebte h arijmhtik proséggis thc mésw thc mejidou Newmark .
PolO shmantiki méroc thc ekpabdeushc enic montélou, ipwc égei anaferjeP kai se
prongoOmeno kef'laio, ePnai o orismic thc sun“rthshc ap,leiac tou sust matoc. Sthn
paroOsa efarmog twn  PINNs , h sun’rthsh ap,leiac apartDzetai api téssera mérh:

~

Thn ap,leia twn shmebwn sta opoPa exet"zetai h ikanopobhsh thc diaforik ¢ exbswshc
tou sust matoc ( physics loss collocation points ),

thn ap,leia ligw apiklishc thc pribleyhc api ta pragmatik™ dedoména pou ei-
s"gontai sto montélo. ( supervised training data points ),

thn ap,leia metaxO problepimenhc kai pragmatik ¢ argik ¢ sunj khc metatipishc
kai

thn ap,leia metaxO problepimenhc kai pragmatik ¢ argik ¢ sunj khc tagOthtac.

Oi proanaferjeDsec ap,leiec, ekasth pollaplasiasménh epb énan suntelest pou kajo-
Dzei to pososti summetoq ¢ thc (“rh w ), ajrobzontai gia na upologisteD h sunolik
ap,leia tou sust matoc wc:

L = Wgata L data + W physics L physics T Wuol— u t Wuol— Uo (3.1)

Téloc, prin xekin sei h ekpabdeush tou montélou, eis"gontai ilec oi par"metroi pou
ephre”zoun thn ekpabdeush , ipwc ebnai:

1. To pljoc twn pragmatik,n dedoménwn anafor’c.
2. To eOroc twn pragmatik,n dedoménwn wc proc to grino.

3. To pljoc kai eOroc twn shmePwn sta opoPa a apaithjeD h ikanopobhsh thc diafo-
ik c exbswshc tou sust matoc.

4. O arijmic twn epog.n ekpaPdeushc pou a ektelestoOn.
5. O ujmic ekm’jhshc k.a..

Met™ api to pérac thc ekpabdeushc, sugkrbnetai h pribleyh thc apikrishc tou su-
st matoc me thn pragmatik apikrish h opoba prokOptei mésw analutik ¢ IOshc thc
diaforik ¢ exbswshc ebte mesw thc arijmhtik ¢ mejidou Newmark . E"n h pribleyh ebnai
akrib c, tite ewrebtai pwc h ekpabdeush pragmatopoi jhke me epitugba kai oloklhr ne-
tai. E’n h pribleyh apokiPnei api thn pragmatik apikrish, tropopoioOntai ebteoi
par'metroi ekpabdeushc, ebteh argitektonik tou diktOou, ebteh sun’rthsh ap,leiac kai
to montélo epanekpaideQetai. H diadikasDa sunegbzetai éwc itou h pribleyh gbnei akrib c.

Sto Sg ma 3.2 apeikonbzetai di"gramma o ¢ thc diadikasbac pou akoloujebtai stic
efarmogéc pribleyhc thc apikrishc tou ek"stote sust matoc ( forward problem ).
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Sg ma 3.2: Mejodologba pribleyhc thc apikrishc tou sust matoc ( forward problem )

3.3 Mejodologba pribleyhc parametrwn diaforik ¢ exbsw-
shc - Inverse Problem

Gia thn pribleyh twn parametrwn thc diaforik ¢ exbswshc me gr sh twn PINNs ako-
loujebtai parimoia diadikasBa me thn proanaferjebsa. H diafor” eégkeitai sto gegonic iti
oi proc tautopoPhsh par"metroi apoteloOn pléon parameétrouc tou diktOou. Epomeénwc,
h ikanopobhsh thc diaforik ¢ exbswshc tou sust matoc apaiteb pléon kai thn kat'llhlh
Ojmish twn parameétrwn aut,n ste na elagistopoihjeb to sfima metaxO problepimenhc
kai pragmatik c apikrishc tou sust matoc.

Sto di"gramma o c tou Sqg matoc 3.3 apeikonbzetai sunoptik™ h diadikasba pou ako-
loujebtai stic efarmogéc pribleyhc twn parametrwn thc exDswshc kbnhshc ( inverse probe
lem).



3.3 Mejodologba pribleyhc parametrwn diaforik ¢ exbswshc -

Inverse Problem

Sqg ma 3.3: Mejodologba pribleyhc twn parameétrwn tou sust matoc (

Inverse Problem )
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4.1 Pribleyh thc apikrishc sust matoc - Forward Problem

Se aut thn enithta exet"zetai h pribleyh dunamik ¢ apikrishc. Argik”, analOetai

sOsthma enic ajmoQ eleujerbac ( SDOF: singlesdegree+ofsfreedom ) lamb nontac upiyh

treic diaforetikéc peript,seic tal’ntwshc: thn apl aposbennOmenh tal'ntwsh, thn ta-

I"ntwsh me armonik diégersh kai thn tal"ntwsh upi seismik diégersh. 'Epeita, exet'zetai

éna dib“jmio sOsthma gia ligouc genbkeushc-epéktashc thc mejodologbac.

4.1.1 Monob’jmio sOsthma upi apl aposbennOmenh tal"ntwsh

Argik”, analOetai h efarmog enic monob“jmiou sust matoc to opobPo ekteleb apl

armonik tal"ntwsh, parousba apisbeshc kai me mhdenikéc exwterikéc diegérseic. H apo-

sbennOmenh tal’ntwsh perigr-fetai api th diaforik exbBswsh :
mi +cu+ku =0

ipou m h m"za, c o suntelest c apisbeshc kai k h duskamyba.

Sqg ma 4.1: Perigraf probl matoc

Idiithtec Montélou Idiithtec Diegershc
m = 1]t] u(0) =20 mm
k =4 2[kN=m] u(0)=0
T = 1[sec];! , = 1[rad ]
=2%

Pbnakac 4.1: Idiithtec montélou

H 10sh gia thn parap™nw exDswsh, gia upokrBsimh apisbesh, dhlad gia
(0; 1) ekfr'zetai se genik morf api th sgésh :
!
10 sing 4t)

vo + !
u)=e ' ugcosl qt) + ——"

P—— R
jpou '4=1, 1 2 h aposbennOmenh kuklik sugnithta.

(4.1)

sto di"sthma

(4.2)



4.1.1 Monob“jmio sOsthma upi apl aposbennOmenh tal"ntwsh

Sqma4.2: Argitektonik diktOou gia pribleyh thc apikrishc monob“jmiou sust matoc upi
apl aposbennOmenh tal’ntwsh: 2 kruf” epPpeda- 128 neur,nec an” epPpedo.

Pr ta exet"zetai h pribleyh thc apikrishc tou sust matoc, me 20 dedomena ekpabdeu-
shc sto groniki di"sthma t = [0; 1] kai me 100 shmeba sta opoba ikanopoebtai h diaforik
exbswsh tou sust matoc ( PINN collocation points ). Gia akrib pribleyh grei“sthkan 7000
epogec .

Sg ma 4.3: Pribleyh tou montélou sto 1/4 twn sunolik,n epog,n ekpabdeushc



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Sqg ma 4.4: Pribleyh tou montélou sto 1/2 twn epog,n ekpabdeushc

Sq ma 4.5: Pribleyh tou montélou sto sOnolo twn epog,n ekpabdeushc



4.1.1 Monob“jmio sOsthma upi apl aposbennOmenh tal"ntwsh

Telik”, oi epimerouc iroi thc sun“rthshc ap, leiac kaj,c kai h sunolik stajmisménh
tim thc prokOptoun sta parak™tw sq mata:

Sq ma 4.6: Di"gramma ap,leiac twn dedoménwn ekpabdeushc sunart sei twn epoq,n ekpa-
bdeushc



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Sg ma 4.7: Di"gramma ap,leiac thc diaforik ¢ exbswshc sunart sei twn epoq,n ekpabdeu-
shc

Sqg ma 4.8: Di"gramma ap,leiac thc argik ¢ metatipishc sunart sei twn epog,n ekpabdeu-
shc



4.1.1 Monob“jmio sOsthma upi apl aposbennOmenh tal"ntwsh

Sqma 4.9: Di"gramma ap,leiac arqik ¢ tagOthtac sunart sei twn epoq.n ekpabdeushc

Sqg ma 4.10: Sunoliki di"gramma ap,leiac sust matoc sunart sei twn epoq,n ekpabdeushc



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Sth sunégeia, gia to Bdio sOsthma exet’zetai deOterh perbptwsh pribleyhc kat™ thn
opoba mhdenbzontai ta dedoména ekpabdeushc kai exet’zetai h pribleyh tou montélou a-
pokleistik™ api th diaforik exBswsh kbnhshc. Gia akrib pribleyh grei“sthkan 5000
epogec .

Sq ma 4.11: Pribleyh tou montélou sto 1/4 twn sunolik,n epog,n ekpabdeushc



4.1.1 Monob“jmio sOsthma upi apl aposbennOmenh tal"ntwsh

Sq ma 4.12: Pribleyh tou montélou sto 1/2 twn epoq,n ekpabdeushc

Sqma 4.13:  Pribleyh tou montélou sto sOnolo twn epoq,n ekpabdeushc



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Oi timéc twn irwn ap,leiac apotup,nontai sta Sq mata 4.14, 4.15, 4.16, 4.17:

Sg ma 4.14: Di"gramma ap.leiac thc diaforik c exbswshc sunart sei twn epoq,n ekpa-
Pdeushc

Sqg ma 4.15: Di"gramma ap,leiac argik ¢ metatipishc sunart sei twn epog,n ekpabdeushc



4.1.1 Monob“jmio sOsthma upi apl aposbennOmenh tal"ntwsh

Sq ma 4.16: Di"gramma ap,leiac argik ¢ taqOthtac sunart sei twn epog,n ekpabdeushc

Sg ma 4.17: Sunoliki Di"gramma ap,leiac sust matoc sunart sei epog,n ekpabdeushc



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Téloc, gia ligouc sOgkrishc, exet’zetai h perBptwsh enic Naive Neural Network , dh-
lad enic aploO neurwnikoO diktOou to opobo den ekpaideOetai me th diaforik exBswsh
kbnhshc kai exart™tai apokleistik™ api ta dedoména ekpabdeushc. Qrhsimopoi jhkan 30
dedomeéna ekpabdeushc me eOro¢ = [0; 1].Ta parak’tw apotelésmata aforoOn 1000 epo-
géc. EPnai emfanéc pwc to apli neurwniki dbktuo ekpaideOetai taqOtera, all” adunateb na
parégei orjéc probléyeic se gronik™ shmeba ektic tou eOrouc twn dedoménwn ekpabdeushc.
Probléeyeic se diaforetik™ st"dia thc ekpabdeushc abnontai sta Sq mata 4.18, 4.19, 4.20
en, h exélixh thc sun’rthshc ap,leiac abnetai sto Sq ma 4.21.

Sg ma 4.18: Pribleyh tou montelou sto 1/4 twn epoq,n ekpabdeushc.

Sqg ma 4.19: Pribleyh tou montélou sto 1/2 twn epoq,n ekpabdeushc



4.1.1 Monob“jmio sOsthma upi apl aposbennOmenh tal"ntwsh

Sq ma 4.20: Pribleyh tou montélou sto sOnolo twn epog,n ekpaPdeushc

Sqg ma 4.21: Di"gramma ap,leiac dedoménwn ekpabdeushc sunart sei twn epoq,n ekpabdeu-
shc



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

4.1.2 Monob’jmio sOsthma upi Armonik Diégersh

Se aut thn efarmog analOetai éna SDOF sOsthma to opobo upikeitai se exanagka-
sménh tal"ntwsh, ipwc aPnetai sto sq ma 4.22.

Sq ma 4.22: Perigraf probl matoc

Idiithtec Montélou Idiithtec Diegershc
m = 1[t] u(@)=0
k =4 2[kN=m] u(0)=0
T =1[sec];! n =1[rad ] | po = 10[kN=m];! , = 2! ,
=2% lp=21,

Pbnakac 4.2: Idiithtec montélou

H exwterik dOnamh ebnai mia sun“rthsh thc morf ¢ p(t) = posin (! pt) ipou po h tim
tou pl'touc thc dOnamhc kai ! p h sugnithta diegershc. H diaforik exDswsh pou diepei thn

exanagkasménh armonik tal’ntwsh enic sust matoc me apisbesh dbnetai api th sqesh:
mi + cu + ku = pg sin( pt); (4.3)

Gia thn perbptwsh enic monob“jmiou sust matoc me apisbesh, h IOsh dbnetai api th sqésh:
u@)=e ' [A cos( Dt){zr B sin( Dt%] + Ic::,m(! pt){+ D cos( pti (4.4)
z

transient steady state

ipou oi suntelestéc  C; D prosdiorbzontai mesw thc sgéshc 4.3 en, oi A kai B kajorbzontai
me “sh tic argikec sunj kec. Gia thn eidik perbptwsh mhdenik,n argik,n sunjhk,n, oi
suntelestéc dbnontai api tic paraktw sgéseic:

|
D
C = ! 22 A !|2 (45)
1 £ +2 2
h o
B2
D= ! 22 A !|2 (4.6)
1 ﬁ + 2 ﬁ
A= D 4.7)
A C=
L
B:—;ali2 (4.8)



4.1.2 Monob“jmio sOsthma upi Armonik Diégersh

Sqma 4.23: Argitektonik diktOou gia pribleyh thc apikrishc monob“jmiou sust matoc
upi armonik diegersh: 4 kruf~ epbpeda kai 128 neur ,nec an” epbpedo

H ekpabdeush pragmatopoiebtai me 10000 epogec qwrbc pragmatik™ dedoména kai me
2000 shmeba ekpabdeushc thc diaforik c exDswshc ( PINN Collocation points ). Probleyeic
se di*fora st"dia thc ekpabdeushc abnontai sta Sq mata 4.24, 4.25 kai 4.26. H exélixh
twn irwn ap,leiac apeikonbzetai sta Sq mata 4.27, 4.28, 4.29 kai 4.30.

Sq ma 4.24: Pribleyh tou montélou sto 1/4 twn epoq,n ekpabdeushc



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Sq ma 4.25: Pribleyh tou montélou sto 1/2 twn epoq,n ekpabdeushc

Sq ma 4.26: Pribleyh tou montelou sto sOnolo twn epog,n ekpaBdeushc



4.1.2 Monob“jmio sOsthma upi Armonik Diégersh

Sqgma 4.27: Di'gramma ap,leiac thc diaforik ¢ exbswshc sunart sei twn epog,n ekpa-
Bdeushc

Sq ma 4.28: Di"gramma ap,leiac argik ¢ metatipishc sunart sei twn epog,n ekpabdeushc



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Sq ma 4.29: Di‘gramma ap,leiac argik ¢ taqOthtac sunart sei twn epog,n ekpabdeushc

Sg ma 4.30: Sunoliki di"gramma ap,leiac sust matoc sunart sei twn epoq,n ekpabdeushc



4.1.3 Monob“jmio SOsthma upi Seismik Diégersh

4.1.3 Monob’jmio SOsthma upi Seismik Diégersh

Se aut thn efarmog analOetai h perbptwsh tal’ntwshc pou prokOptei se éna mono-
“jmio sOsthma me ta parak’tw qarakthristik”, to opoPo upikeitai se seismik diégersh.

Idiithtec Montélou
m = 1[t]
k =4 2[kN=m]
T =1[sec];! n = 1[rad ]
=2%

Pbnakac 4.3: ldiithtec montélou

H diaforik exbswsh kbnhshc enic  SDOF sust matoc upi seismik diegersh dbnetai

api:

Mii(t) + Cu(t) + Ku(t) = Mig(t) (4.9)

H IOsh anafor’c, sthn prokeiménh perBptwsh, a prokOyei me epBlush thc diaforik ¢
exbswshc me th mejodo arijmhtik ¢ olokl rwshc Newmark . Gia thn exwterik diégersh,
epilegetai to epitaqunsiogr'fhma api to seismi tou Northridge tou 1994, [32] kai ana-
IOontai ta prita 10 deuterilepta thc diegershc.

Ta kruf> epPpeda (  hidden layers ) tou neurwnikoO diktOou ePnai éxi , me 128 neur,nec
to kajena. H an’lush pragmatopoiebtai argik™ gia 2000 shmeba ekpabdeushc thc diafo-
ik c exbswshc ( PINN Collocation Points ) gia 70000 epogéec . Sta Sq mata 4.32, 4.33 kai
4.34 apotup,netai h priodoc thc ekpabdeushc, en, sta Sq mata 4.35, 4.36, 4.37, 4.38
apotup,netai h exélixh twn irwn thc ap,leiac.

Sqma 4.31: Arqgitektonik diktOou gia pribleyh thc apikrishc monob“ jmiou sust matoc
upi seismik diégersh: 6 kruf” epPbpeda- 128 neur,nec an” epbpedo



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Sqg ma 4.32: Pribleyh tou montélou sto 1/4 twn epoq,n ekpabdeushc

Sq ma 4.33: Pribleyh tou montélou sto 1/2 twn epoq,n ekpabdeushc



4.1.3 Monob“jmio SOsthma upi Seismik Diégersh

Sq ma 4.34: Pribleyh tou monteélou sto sOnolo twn epog,n ekpabdeushc

Sq ma 4.35:
Pdeushc

Di"gramma ap,leiac thc diaforik ¢ exbswshc sunart sei twn epoq,n ekpa-



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Sqg ma 4.36: Di"gramma ap,leiac argik ¢ metatipishc sunart sei twn epog,n ekpabdeushc

Sq ma 4.37: Di"gramma ap, leiac argik ¢ tagOthtac sunart sei twn epog,n ekpaBdeushc



4.1.3 Monob“jmio SOsthma upi Seismik Diégersh

Sq ma 4.38: Sunoliki di"gramma ap,leiac sust matoc sunart sei twn epoq,n ekpabdeushc



Kef'laio 4. EFARMOGES KAl DIEREUNHSH

Ta apotelésmata thc pribleyhc den ebnai apiluta akrib opite epanalamb’netai h ek-
pabdeush gia 100.000 epogec , diathr, ntac stajeréc ilec tic upiloipec paramétrouc. Sta
Sq mata 4.39, 4.40 kai 4.41 apotup,netai h priodoc thc ekpabdeushc, en, sta Sq mata
4.42, 4.43, 4.44, 4.45 apotup, netai h exélixh twn irwn thc ap,leiac. Parathrebtai iti h
pribleyh den elti jnke me thn aOxhsh twn epoq,n ekpabdeushc. Endégetai h duskolba
tou montélou sthn akrib pribleyh thc seismik ¢ diégershc na égkeitai sthn plhj ra

diaforetik,n sugnot twn tou s matoc thc apikrishc.

Sqg ma 4.39: Pribleyh tou montélou sto 1/4 twn epoq,n ekpabdeushc
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