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“Mabnon péow apATAPNONG YLA TNV EMITEVEN POUMOTIKWV SPACEWV XELPLOKOU

“Learning from Demonstration to accomplish robotic manipulation tasks”

NEPINAHWH

H mapolUoa Si6aktoptky StatplPry adopd tn peAftn, avamtuén kal edappoyr, Hebodwv
Mnxovikng Madnong péow Noapatipnong (Learning from Demonstration) pe otoxo tnv
POUTOTIKA avamapaywyr 6pdoswv xelplopol. H pebBodoloyia authy otnpiletal otnv
Snuloupyia pag avtiotoixong (mapping) LETAEL TNG KIVAUATIKAG TOU avBpwItvou XepLou Kot
EVOC POUMOTIKOU Bpayiova, 1 TO CUYKEKPLUEVA LETAEU TOU TOAUSLACTATOU XWPOU TWV
Kwroewv tou avBpwrmou (human actor) pe tov emniong moAudidotato xwpo dpdong Tou
POUTIOT. H CUOYETLON TWV OVOPWTILVWY EVEPYELWV LLE OIVTIOTOLYEC POUTTOTLKEC, ETITUYXAVETOL
HEOW HLag AdNnAng avamnapaotaonc, mou ovopdletatl AavBdavouoa anelkovion xwpou (latent
space). Mo ouykekpLuéva, HeAetdue thv apolBaia aAAnAemiSpaon tng avtiAnyng Kat tng



6paong, MPoKeLUEVOU var SLIOAEOUE Ta POUTIOT [La TIOLKIAL aTtd VEEG KLVNOELG XELPOC. QG €K
toUTou, uAomolnBnke éva pebBodoloykd mAaiclo pabnong Héow mapatipnong To omoio
ovopaletat IMFO (Imitation Framework by Observation), mou S1leUKOAUVEL ThV avamapaywyn
MaBNUEVWY KOl VEWV KLVNOEWV XELPLOPOU omo €va poumot (manipulation tasks) kau,
napaAnAa, €xelL eupeia epappoyn o oevaplo aAAnAemnidpaong avBpwrmou-poundt (HRI) oe
KaOnuepva neptpailovra.

EruumAéov, og autn tn dlatplpn, e€etaloupe To pOAO TNC XPOVIKNG SLAPKELOG EKTEAECNC HLAG
kivnong péoa ano tn dtadikacia pabnong amo napatipnon, evioxvovtag to SltapopPpwevo
mAaiolo IMFO pe tnv SuvatotnTa avanapaoTtaong KoL avarmapoywyng T000 TwV XWPLKWY 060
KOL TWV XPOVIKWV XOPAKTNPLOTIKWY TWV avOpWMVWV KWNoswv. e avtiBeon pe GAAEG
uebodoug pabnong péow napatrpnong (LfD) mou nmepypddouv tnv ekteholpevn dpacn povo
ME BAON TO XWPLKA XOPOKTNPLOTIKA TNG, N TPOTEWOUevn peBodoloyia evioxlel tnv
QVOTTAPOYWYH TWV XWPOXPOVLKWV TITUXWV ULAG KIVvNONG EMLTPEMOVTAG TNV OTMOTEAECUATLK
edpappoyn tne os o cuvBeta agevapla HRI, 6mou n xpovikr) aAAnAouyio Twv Spdcewy eivat
onuavtikn. Emumpoobeta, elodyetal €va cUVOAO KOAA KOOOpLOUEVWY HETPLKWYV afloAdynang
(evaluation metrics) yia va amotiunBel n eykupdTNTA TNG TIPOTELWVOUEVNG TIPOCEYYLONG
Aappavovtag urtdyn Tt XPOVLKN KAl XWPLKI GUVETIELO TWV AVATIAPAYOUEVWV CUUTEPLPOPWV.

Mtua afloonuelwtn enéktaon Tou mpoavadepBEVTog MAALoiou avadEpeTal otnV eKPadnon
™¢ Suvaung mou emBANAETOL AG TOV XPNROTN Yld TNV ETUTUXNUEVN €EKTEAECH AEMTWV
XEWPLopwy. Autn n Stadikaoia mapouadlaletal eniong otnv mapovoa Slatplpn HEow evog
VEOU TTAOLOLOU EMOMTEUOUEVNG HABnong, to omoio ovopadletal SLF (Supervised Learning
scheme for Force-based manipulation). To SLF Stotumwvetal wg pia dtadkaocia TpLwv
otadiwv: (a) emPAenopevn Sladikacio EKTEAECNG KLVOEWV XELPLOUOU OE MPOCOUOLwon yla
™V amnoktnon emnopkwv &edopévwy, (B) Swadilkaocia ekmaibevong (training) ywa ™
SleukoAuvon TG LABNoNC KIVACEWVY XELPLOUOU HE TNV KATAAANAN TPOcapUOYH TOU KapTou
Kol Tng duvapn macipatog kot petadopdc Kal (y) eKTEAECN TNG Klvnong amd POUOTIKO
Bpaxiova oe mpooopoiwaon. XTn CUVEXELA, UE TN Xpron tng pebodou sim-to-real transfer,
ETUTUYXAVETAL OvVaATOpOywy Twv HaBnuévwyv SpAoewv Ot MPAYMOTIKA TeplBailovia
yevikebovtag tnv edapuoyr Tou TAALoiov padnong oes emumAéov ouUVONKEG XELPLOUOU
£UOPOUCTWY AVTIKEWMEVWY. Ta OITOTEAECUATO E TN XPrON TOU popmotikol Bpoayiova YuMi,
oe melpdpata pe SLadOPETIKA QVTIKEIMEVA HE TAPOUOLOUG OUVTEAEOTEC TPLPNG, Kol
EVOANOKTLKECG TIOTEG TLOoipATOC, anoSelkvUouv OTL To poUndT sival os B£on va avamapayet
OTOTEAECUATIKA QTMALTNTIKEG KWVAOELG LETADOPAC KAL XELPLOUOU LETA TNV OAOKANPWON TNG
Sadkaoiag padnong.

Juvomtikd, n mopoloa Slatplpry peAetd tnv Sladikacio pabnong péow mapatipnong
OUVELOEPOVTOG HE MO VEQ TIPOOEYYLON TIOU €LOAYEL TNV HEAETN OpACEWV XELPLOUOU
OVTIKELHEVWY HEoA O Evav XWPO HELWHEVWV SLOCTACEWY, YO TNV EUKOAN Kal cupmayn
KWALKOMOoINoN TWV EMPEPOUG XOPOAKTNPLOTIKWY TwV Spacewyv. Tautdxpova HEAETWVTAL T
XPOVIKA XOPAKTNPLOTIKA TWV KIVACEWV WOTE va evioxuBel n edpapuoyn tne uebodou oe
OUVOETEG, MPAYHOTIKEG CUVONKEC TIOU amaLtolV XPovik akpifela avarapaywyns. TEAog, n
Slapodpdwon LG yeviKeEUPEVNG Sladlkaciog emomteuduevnGg HABNoNg yla Tov XELPLOWUO
gUBpavoTwV avtikeipevwy avaBadpilel mepaltépw to apxikod mAaiolo padnong.

ErupAénwyv: Kabnyntng, Mavayuwtng Tpaxavidg



ABSTRACT

The current PhD thesis addresses the formulation and implementation of a methodological
framework for robot Learning from Demonstration (LfD). The latter refers to methodologies
that develop behavioral policies from example state-to-action mappings. To this end, we study
the reciprocal interaction of perception and action, in order to teach robots a repertoire of
novel action behaviors. Based on that, we design, develop and implement a robust imitation
framework, termed IMFO (IMitation Framework by Observation), that facilitates imitation
learning and relevant applications in human-robot interaction (HRI) tasks. IMFO can cope with
the reproduction of learned (i.e. previously observed) actions, as well as novel ones. Mapping
of human actions to the respective robotic ones is achieved via an indeterminate depiction,
termed latent space representation. The latter accomplishes a compact, yet precise
abstraction of action trajectories, effectively representing high dimensional raw actions in a
low dimensional space.

Moreover, throughout this thesis, we examine the role of time in LfD by enhancing the
aforementioned framework with the notion of learning both the spatial and temporal
characteristics of human motions. Accordingly, learned actions can be subsequently
reproduced in the context of more complex time-informed HRI scenarios. Unlike previous LfD
methods that cope only with the spatial traits of an action, the formulated scheme effectively
encompasses spatial and temporal aspects. Extensive experimentation with a variety of real
robotic platforms demonstrates the robustness and applicability of the introduced integrated
LfD scheme.

Learned actions are reproduced under the high level control of a time-informed task planner.
During the implementation of the studied scenarios, temporal and physical constraints may
impose speed adaptations in the performed actions. The employed latent space
representation readily supports such variations, giving rise to novel actions in the temporal
domain. Experimental results demonstrate the effectiveness of the proposed enhanced
imitation scheme in the implementation of HRI scenarios. Additionally, a set of well-defined
evaluation metrics are introduced to assess the validity of the proposed approach considering
the temporal and spatial consistency of the reproduced behaviors.

A noteworthy extension of the above regards force-based object grasping for executing
sensitive manipulation tasks. This is also treated in the current thesis via a novel supervised
learning scheme, termed SLF (Supervised Learning for Force-based manipulation). SLF is
formulated as a three-stage process: (a) supervised trial-execution in simulation to acquire
sufficient training data; (b) training to facilitate grasp learning with suitable robot-arm pose
and lifting force; (c) grasp execution in simulation. Subsequently, following sim-to-real
transfer, operation in real environments is achieved in addition to simulated ones,
generalizing also for objects not included in the trial sessions. The proposed learning scheme
is demonstrated in object lifting tasks where the applied force varies for different objects with
similar contact friction coefficients, and likewise the grasping pose. Experimental results on
the manipulator YuMi show that the robot is able to effectively reproduce demanding lifting
and manipulation tasks after learning is accomplished.



In summary, our thesis has studied LfD and has contributed with a novel approach that
introduced latent space representations to encode the action characteristics. A framework
implementation (IMFO) of our approach allowed extensive experimentation and also
conduction of HRI scenarios. The inclusion of temporal aspects in our approach enhanced it
to cope with complex, real-life interactions. Finally, the extension of IMFO with force-based
grasping facilitated manipulation tasks with sensitive objects.
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