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LEARNING GUIDED PROBABILISTIC PLANNING

SUMMARY

Robots should avoid potential failure situations to improve their performances. The
failures which the robot has already experienced in its previous action executions can
be used in an adaptive planning strategy to reduce potential failures in the future.
Robots need to build and use their experience for achieving this objective. In this
thesis, learning and learning-guided planning methods are proposed to address this
problem. An experimental learning process using Inductive Logic Programming (ILP)
and a probabilistic planning method that uses the experience gained by learning are
integrated for improving task execution performance. The solutions are analyzed on a
case study with an autonomous mobile robot in a multi-object manipulation domain
where the objective is maximizing the number of collected objects while avoiding
potential failures using experience. Obtained results indicate that the robot using
the adaptive planning strategy ensures safety in task execution and maximizes the
probability of success.

As the previous work of author’s research group, an ILP-based experiential learning
process is used to derive hypotheses associated with probabilities in the presented
system. Another prior work is also published which is based on a deterministic
planner to use the outcomes of an experimental learning process. Only the contexts
of hypotheses which are obtained from the learning process can be used to guide the
planner in this work. On the other hand, a probabilistic method is proposed here as a
contribution to use the probabilities of hypotheses as well. Here, a Partially Observable
Markov Decision Process (POMDP) model is enhanced to create an adaptive policy for
the robot to deal with uncertainties. A new point-based algorithm named SARSOP is
used as the POMDP planner in this learning-guided planning method. This algorithm
differs from other point-based techniques in the way of using heuristic exploration
while extracting optimally reachable belief spaces. Therefore, the speed of finding an
approximate solution to the planning problem increases.

The selected case study involves mobile manipulation scenarios by an autonomous
robot whose goal is to maximize the number of objects transported to a destination
while avoiding failures in a given time period. The main contribution of this thesis
lies in the POMDP planning formulation developed to use learning outcomes. In the
proposed formulation, an object composition is defined to represent encapsulation of
qualitative and spatial information about an object. Qualitative information specifies
the predetermined attributes (type, color, material, height, width, etc.) and the spatial
information represents the semantic location of an object. Different states are created
for all combinations of object attributes and semantic locations. The combination
sets of all possible object compositions construct the state space of the POMDP
formulation. The state definition is expanded with two more states, one of which
represents the possible failure cases during action execution. A transition to this state
takes place whenever a failure is detected in action execution. The other state specifies
that the robot is holding an object. The purpose of separating these states is creating an

Xix



abstraction from irrelevant state components to decrease the number of states generated
by the POMDP.

The preference orders of objects can be determined by either prioritizing objects based
on their locations in order to minimize the travelled distance or primarily targeting
objects on which the robot has the best manipulation performance. Therefore, success
probabilities for two actions are determined according to special benchmarks. To
provide the best manipulation performance, the success probabilities of the action
for picking up an object is assigned according to the experience built by the learning
phase. In this way, the probability of encountering with a failure is aimed to decrease.
As another factor that affects the manipulation timing and performance, the distance
between the location of the robot and a corresponding object to be manipulated should
be taken into account. Therefore, semantic locations of the objects are also used to
decide on the next object to manipulate by determining probabilities of actions to move
to objects.

The obtained results show that the probabilistic guidance in planning achieves the best
manipulation order of the objects to maximize the transportation success over time in
a real world scenario.
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OGRENME GUDUMLU OLASILIKSAL PLANLAMA

OZET

Fiziksel diinyada eylemlerini yiiriiten robotlar, cesitli hata durumlariyla karsilasa-
bilirler.  Ozellikle hatalarin izole edilmedigi dinamik ortamlarda calisildiginda,
hata ile karsilagsmak kaginilmazdir. Sistemi kararli hale getirebilmek icin, robotun
eylem yiiriitme sirasinda karsilastifi hatalar1 saptayabilmesi ve tecriibe ettigi bu
hatalardan daha sonraki plan yiiriitmelerinde kacinmasi gerekmektedir. Gec¢mis
eylem yiiriitmelerinde tecriibe edilen hatalar, gelecekte karsilasilabilecek potansiyel
hatalardan kacinmak icin gelistirilen bir adaptif planlama stratejisinde kullanilabilir.
Bu amaca ulasabilmek icin, gecmis yiiriitmelerdeki gozlemler iizerinde 6grenme
algoritmasi uygulanmasi gerekir. Bu tez kapsaminda, bahsedilen problemin ¢oziimii
olarak 0grenme ve Ogrenme giidiimlii planlama yontemleri Onerilmektedir. Gorev
yiirlitme bagarimini artirmak i¢in, Tiimevarimli Mantiksal Programlama temelli
bir deneyimsel 68renme metodu ve Ogrenme siirecinde edinilmis deneyimleri
kullanan olasiliksal bir planlama yapis1 biraraya getirilerek gelismis bir robot sistemi
olusturulmustur.  Onerilen sistem, otonom bir gezgin robot ile yiiriitiilen coklu
nesne etkilesim senaryolarinda analiz edilmistir. Burada amac, kazanilmis tecriibeleri
kullanarak karsilagilmasi potansiyel olan hatalardan kacinmak ve boylelikle belirli bir
zaman siiresince bagari ile toplanmig ve hedefe ulastirilmis nesne sayisini olabildigince
artirmaktir.

Uzerinde gelistirme yapilan robot sistemi, eylem vyiiriitme sirasinda karsilasilabilecek
hatalar1 saptayabilmek i¢in siirekli olarak calismasimi gdzlemleyen bir hata sezme
yapis1 ve robotun sensorleri araciligiyla ortamdan topladigi bilgileri igleyen, filtreleyen
ve biraraya getirip robotun diinya modelini olusturan bir sahne yorumlama yapisi
icermektedir. Bu sistem bilesenleri robot sisteminin alt katman mimarisini olugtur-
maktadir. Bahsedilen robot sistemi lizerinde iist katman sistem bilesenleri olarak
gelistirilmis ve bu tezde yararlanilan onceki calismalarda ise, robotun onceki eylem
yiiriitmeleri sonucu edindigi tecriibelerin bir araya getirilerek olasiliksal hipotezlerin
olusturuldugu, Tiimevarimli Mantiksal Programlama’ya dayali deneyimsel 6grenme
stireci Onerilmektedir. Ayni zamanda bagka bir calismada da, deneyimsel 68renme
stireci sonucu elde edilen hipotezlerin kullanildig1, deterministik planlayiciya dayali
olarak gelistirilen bir 6grenme giidiimlii planlama sistemi 6nerilmektedir. Ogrenme
sonucu elde edilen hipotezler olasiliksal veri saglasa bile, deterministik planlayiciy1
yonlendirirken, hipotezlerin sadece icerik kisimlar1 kullanilabilmektedir. Ancak bu
tezde Onerilen olasiliksal sistemde hipotezlerin olasiliklar: da planlayiciya yon vermek
amagh degerlendirilebilmektedir. Robotun eylem yiiriitmesi sirasinda karsilagacagi
belirsizliklerle basa ¢ikabilmesini saglayacak ve adaptif bir plan iiretebilecek Kismi
Gozlemlenebilir Markov Karar Siireci (Partially Observable Markov Decision Process,
POMDP) modelinden yararlanilmaktadir.  Onerilen 6grenme giidiimlii planlama
sisteminde POMDP planlayici olarak, noktaya dayali yeni bir algoritma olan SARSOP
kullanilmaktadir.  Bu algoritma ayni yaklasimi benimseyen diger tekniklerden,
optimal olan erisilebilir inan¢ uzayina sezgisel bir arama yontemi kullanarak ulagsmasi
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acisindan ayrilmaktadir. Bu sekilde, yaklasik olarak bulunan ¢oziime ulasma hizi
arttirilmis olur.

Onerilen sistemle, otonom gezgin bir robot kullanilarak nesne etkilesim senaryolar
yuriitilmiistiir. Amag belirli bir zaman siiresince, robotun karsilagabilecegi hatalari
azaltarak hedefe ulastirilan nesne sayisini olabildigince arttirmaktir. Bu yOntemin
asil katkisi, 0grenme ¢iktilarini kullanabilecek sekilde gelistirilen POMDP planlama
formiilasyonudur. Bu formiilasyonda, her nesnenin niteliksel ve uzamsal 6zelliklerini
bir araya toplayan nesne kompozisyonu tanimi yapilmaktadir. Nesnelerin niteliksel
ozellikleri nesnenin tipi, rengi, malzemesi, boyutlar1 gibi 6nceden tanimlanmis
unsurlart belirtir. Uzamsal 6zellikler ise nesnenin alansal/bolgesel konumunu ifade
eder. Sistemin goriintii isleme ve yorumlama siirecleri sonucunda elde edilen
nesne konumlart siirekli degerlerle ifade edildiginden, POMDP formiilasyonunda
kullanilabilmeleri i¢in ayrik ifadelere doniistiiriilmeleri gerekmektedir. Bu nedenle,
deneylerin yiiriitiildiigli ortam odalara ayrilarak siirekli deger ifade eden konum
bilgileri alansal konumlara doniistiiriiliir. Alansal konuma ek olarak nesne
kompozisyonu, robotun o anki konumuna gore belirlenen, nesnenin bagil konum
bilgisini de icerir. Onerilen sistemde, robot ile nesne arasinda sadece bir adet konumsal
iliski tanimlanmistir ve bu konumsal iliski nesnenin, robotun 6niinde olup olmadigini
belirtmektedir. Yiirlitme esnasinda robotun konumu degistik¢e bu bilgi giincellenir ve
herhangi bir diinya durumunda sadece bir nesne robotun oniinde olabilir.

Nesnenin niteliksel ve uzamsal 6zelliklerinin biitiin kombinasyonlari icin farkli nesne
komposizyonlar tiretilir. Olasi biitiin nesne kompozisyonlarinin kombinasyonlarindan
olusturulan kiimeler, POMDP formiilasyonunun durum uzayini olugturur. Tanimlanan
durum uzaya iki farkli diinya durumu daha eklenmektedir. Bunlardan biri, eylem
yiirlitme esnasinda olugabilecek olasi hata durumlarini ifade eder. Eylem yiiriitme
sirasinda hata olustugu saptandiginda, bu diinya durumuna gecis yapilir. Eklenen
diger diinya durumu ise robotun bir nesneyi tutmasini ifade etmektedir. Bu iki diinya
durumunu nesne kompozisyonu tanimindan ayirmanin amact, birbiriyle ilgisi olmayan
diinya durumu elemanlarin birbirlerinden soyutlayarak, POMDP sisteminde iiretilen
diinya durumlarinin sayisin1 azaltmaktir.

Bahsedilen coklu nesne etkilesim senaryosunda, robotun her nesne kompozisyonu
tarafindan icerilebilecek nesneler lizerinde yiiriitmesi gereken temel eylemler sirasiyla,
nesneye yaklasma (moveTo), nesneyi tutma (pickUp) ve tutulan nesneyi hedef
konuma gotiiriip birakma (putDown) eylemleridir. Nesne kompozisyonunun i¢erdigi
nesneyi hedef konuma tagima ve birakma islemleri tek bir eylem igerisine (put Down)
dahil edilmistir. Bu sistemde, temel eylemlerin yanisira ortamdan bilgi toplamak
icin kullanilabilecek algilamaya yonelik eylemler de tanimlanmigtir.  Bunlardan
ilki ortamda hi¢ nesne olmadiginda robotun, ortami gezerek nesne aramasini
saglayan arama (search) eylemidir. Digeri ise robotun sahip oldugu bir bilgiyi
giincelleyebilmesi icin uygun pozisyona gecerek ortami algilamasini saglayan algila
(monitor) eylemidir. Eylemler bagarili olarak yiiriitiildiigiinde gecilecek diinya
durumu, her eylem yiiriitiildiikten sonra ortamda olmasi beklenen etkilere gore
belirlenir. Robot herhangi bir eylemi yiiriitme sirasinda hata ile karsilagtiginda ise,
POMDP durum uzay: tanimindaki hata durumlarin belirten diinya durumuna gecilir.

Robot performansini arttirmak icin iizerinde islem yaptig1 nesneleri tercih etme
sirasini iki farkli yontem kullanarak belirleyebilir. Bu yontemlerden biri, robotun
nesneye yaklagirken katettigi mesafeyi en aza indirmek i¢in nesne kompozisyonlarini
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konum bazli olarak Onceliklendirmesidir. Diger bir yaklasim da robotun en iyi
performans gosterdigi nesneleri iceren nesne kompozisyonlarina dncelik vermesidir.
Bu yontemleri uygulayabilmek i¢in tanimlanan iki eylemin (nesneyi tutma eylemi
olan pickUp ve nesneye yaklasma eylemi olan moveTo) basarim olasiliklar1 6zel
kistaslarla belirlenir. En iyi performans gosterilen nesnelere Oncelik taninmasini
saglamak icin, her nesne kompozisyonu icin ayrica tammmlanmis pickUp eyleminin
bagarimi, 0grenme sonucu elde edilen hipotezlerin olasiliklarina goére atanir. Bu
yolla, hata ile karsilagsma olasiligin1 azaltmak hedeflenmektedir. Gérevin tamamlanma
zamanini ve performansini etkileyen diger bir faktor olarak, robotun o anki konumu
ile nesnelerin konumu arasindaki uzaklik gozoniine alinmalidir. Bu nedenle, her
bir nesne kompozisyonu i¢in ayrica tanimlanmig moveTo eylemine atanan basarim
olasiliklar1, nesnelerin semantik konum bilgisiyle orantili olarak hesaplanir. pickU p ve
moveTo eylemleri disindaki diger eylemler, her nesne kompozisyonu i¢in aym sekilde
tanimlanmugtir.  Ortamin algilanmasi ve robotun bilgi tabaninin giincellenmesi i¢in
tasarlanmis eylemlerin (search ve monitor) basarili veya basarisiz yiiriitiilme durumlari
yoktur. Bu nedenle bu eylemler yiiriitiildiikten sonra gecis yapilabilecek diinya
durumlarinin olasiliklar: esit olarak dagitilmistir. pickU p ve moveTo eylemlerine ek
olarak sadece putDown eylemi i¢in basarisiz sonlanma durumundan bahsedilebilir. Bu
eylemin basarisizlik olasilig1 ise nesne bazl olarak degil, sistemin genel nesne birakma
basarimi dikkate alinarak belirlenmektedir.

Tanimlanan POMDP formiilasyonunun gozlem uzayr da durum uzayr ile ayni
olacak sekilde tanimlanmugtir. Boylelikle her durum gecisinde son alinan gézleme
uygun olarak bir sonraki durum belirlenmektedir. Gerceklenen sistemde, robotun
kamera, lazer, mikrofon ve sonar sensorlerini kullanarak ortamdan topladig: veriler,
sistemin sahne yorumlama bileseni tarafindan cesitli algoritmalarla islenerek biraraya
getirilir ve filtrelenerek yorumlanir.  Sonucta elde edilen bilgi, ilgili biitiin
sensoOrlerden elde edilen veriler kullanilarak olusturuldugundan, verinin belirsizligi
onemli Olgiide azaltilmis olur. Boylelikle, robotun goézlemine olan giivenilirlik
arttirtlmis oldugundan, Onerilen planlama sisteminin gozlem modelinde olasiliksal
bir yaklagim kullanilmamaktadir. Diger bir deyisle POMDP formiilasyonu, sadece
eylemlerin sonug¢larindaki kararsizlif1 gosterecek sekilde tasarlanmustir.

Durum ve gozlemlerle ilgili tanimlanan yapilara ek olarak, Onerilen POMDP
formiilasyonunda robotun basarili eylem yiiriitmelerine 6diil verilmesi, basarisiz
oldugunda ise penalti uygulanmasi saglanmistir. Boylelikle robot hata yapma olasilig1
olan eylemlerden miimkiin oldugunca kacinacak ve performansim yiikseltecektir. Ayn
zamanda ortamdan bilgi toplamak amaciyla yiiriitiillen search ve monitor eylemlerine
de penalt1 verilmektedir. Ciinkii, robotun en kisa siirede olabildigince cok nesneyi
basarili bir sekilde hedefe ulastirabilmesi i¢in, zaman kaybettiren bu eylemleri, bagka
bir alternatifi olmadig1 zamanlarda, yani miimkiin oldugunca az sayida yiiriitmesi
gerekmektedir.

Onerilen sistem gercek robot iizerinde iki farkli senaryoda analiz edilmistir.
Senaryolardan ilkinde, ortamda bulunan belirli bir kategorideki biitiin nesneler
tizerinde yiiriitillen pickU p eyleminde, nesneler ortamdan uzaklastirilarak elle hata
tretilmistir. Bir kategorideki nesnelerin hepsi iizerinde hata iiretilmesi, olasiliksal
bir sistemin test edilmesinde hicbir anlam ifade etmeyeceginden, rastgele iiretilmis
bir say1 dizisi kullanilarak belirli bir olasilikta hata olusturulmustur. Bu senaryo
icin 6grenme siireci sonucunda elde edilen hipotez, o kategorideki nesneler iizerinde
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yiriitiilen pickU p eyleminin, rastgele say1 dizisi ile belirlenmis olasilikta basarisiz
oldugudur. Bu senaryo hem 68renme ciktisint kullanarak iiretilmis plan ile hem de
0grenme olmadan elde edilen plan ile test edildiginde, 6grenme sonucunun robotun
performansinda sagladig1 artis goriilebilmektedir. Ciinkii robot, basarim olasilig1
diisiik olan nesnelere gitmektense, oncelikle pickU p eylemini daha basariyla yiiriittiigii
nesneleri secmektedir. Eger daha yiiksek performans gosterdigi biitiin nesneleri
tasidiysa ve hala zamani varsa hata yaptig1 nesneleri denemeye baslar. Ciinkii, diisiik
de olsa bu nesneler iizerinde basari ile eylem yiiriitme olasilig1 vardir. Bu problemin
cOziimiinde olasiliksal bir yontemin kullanilmasi sayesinde, robot bir nesne iizerinde
tutma eylemini yiiriitiirken belirli bir olasilikla hata ile karsilagsmis olsa bile, o nesne
tizerindeki basarisizlik olasilig1 0 degilse o nesneyi tutmaktan tamamen vazgegmemis
olur.

Yiriitiilen ikinci senaryoda ise, dnceden tanimlanmis ve nesnelerin bulunabilecegi
alansal konumlar1 ifade eden odalardan birindeki biitiin nesneler iizerinde yiiriitiilen
pickU p eyleminde, rastgele iiretilmis bir olasilikla hata olusmasina neden olunmustur.
Uretilen dgrenme ¢iktis1, robotun hata iiretilen odadaki nesneler iizerinde yiiriittiigii
pickU p eyleminde, onceden rastgele olarak belirlenmis olasilikla basarisiz oldugunu
ifade eder. Bu senaryo da ogrenme kullanilarak iiretilen plan ile ve 6grenme ¢iktisi
degerlendirilmeden olusturulmus plan ile test edilmistir. Deney sonucunda, robotun
hata iretilmis odadaki nesneler iizerinde eylem yiiriitmeyi olabildigince erteledigi
gbzlenmistir. Boylelikle robotun performansinda yine artig saglanmisgtir.

Sistemin gercek diinya senaryolarinda calistirilmasiyla elde edilen sonuglara gore,
planlamanin olasiliksal olarak yonlendirilmesi, en uygun nesne etkilesim sirasinin
elde edilmesi i¢in mecburidir. Bdylelikle nesne tasima basarimi zamansal olarak
eniyilenmis olur.
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1. INTRODUCTION

There exist many factors which affect the performance of a robot by causing failures in
its execution. For example, the robot may be forced to stay in a location by a human,
although it tries to move forward. In this case, the robot may fail while it localizes itself
in the map of the environment. As a result, it fails while reaching its goal. As another
example, if an object is heavier than the weight that the robot can carry, a failure occurs
in each manipulation trial for this particular object. Generally, the factors which may

be the reason of failures can be categorized as follows [1]:

e Internal factors: Internal factors are related to the robot itself.

— Lack of hardware resources
— Sensor limitations

— Actuator/Effector error
e External factors: The performance of the robot may also be affected externally.

— Human intervention
— Lack of knowledge or misbeliefs

— Conflicting or impossible goals

Building an autonomous and cognitive robot system requires to handle failures. While
one approach is recovering from failure cases, another approach is preventing them
before they occur. These two approaches tries to solve the problem in different timings.
While recovering a failure, the robot executes extra actions or change its current
action to correct the failure after it is detected. Here, the robot should be prepared
for each failure situation to decide on its recovery action. On the other hand, some
unrecoverable situations may also occur. In the other approach, the robot may avoid
failure cases before they happen. However prevention makes it necessary that the robot

should use prior experience on these cases. Therefore the best way is to let the robot
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build its own experience and use an adaptive planning strategy. In this way, the robot
can avoid situations in which it encounters failures or unrecoverable states without

external assistance.

The main objective of this work is to develop an experience-guided planning method
for a robot to improve its performance on manipulation tasks. In this method, the
robot builds its experience by learning through observations made after each action
execution. Proposed method is analyzed on a mobile manipulation case study where
the focus is on optimizing the number of manipulated objects in the face of failures.
This can be achieved by using the built experience from previous failure cases to guide

future planning tasks of the robot.

1.1 The Main Units of the Used Robot System

Creation of an autonomous robot system requires the integration of various system
components. All of these components should also work well corporately in addition
to their independent performances. In this thesis, used robot system tries to achieve
a multi-object manipulation task in real world. Multi-object manipulation is an
extensively studied real world application domain for autonomous robots. Although
lots of studies are published in this domain, several challenges remain because of
the variety of subtasks it includes. The required units to build the autonomous robot
proposed in this thesis which achieves its multi-object manipulation task can be listed

generally as follows:

e Sensing the environment. An autonomous robot needs to have consistent
information about the world state to achieve its tasks. Therefore, it senses the
environment and processes the data gathered through its sensors to build the world
knowledge. However, the data coming from the sensors of a robot contains noise
and the way of obtaining a reliable knowledge about the environment requires
reducing the noise in the data. Therefore, sensory information gathered from the
environment through different sensors of the robot are processed with different
algorithms to distinguish relevant information, and the processed data are also fused

to provide consistency in the knowledge base of the robot.



e Motion control: The robot executes the actions in its plan and also takes
observations from the environment during execution. In this way, the robot can be
aware of sudden changes occurred in the environment during its action execution,
and it can adjust its action parameters according to the current world knowledge to

show better performance.

e Failure detection: Since the robot is aimed to learn from its previous failures,
the robot should detect failures in its action execution. This is achieved by
monitoring the execution of the robot runtime. Whenever an unexpected situation
is encountered in which the expected effects of the actions are not satisfied or any

undesired event has occurred, the robot can detect the anomalie.

e Learning: Adapting the plan of the robot according to unexpected changes or
unknown situations is a prerequisite to provide robustness. This can be achieved
by providing a system that can learn from prior experience and update the plan to

avoid undesirable cases.

e Planning: A robot uses planners to generate a plan according to its goal and the
current world model. In the focus of this work, the robot is aimed to avoid its
previous failures as much as possible. An experience-guided planning process is
required to achieve the adaptation of the robot to previous failures. After executing
the plan which is generated without any guidance from learning, the experience of
the robot is built. When the planner is started next time, the built experience can be
used for future guidance. While the experience of the robot increases in time, the
learning process can produce more reliable outcomes and the robot can show better

performance.

The detailed information about the used method and the system components to develop

the proposed adaptive planning strategy is given in the following chapters.

1.2 Probabilistic Structure of the Proposed Method

Although it is assumed that the robot has full knowledge of the world state in some
isolated problems, actually the observations gathered from the environment include

uncertainties because of noisy sensors of the robot and dynamic structure of the



environment, especially in the real world. Therefore one source of uncertainty arises
from the partial observability. Additionally, another type of uncertainty is seen in
the outcomes of nondeterministic actions which are different from expected. These
uncertainties usually result in unpredictable states. Since elimination of uncertainties

is impossible, some probabilistic approaches are developed to deal with it.

In this thesis, a real world application is targeted which requires to take the uncertainty
into account for a better performance. Therefore, a probabilistic planner is used to
generate plans of the robot. Since the main contribution of the thesis is using the
outcomes of a learning process to guide the planner for avoiding failures, the learning

process should also provide probabilistic outcomes.

1.3 Purpose of Thesis

An autonomous robot should detect failures during its execution, and handle
them without external assistance to improve its performance. Development of an
experience-based approach is a requirement for avoiding previously encountered
failures in future executions. This experience may be used in the planning phase. In
this way, the robot can learn from its previous failures and show better performance.
In this thesis, such an adaptive planning method is aimed for providing improvement
in object manipulation performance of a mobile robot by decreasing the number of

encountered failures.

1.4 Hypothesis

The main aim of this work is to develop an experience-guided planning method
that improves the performance of a robot building its experience. Multi-object
manipulation domain is particularly investigated and optimizing the number of
manipulated objects against failures is focused. This can be achieved by using the
experience built from previous failure cases on future planning tasks of the robot. The
prior work of author’s research group involves an experiential learning process [1,2]]
using Inductive Logic Programming (ILP) and a deterministic planner that uses the
built experience [3]. The previous deterministic planner takes only the contexts of
hypotheses into account to provide feedback to the planning. The proposed method in

this thesis extends the earlier study with the development of a probabilistic planner that
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makes use of probabilities of heuristics framed by learning. The ILP-based learning
process derives hypotheses associated with probabilities, and these hypotheses are then
used to guide the planning process. The proposed probabilistic method uses a Partially
Observable Markov Decision Process (POMDP) model to create an adaptive policy
for the robot to deal with uncertainties. In the case study of this thesis, with the use
of the probabilistic planner, probabilistic hypotheses are used in determining the order
of preferences on objects for manipulation, and the robot initially targets the objects
that it believes to be successful in manipulating. Furthermore, the probabilistic planner

makes it possible to make instant decisions on actions.






2. BACKGROUND AND RELATED WORK

In the literature, many studies about adaptive planning strategies for improving the
performance of the system can be found. In this section, related work about adaptive
planning is reviewed after presenting background knowledge on the topics covered in
the thesis. In addition, the previous work of author’s research group about adaptive
planning and the contribution of this thesis over previous studies can also be found in

the following subsections.

2.1 Planning

In this work, the performance of a robot is aimed to be improved by using a
probabilistic planning method which uses the experience of the robot. Since
Markov Decision Processes (MDPs) are simplified versions of Partially Observable
Markov Decision Processes (POMDPs) by eliminating some sort of uncertainty in
the environment, firstly MDPs are explained to provide a better understanding about

POMDPs which are described afterwards.

2.1.1 Markov decision processes

A Markov Decision Process (MDP) is a formulation which is generated to represent the
nondeterminism in the action outcomes of an agent. Therefore, the agent in an MDP
decides on its next action by taking the uncertain effects of its actions into account.
On the other hand, the belief of an agent to be in a state is definite. In other words,

perceptual abilities of the agent are considered as perfect [4]].

Basic components of a Markov Decision Process can be represented as a tuple
(S,A,T,R,7v,s0). Here, S represents a finite state set of the world and A represents
a finite action set. 7 is a state-transition function which determines the probability
distribution over all world states after executing each action in each state. Since
function 7 gives probabilities of world states for each state transition, all possible

effects of actions can be formulated in the MDP model, and corresponding
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Figure 2.1: A simple illustration of the MDP model [5].

probabilities can be assigned to the next states after executing an action. After
executing each action in each state, the agent can be awarded or penalized. Therefore,
another function (R) is used for determining the expected immediate reward gained
after executing each action in each state in MDP model. The reward may be negative
in the cases where the robot is penalized for executing an action in a state [4]]. The

expected sum of rewards is represented in Equation [2.1]as follows:

E
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where r; is the reward gained at time step ¢, and 0 < y < 1 is a discount factor which
is used for bounding the rewards in the case that the agent is assumed to have infinite
lifetime, because in most cases, estimations on the lifetime of an agent would be wrong.
Therefore, the total reward is guaranteed to be finite after using a discount factor [4]].

As the last component of MDP formulation, s is the start state of the model.

As an important factor in the formulation, the Markov property of the model can be
explained like that, the gained reward and state transition probability of a state after
executing an action in a state depends only on the previous state, and the last executed
action. Although decision of the next action is determined by evaluating all previous
states and executed actions to maximize the total reward, this decision is conditionally
independent of the action and state history. This is named as Markovian property. In
Figure [2.1) an MDP model is graphically illustrated which also represents Markovian
structure. In this graphical model, square nodes represent the actions and circular
nodes represent the states of the problem. Dependence relationships between these

variables are illustrated with directed edges [5]].

MDPs are used to generate policies which correspond to the plan of an agent. A policy
m; provides a mapping between world states and actions. Thus, the agent can decide

on the next action that corresponds to the current state in the generated policy.



The formulation of a planning problem can be written in many forms. The form of the
formulation is determined according to the requirements of the problem. For example,
while the shortest sequence of actions are searched in a problem, the lowest total cost
is aimed to reach in another one in the case that different costs are assigned to actions.
As a result, a utiliy function should be created such that when the larger score of the
function is obtained, the needs of the problem will be satisfied more. Therefore, the
optimal plan can be found by maximizing the score of a utility function [5]. The utility
function which calculates of the long-term expected sum of immediate rewards that
the agent gained after each action execution is named as value function, and a plan
can be generated by approximating an optimal value function [5]. The expected sum
of rewards gained until the current state s by executing policy 7 for # time steps is

formulated in Equation[2.2]

Vei(s) =R (s, m(s))+ }/Z T (s,m(s),s") Var—1(s) (2.2)

s'eS
Here, T (s, (s),s") represents the probability of being in state s after executing policy
7 in state s and Vi, (s") represents the value of the corresponding transition to state s
through (r — 1) steps. All possible resulting states are considered while estimating
future values of executing actions in a state. If the length of policy is thought as
infinite, the expected sum of the future reward with applying the discount factor can

be calculated as in Equation [2.3] for starting in state s and executing policy 7.

Ve(s) =R (s,mt(s)) + ’yz T (s,7m(s),s') Va(s') (2.3)

s'eS
In the formulas above, the future rewards are determined for a given policy 7.
However, a function in the reverse direction can also be generated to obtain a policy
for the given value function. A greedy policy 7y for the given value function is defined

in Equation [2.4] as follows:

my (s) = argmax |R(s,a)+y Y. T (s,a,s") V(s (2.4)

s'eS



Figure 2.2: A simple search graph example [5].

Here, summation of immediate rewards which maximize the expected sum (the first
part of the formula), and the expected discounted value of future states (the second

part of the formula) is evaluated for each action to find the best action to execute [4].

2.1.1.1 Graphical representation of MDPs

A graphical representation can be used to illustrate state transitions in an MDP model.
Search graphs of an MDP corresponds to an AND/OR graph. Nodes represents the
states and state transitions are indicated as edges in the graph. If a probability which
is higher than O is determined for a transition between two states, these two states
are connected with a directed edge. Figure [2.2]is an example search graph. In this
graph, available actions are separately illustrated with thick arrows and state transitions
occurred after executing an action are illustrated with thin arrows that come after the

head of thick arrows corresponding to these actions [J5].

As another option, a policy can also be illustrated as a graph. Differently from
search graphs, nodes represent actions in policy graphs. However, state transitions
after executing the action in a node are represented as arrows like in search graphs.
Execution of a policy starts with the root of the graph and after executing the first
action at the root, the result of the action specifies the direction to move in the graph.

When a leaf node is reached, this means the robot has achieved its goal [5]].

2.1.1.2 The robot navigation problem as an example

A simple indoor robot navigation problem can be given as an example [5]. In this

example, the robot is placed in a hallway which have walls around and obstacles inside.
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Figure 2.3: The map of the environment in a simple robot navigation problem [5]].

The map of the environment and the locations of the robot and the goal can be seen
in Figure 2.3] Here, the circle represents the robot and the star represents the goal

position. Black grids are the obstacles in the environment.

In this problem, the goal of the robot is navigating to the position of the goal point
without any collision with the walls or obstacles in the environment. The robot knows
the map of the environment completely. Furthermore, it is assumed that the robot
always has the knowledge of both its own position and the position of the goal as a
result of MDP structure. Since the environment is divided into grids, all locations
can be represented with discrete values. This is a way of approximation of the
problem. Because using the continuous-valued locations makes the location space

of the problem infinite and increases complexity.

If the described problem is formulated as an MDP problem, a sequence of one-step
motion actions is searched to reach the goal without any collision with walls or
obstacles. In the case that the robot is assumed to move only forward, the actions
can be defined as east for moving to the east direction and north for moving to the
north direction. Each location in the grid environment corresponds to a state in the
problem formulation. Since the problem is modelled as an MDP, the policy of the
robot can be represented as a sequence of actions. Because the robot knows its state
in which it is currently be after executing an action. In MDPs, uncertainties only arise

in state transitions. In the state transition model, unexpected outcomes of each action

move east

"
¥

success, p=0.5 failure, p=0.5

C . ¢ C ¥

Figure 2.4: Probabilistic state transitions of an action in robot navigation problem [5].
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Figure 2.5: An example state of robot navigation problem [5].

is represented probabilistically. For example, actions in this problem can be assumed
to have an error of 50%. This means the robot has 50% chance of executing an action
successfully. On the other hand, it may find itself in the same cell with the probability
of 50% after executing an action. Furthermore, the action fails completely (100%)
in the case that an obstacle or a wall stand in front of the robot. If state transitions
are determined according to these constraints, the outcomes of the actions cannot be
certain and the robot cannot be sure about the effect of an action before it executes the
action. After the action is selected and executed, the robot can know the effect of the
executed action with certainty. Figure[2.4]illustrates the graphical representation of the
state transition of action east. Here, two alternative states exist in which the robot can
find itself after executing action east. One of the alternative states represents the case

that the robot fails to move, and the other one represents the successful movement.

A policy graph for the robot navigation problem is generated for the starting state given
in Figure [2.5] and only its first three levels are illustrated in Figure[2.6] In this policy,

while the robot fails in its movement, it tries the same action again [J5].

2.1.2 Partially observable Markov decision processes

As described in the previous subsection, MDPs can only represent uncertainties in the
effects of actions. However, observations gathered from the environment also contains

uncertainty. Therefore, formulation of an MDP should be extended to handle the partial

3 steps to go

2 steps to go

1 step to go

Figure 2.6: A 3-level policy tree for the robot navigation problem [5].
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observability. POMDPs represent probabilistic processes that can be used to devise
plans for non-deterministic actions in partially observable environments. A standard
POMDP framework for an agent is defined by the tuple (S,A,0,T,Z,R,y,by). Here,
S is the set of states which contains all possible world states the agent might be in, A
is the set of actions that the agent can execute, and O is the set of observations that
can be gathered through the sensors of the agent. After executing action a € A in state
s € S, the probability of reaching state s’ € S in the next time step is determined by the
probabilistic transition model 7'(s,a,s’) = P(s'|s,a). The transition probability denoted
with P(s’|s,a) models non-deterministic outcomes of actions. When transitioning to a
new state s’ after executing action a, the probability of getting the observation o € O is
also defined with a conditional probability function Z(s',a,0) = P(o|s’,a) as the sensor
model representing uncertainties in sensing. R(s,a) function provides a real-valued
immediate reward received after executing action a in state s. The overall aim of
POMDP planning is to select actions to maximize the total reward as a cumulation of
immediate rewards during the execution of the actions. A discount factor 0 <y <1 is

set to bound the effects of future rewards [6].

In short, a POMDP model is an extended version of an MDP model. Representation
of observations and the sensor model are additional components. The rest of the
POMDP formulation is the same with MDPs. Since the POMDP model includes partial
observability, the agent cannot be sure in which state it is. Therefore, possible states
the agent might be in after each action execution should be represented in the model.
This is called as beliefs in a POMDP model. A belief state represents a world state
that the agent believes to be in and involves uncertainty due to partial observability.
Each belief state is associated with a probability, and the agent decides on its next

action by evaluating all belief states it might exist in. Before generating a plan, the
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Figure 2.7: A simple illustration of the POMDP model [5].
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initial probability distribution over belief states represented as by should be determined.
By using these components, a policy which defines the best action for each state to
maximize the expected total reward is searched for. The methods used for searching a
policy are the same with an MDP model. However lots of state transitions may exist
in a POMDP model because of uncertainty in observations. In Figure the POMDP
model is illustrated in a graphical form. The model extends MDP in the way of using
observations while transitioning to the next state. Because the agent tries to find the

state it exists in after an action execution by evaluating observations.

After the generalization of MDPs, the computational complexity also increases in
POMDPs. The agent evaluates all possible belief states in a world state rather than
dealing only with one world state as in MDP. Discretization is a way to decrease the
complexity. Although both continuous and discrete representations of POMDPs exist
in literature, discrete-state POMDPs are commonly used in robotic domains to reduce
computational complexity. Otherwise, complexity grows exponentially with the size

of the state space.

Another way to deal with complexity is using approximate methods such as
point-based algorithms in which belief states are sampled to obtain an approximate
representation of the belief space. Thus, performing on sampled belief states gives
more useful results rather than using exact state space which cannot be solved within

a reasonable time period [6].

2.1.2.1 POMDP model of the robot navigation problem

The robot navigation example which is modelled as an MDP in one of previous
subsections can also be customized as a POMDP. Here, the robot can observe the
locations of obstacles in the environment with an error and so it cannot certainly
decide on its own location. For example, the robot can be assumed to have a noisy
sensor which has 10% error in its reading. The sensor gives an obstacle reading when
there is an obstacle at the next east grid with reference to the location of robot. The
sensor returns a clear reading in the case that there is no obstacle at the east grid.
However the reading of the sensor is not completely reliable. Since the robot cannot

know exactly which state it is in because of partial observability, all possible beliefs
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Figure 2.8: Uncertainty in robot navigation problem [5]].

should be evaluated as illustrated in Figure [2.8] which shows all possible combinations

of observation and action outcomes [5]].

2.1.2.2 The policy graph of the tiger problem

To give an example of a fully-generated policy graph, a simple well-known problem
named as tiger problem can be explained. In this problem, the agent is placed in an
environment with two doors. On the other side of one door, there exists a tiger and the
agent does not know behind which door the tiger is placed. There are three actions to
execute: left, right and listen. Action left is executed to open the door on the left.
Similarly, action right is for opening the door on the right. The agent can execute action
listen to hear the growling of the tiger for gaining information about the position of
it. However the information taken after action listen is partially-observable. The agent
may suppose that the sound is coming from a door while it is actually coming from the
other. Furthermore, opening the door with the tiger behind has a high penalty (because
in this case, the tiger will eat the agent) and opening the door without the tiger will be
awarded. Execution of action /isten is also penalized with a lower cost value. After
the agent decides to open a door and gets a reward or a penalty, the problem is reset,
and the position of the tiger is determined randomly. Therefore, only actions /e ft and

right have nondeterministic outcomes. Because the tiger is relocated again randomly
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Figure 2.9: Policy graph of tiger problem [4].

after executing these actions. However action /isten does not affect the world state
in any way. Figure [2.9)shows the generated policy graph of tiger problem. Here, 7L
represents the observation of hearing the sound of tiger on the left, and TR represents
the observation of hearing it on the right. The nodes of the graph indicates actions. In
the solution, the agent continue executing action /isten until it consecutively hears the
sound of the tiger twice from same door to be sure enough about the position of the
tiger [4]. The metric of time to be sure (two observation from the same door in this
solution) is determined according to the rewards and probability distributions of state

transitions and observations.

2.1.3 Successive approximations of the reachable space under optimal policies

POMDPs provide a probabilistic framework to deal with the uncertain nature of robotic
applications. However computational complexity of POMDPs prevents their use in
solving large problems. Therefore decreasing the complexity of POMDPs has become
another research area, and various techniques are developed to solve POMDPs in a
more efficient way. Point-based algorithms present an approximate approach in which
the belief space is intended to shrink to obtain a space of sample beliefs which can
substitute the whole belief space approximately [6]]. Shrinking the belief space can
be achieved by applying many different methods. Therefore, several point-based
algorithms can be found in the literature which aims to improve the performance of

POMDP planners with different approaches.
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Successive Approximations of the Reachable Space under Optimal Policies (SARSOP)
is a new point-based POMDP algorithm which improves the speed of reaching a
solution in a POMDP model [7]. While general point-based algorithms determine
reachable belief spaces while sampling belief states, SARSOP deals with extracting
optimally reachable belief spaces. Since POMDP algorithms evaluate the belief space
to find a solution, the size of the belief space extremely affects the complexity of
reaching a solution in POMDPs. Therefore point-based algorithms try to decrease the
size of the belief space in a POMDP model by selecting a representative subset of
belief states. However difference between point-based methods arise in the selection
of belief states. Recently, belief states which are reachable from a given initial belief
(bo) 1s sampled by applying arbitrary sequences of actions. In SARSOP, this approach
is extended, and the set of reachable belief states from b is determined by using the
optimal sequences of actions. Since the optimal sequences of actions is actually the
solution of the problem, an objective set of belief states is extracted approximately.
The operation of sampling optimally reachable belief states is performed by using
heuristic exploration on the belief space [[7]. In heuristic exploration, new belief points
are selected or some beliefs are updated by using heuristics while exploring forward in
the search tree. Selection of actions and observations are performed according to these

heuristics [8]].

In this thesis, an implementation of the SARSOP algorithm for solving discrete
POMDPs is used as a POMDP planner. Since the selected problem cannot be solved
within reasonable time period by using a continuous POMDP because of complexity,
a discrete POMDP is selected to use [[7]. SARSOP can be used to solve many robotic
tasks such as, underwater navigation, grasping, exploration, etc. It generates a policy
graph which is similar to the outcome of a general POMDP. However modelling the
problem domain properly for the planner of SARSOP framework makes it different.
The formulation of the multi-object manipulation task in the SARSOP framework can

be found in the following chapters.

2.2 POMDPs In Robotic Applications

The main contribution of this work is the integration of an experiential learning method

with an adaptive probabilistic planner. The POMDP framework is selected as the
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probabilistic planner to achieve the multi-object manipulation task. In the following
subsections, relevant studies in POMDP-based robotic applications and their models

are presented. Then, different adaptive planning approaches are described.

2.2.1 Studies about POMDPs in robot systems

There are various studies in which probabilistic planning is used to cope with
uncertainties in perception and nondeterminism in action outcomes. Each of these
studies is similar to the study presented in this thesis from some aspects. On the other

hand, this thesis differs from these works in different dimensions.

POMDPs have been investigated in many studies for a wide variety of robotic tasks
ranging from robot navigation [9] to target tracking [10]. To deal with the complexity
of POMDPs in these works, different approaches are presented such as decreasing
the number of uncertain variables in the problem model [11]. In [[12]], sensing,
information processing and collaboration on multiple mobile robots are handled by
using the POMDP framework to achieve reliable and efficient sensing and autonomous
operation. They analyze the system in simulation and on physical robots with a
scenario that aims to localize target objects in dynamic indoor domains. Each robot
in the team locates one or more target objects and shares its beliefs with teammates
to provide a robust collaboration. The authors also try to solve the multi-robot
communication problem in partially observable environments. The difference of this
thesis from [12] is that, their case study depends only on localizing target objects but
the objective is extended here by trying to manipulate objects after detecting them in
the environment. Their actions do not change the state of the robots because they are

based on perception. This approach provides a simplification of the problem.

Alsoin [[13]], similar to this study, a failure intervention approach is proposed to provide
a safe autonomous robot system. Supervised learning techniques are used to detect
potential failures occur in the execution. Internal sensors of the robot are used to
provide data to a trained classifier. After detecting a potential failure, a conservative
safety response behaviour is triggered to avoid robot from dangerous situations. This
goal is achieved by generating an augmented policy which integrates the regular policy
of the robot, and a fixed failure intervention policy to be executed only when a failure is

detected by the system. The proposed model is built as an MDP model and is analyzed
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on a physical robot. Although the main focus of the authors is avoiding unrecoverable
failures which is similar to the purpose of this thesis, the way of the solutions and
scenarios are very different from each other. They use hand labelled data to train
the classifier. However, in this thesis, the experiments are analyzed on a real robot,
and the real sensor data gathered from real world experiments are used. Furthermore,
the experiments are performed with multi-object manipulation scenarios, but the only
unrecoverable failure case they consider in the experiments is the fall of the robot.

Therefore, they try to prevent the robot from falling.

2.2.2 Studies about POMDPs in robot manipulation

In the focus of this thesis, POMDPs are used to achieve a multi-object manipulation
task. Many studies can be found in the literature in which POMDPs are modelled to
be used in robotic manipulation. While the main ideas behind the methods published
in these studies and the method proposed in this thesis are similar, the used POMDP
framework and the construction of the POMDP model constitute the major differences
between these methods. In [[14], manipulation task of deformable objects with a robotic
hand is modeled as a POMDP to handle uncertainty in percepts and actions. This work
does not involve learning. In [15]] and [[16], manipulation of multiple objects is selected
as the main challenge, and an online POMDP planning approach based on particle
filtering is proposed to change system dynamics according to action performances. In
these works, world state definitions contain grasp success probabilities for objects. The

probabilities are updated after each grasping trial.

The work of this thesis differs from [[14-16]] in the way that the planning process is
guided with experience coming from learning and applying a generic method that can
be applicable for all types of actions in a planning domain without changing state
definitions. While the grasp success probability of an object is calculated as a function
of occlusion ratio of that object, and previous grasping success rate on it in these works,
an experimental learning method is used here to update the action success probabilities
in an offline POMDP planner, and to generate a new plan after the learning phase ends
up. Furthermore, the approach of this thesis can be applied for all other actions in a

planner domain without changing state definition. However the same operation cannot
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be achieved in [15] and [[16] without adding new components to state definition to

represent success probabilities of new actions.

2.2.3 Studies about adaptive planning

The main focus of this study is on experience-based guidance methods for increasing
efficiency by reducing potential failures. For this purpose, adaptive planning
algorithms are used commonly to reduce or exclude the possibility of failures. Some
studies [17,/18]] aim to generate planning operators to improve the performance of the
robot. In [17], probabilistic STRIPS-like relational rules are learned by extracting
action dynamics that contain preconditions, effects and probability distributions on
effects of actions. In this way, deterministic action models are obtained to be used
in the future as planning operators. Similarly in [18]], probabilistic relational rules
are generated and used in planning. These systems use offline learning processes
which means randomly generated training sets are used in their learning phases and
their systems’ performances are analyzed in simulations. In the system of this thesis,
however, incrementally built experience gathered from real world experiments are
used to build the hypothesis space by the learning process. In addition, guidance in
probabilistic planning through the use of these hypotheses is also performed in the real

world.

In [19], probabilistic planning is used to select the best sequence of actions to minimize
time in robot manipulation tasks. Similar to the approach proposed in this thesis, they
apply a learning algorithm to adapt the plan of the robot to the unexpected changes
which may occur during its plan execution. The actual effect probabilities of a generic
and inaccurate set of rules are learned during execution. Generated rules are used
to update the future plans of the robot. The proposed method is experimented on a
service robot, and a manipulator cell which aims to clean lentils from a table. They
use a model-based planner which is named as PRADA [18]] for probabilistic planning
in which states are assumed to be fully observable. The experiments show that the
length of plans to complete the tasks decreases while the accuracy of the learning rules
increases. Since they also use an adaptive planning strategy by integrating probabilistic

planning and learning phases, their work is similar to ours. However techniques and
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algorithms used to solve the problem and test scenarios are very different from each

other.

In another study about adaptive planning [20], configuration parameters of a planner
system 1is discovered by using machine learning techniques. At the beginning, the
planner is executed on different planning domains like blocks-world, gripper, logistics,
etc. Different configurations are applied while taking results from these preliminary
experiments. After obtaining a large dataset, the results are used in machine learning
process to extract learning rules about the parameters of planning. The configuration
of the planner is changed by the rules coming from machine learning. Their planner
allows embedding learning rules inside it, and in this way the configurations are set
automatically. Experimental results show that this planner performs better with the
configurations of learning rules rather than the one with default parameters. Although
they propose an adaptive planning method like the method in this thesis, the authors
use a different planner framework and different learning techniques, and they analyze

their system on simulation experiments only.

2.3 Previous Work and Contribution of the Thesis

In this thesis, an experience-guided planning method is proposed to improve the
performance of a mobile robot in its multi-object manipulation tasks. The objective
of the robot is to maximize the number of successfully manipulated objects in the
environment. Since many failures may occur because of various reasons, the robot
can show better performance after decreasing failures in the execution. Therefore,
a learning process is required to build experience from previous failure cases of the
robot. After the robot gains enough experience from the learning phase, it can apply the
results on its future task executions. In addition to the learning-guided planning method
proposed in this thesis, the author’s research group has a prior work that focuses on
the same purpose [3]]. In this work, the same experiential learning framework [1}2]]
is used to generate rules which will guide the planner to decrease failures in action
execution. The main difference between two studies is the type of planner used in the
system. Since they use different planner types, planner guidance methods of them also
differs from each other. A forward-chaining temporal planner, named as TLPlan [21]

is used to generate plans of the robot in [3|]. This planner allows using domain control
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knowledge to reduce search space. The learning rules are embedded to the system
by converting them to the control knowledge. Therefore, generation of the plan can
be modified according to the rules by either selecting a branch in the search tree or
pruning it. In this way, the robot can avoid failures and improve its performance on its

object manipulation task.

Three types of domain control knowledge are defined in the previous planning
system. Search control rules [22] and plan operators [23] are two control knowledge
alternatives to guide planning in the proposed method. These types of control

knowledge are used in three ways to guide the planning as described below:

e Derivation of control formulas: Search control rules are expressed as logical
formulas by using Linear Temporal Logic (LTL) which is a way of representing
temporal modalities as logical statements. Search control formulas are considered
as rejection rules in the planning domain. Therefore, some branches of the search
tree can be eliminated according to these learning rules. For example, if the robot
fails while picking an object up according to a learning rule, the planner does not

select corresponding action on this object.

e Precondition update: Updating preconditions of actions defined in the planning
domain is another way of rejecting failure cases in plan generation. The effects of
precondition update is similar to the previous method. This one also abandons the

context of learning rules completely in the planning domain.

e Adaptive cost assignment: In this method, the cost of a planning operator is
updated according to the weight of the corresponding learning rule. This approach
does not eliminate the possibility of selecting related branches in the search tree. It
only decreases the weight of the branches that represents failure cases in learning

rules.

Analysis of three guidance methods shows that the precondition update method
performs better than the other two methods in terms of efficiency. Because the
precondition update method can reduce the search space more than the others. While
the number of objects increases, the performance of the precondition update can be

noticed easily. However, this method prunes the corresponding branch of failure case
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completely in the search tree. On the other hand, the adaptive cost assignment to plan
operators still gives chance to the failure cases by only decreasing the weight of their
branch. In this way, the robot may select the action on an object when there is no other
alternative although it has encountered with failure beforehand while executing that
action on the object. Since probabilities attached to the rules by learning can be used
in guidance in the last approach, it is also more efficient than the others in terms of the

usage of information provided by learning.

Although the objective and used learning framework are the same in the previous
work, the planning system is completely different in this thesis. The probabilistic
planning method proposed in this thesis provides to use the computed probabilities
for guidance. This can only be performed in one approach (cost assignment) of the
previous work. Also execution of a policy as a plan is useful for adapting to sudden
changes in the environment. In other words, uncertainty in observations can also be
handled in a probabilistic planning method by representing the world state of the robot
with possible belief states. A comparison with this previous work is provided in the

section presenting experiments.
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3. BUILDING ACTION EXECUTION EXPERIENCE

The main objective in this study is to develop methods for improving success rates of
an autonomous robot’s task execution through the use of experience. Particularly, the
case study involves a mobile robot with an RGB-D sensor and a gripper manipulating

several objects scattered around.

3.1 Object Manipulation Case Study

In the investigated case study, the goal of the robot is to transport as many objects as
possible to its destination in a given time period without any harm to its environment.
In the scenario, the robot selects the order in which the objects are to be manipulated,
and moves these objects to their destinations. The robot needs to determine which
object to fetch next to maximize the number of objects transported without a failure. In
this context, different optimization criteria can be considered, such as choosing objects
according to their locations in order to minimize the distance travelled or primarily

targeting the objects on which the robot has the best manipulation performance.

In this study, the robot is initially run to build its experience by an experiential learning
process to determine its abilities on object manipulation. Then, this experience is used
as a guidance for the robot’s next decision. Hypotheses generated by the experiential
learning process can be used in planning to decide on the next object to manipulate.
The previous study of author’s research group uses a deterministic planner for this
purpose, which uses only contexts of hypotheses [3]. In this study, a probabilistic

planner is proposed that can use probabilities of hypotheses as well.

In the case study, the robot starts its plan by first finding the locations of the objects in
the environment (i.e., the object locations are not known apriori). If it cannot detect or
recognize any object in its current field of view, it executes action search to find any
object by exploration. Whenever it finds an object, it stops its movement and executes

moveTo, pickUp, transport actions in sequence, if there is no failure. Whenever
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Figure 3.1: System architecture in which the adaptive planning method is used [2].

a failure is detected, the corresponding observation along with its related context is

encoded in the knowledge base (KB) of the robot.

Supplementary sensing actions are also designed for detecting failures occurring out
of sensor range. For example, for action pickU p, when the object is out of view (i.e.,
when it is close to the robot), the RGB-D sensor cannot detect it. If the robot senses
that there is a failure by its pressure sensors inside the gripper, it moves backward to
decide on whether the object is in its original form, and another trial would be safe. If
the robot can not sense the object, an unknown failure is assumed, and this observation

is registered to the KB.

3.2 Supplementary System Units

The overall software system of the robot contains various tightly integrated
components. The schematic representation of the system architecture can be seen
in Figure Here, the information gathered from the environment is processed in
Perception Pipeline with some algorithms to prepare it for Scene Interpretation. KB is
the data store which includes data about world state, plans and the experience of the
robot. All units access to the KB. The generated plan by the planner is executed in
the Controller unit which manages the actuators of the robot (Motor Interface). The
required processes for object recognition/segmentation, scene interpretation, action

execution monitoring and learning are presented in the following subsections.
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Figure 3.2: Outputs of LINE-MOD (left), LINE-MOD&HS (middle) and Segmenta-
tion (right) [@]

3.2.1 Scene interpretation

A unit, namely Scene Interpreter, is developed to maintain a consistent world model
in the KB [24]. Information gathered from the environment by various sensors of
the robot are processed and fused before being stored into the KB. The consistency
is provided by integrating outputs from different vision methods. Template-based
algorithms, LINE-MOD [25] and LINE-MOD with HS histograms [26]], are used for
recognizing the objects by processing the data coming from camera sensor. Templates
of the objects are provided to Scene Interpreter beforehand. Furthermore, some
information about objects like category, color, shape, size, etc. are also given as
background information. When the robot recognizes an object, it can find extra
information about the objects. Moreover, unknown objects (details about them are not
located in the background information) are detected with a depth-based segmentation
method which uses Euclidean clustering to segment the 3D point cloud data of
the objects. In Figure [3.2] example outputs of LINE-MOD, LINE-MOD with HS
histograms and segmentation can be seen. Here, the output of the LINE-MOD
algorithm gives only the type information of the objects. On the other hand,
LINE-MOD with HS histograms can detect the color of the objects as well. Therefore
the output of this algorithm also shows the colors of the objects in Figure[3.2] Since
the segmentation method can only extract the point clouds of the objects in the scene,
the found objects are labelled as unknown. The locations of the objects are determined
by fusing the outputs of all these sources. In addition to maintaining the consistency,
Scene Interpreter applies filtering on noisy data acquired through sensors. The filtering
process is performed by updating the information maintained in the KB considering
temporal and domain-specific information during the evaluation of new observations.

Moreover, the appropriate symbolic predicates that represent the world state are also
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Table 3.1: List of predicates maintained by Scene Interpreter

Predicates Explanation

obji Object i is stored in the KB.

holding There exists an object inside gripper peddals of the robot.

moving The robot is moving.

turning The robot is turning.

closingGripper The gripper peddals are being closed.

liftingU pGripper The gripper is moving upward.

objInGripLoc; Object i is between the gripper peddals while the robot is executing action pickU p.
nearOb jLoc; Object i is close enough to the robot for a suitable grasping.

tallOb j; Object i is tall enough to be seen by sonar sensors of the robot.

ob jDetectedBySonar; Object i in front of the robot is detected with sonar sensors.
objFallSoundDetected | The robot detects an unexpected sound in the environment via its microphone.

generated by Scene Interpreter. For example, whether an object is held or not is
detected by checking the status of the tactile sensors inside the gripper pedals and
holding predicate is created for the corresponding object in the KB. The predicates
that can be created in this system are explained in Table [3.1] Here, several types of
sensors are used to create the predicates such as, sonar sensors to detect an object
in front of the robot, tactile sensors inside gripper peddals to detect the object in the
gripper, a microphone to detect the sound in the environment, and the RGB-D camera
to specify the locations of the objects in the scene. Observations acquired through the

execution of the plan are pre-processed by using Scene Interpreter [24).

3.2.2 Action execution monitoring

Different types of failures may happen during action execution of a robot. These
failures should be detected to build experience on them. An Action Execution
Monitoring system is developed to detect failures that occur while executing an action
in the used robot system [27]. Metric temporal formulas defined specifically for each
action by using Metric Temporal Logic (MTL) are used to monitor the action execution
simultaneously [28]. A (and), V (or) and — (not) are the boolean connectives, and L;
(always), U; (until), {7 (eventually) and () (next) are the temporal logic operators
that can be represented in MTL. Here, 7 is a time interval (i.e., > ¢, <t¢, <t and
>t where t > 0) used in temporal logic operators. In the case that a formula f is
always true for all world states between the specified time period 7, this expression is
represented as [ f. If a formula f will be valid in at least one of future states between

the time period 7, {7 f is used. ()zf expresses that the formula f will become true
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in the next state between the time period 7. Finally, to represent that the formula fj is

true until the formula f, becomes true, fiU: f> is used.
Metric temporal formulas for action moveTo.

Three metric tamporal formulas are defined for action moveTo. Firstly, the robot
should have detected the object before it executes action moveTo on it. Equation (3.1))
is created for checking the presence of object i in the KB. When the robot starts its
movement toward object i, it should keep moving or turning until it gets close enough
to this object. This is monitored with Equation (3.2)) where 7, represents the starting
time of the action and 7,,/4ine represents the required time for path planning. The robot
is expected to reach at object i in Equation (3.3)) within the time period of reaching the

object which is represented with #,,4ve700p -

0>y, (0bji) (3.1)
Dz,planmng((moving V turning)Us; (nearOb jLoc;)) 3.2)
<>ZtmoveT()ObjnearObjLoci (3.3)

Metric temporal formulas for action pickU p.

Object i on which action pickU p is being executed should either exist in the KB or
be held in the gripper during the execution of action pickUp (Equation (3.4)). After
the robot grasps object i, the object should be inside the gripper peddals when the
gripper is being lifted (Equation (3.5)). If any unexpected sound is heard within the
time period in which the robot is approaching object i to grasp, this sound is interpreted
to be caused from the falling of the object (Equation (3.6)). Until the object is adjusted
to be in a suitable position to grasp, the robot should continue either moving or turning
(Equation (3.7)) and the gripper peddals should not be closed (Equation (3.8)). If
object i on which action pickU p is being executed is tall enough to be seen by sonar
sensors of the robot, it should be detected by sonar sensors after the robot is placed

itself into a suitable position to grasp it (Equation (3.9)).

O, (obji V holding) 3.4)
O, ((=liftingU pGripper)Us; (holding)) 3.5
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O, —(objInGripLoc; N\ ob jFallSoundDetected) (3.6)

(moving V turning)Us; (ob jInGripLoc;) 3.7)
(—closingGripper)Us (objInGripLoc;) (3.8)
(—tallOb j;) V (—ob jInGripLoc; Us, objDetectedBySonar;) (3.9)

Metric temporal formulas for action rransport.

Since the robot may drop object i down while it executes action transport on it, the
sound in the environment should also be monitored during this action to detect possible
failures (Equation (3.10))). The robot is expected to release object i in the gripper after
a time period #,4,,, Which represents the approximate time to release an object without
any failure (Equation (3.11))). If the released object is tall enough to be seen by sonar

sensors of the robot, it should be detected by sonar sensors when the robot has released

it (Equation (3.12)).

O, —(objInGripLoc; N ob jFallSoundDetected) (3.10)
Dthmp —holding 3.11)
(mtallObj;) V (—ob jInGripLoc; Us,, ob jDetectedBySonar;) (3.12)

Metric temporal formulas of actions moveTo, pickU p and transport are controlled by
the Action Execution Monitoring system and they are evaluated with a goal progression
algorithm [29]. Formulas defined for action pickUp are used to collect data for
building experience in the learning phase. However, the other formulas (defined for
actions moveTo and transport) are also required to provide continuous execution of

the robot.

3.2.3 ILP learning

Inductive Logic Programming (ILP) is used in this thesis as an experiential learning
framework for autonomous robots [|1,2]]. Each detection of an action execution failure
contributes to derive hypotheses represented in first-order logic and used to build the
experience. The Progol algorithm is used in ILP based-learning [30]. The contexts
of hypotheses are constructed from the attributes of observed objects and the relevant

facts from the world state. Then, these contexts are mapped to the outcomes (success
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or failure) of corresponding actions. A probability (P) is attached to each hypothesis.
An example hypothesis is given in Equation (3.13) where the probability of failure
of action pickU p for green cylindrical objects is determined as 0.22. The antecedent
part of this rule is represented as the context, and the conclusion is the outcome of the

action.

category(cylindrical) A color(green) = failure(pickU p)(P : 0.22) (3.13)

The learning algorithm aims to find the most general set of hypotheses by evaluating
the gathered observations. The probability value of each hypothesis is determined
by calculating the ratio of positive observations corresponding to failure cases over
all observations (negative and positive) covered by that hypothesis. The derived
hypotheses and their probabilities are updated or ruled out while new observations
arrive. As an example, the learner is assumed to get following observations:

obs; :

category(obji,bowlingPin) A color(obji,green) A material(objy,plastic) A
size(ob ji,medium) N failure(pickU p)

obs; :

category(ob j,,bowlingPin) N  color(objy,red) N material(objy, plastic) A
size(ob j,medium) A failure(pickU p)

obss :

category(objz,ball) N\  color(obj3,purple) A  material(objz, plastic) N
size(ob jz, medium) A success(pickU p)

where obs; corresponds to an observation instance taken after executing action pickU p,
and obj; corresponds to the object on which the action is executed. After applying ILP

learning on this observation set, the hypotheses given in Equation (3.14) and Equation

(3.15)) are derived.

category(bowlingPin) = failure(pickU p) (3.14)
category(ball) = success(pickU p) (3.15)

Probabilities of these hypotheses are assigned as 1 since there are no ambiguities.

Furthermore, the learning process can also benefit from background knowledge
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whenever it is available while deriving hypotheses. Unifications of hypotheses can be
performed more realistically by using background knowledge. Therefore hypotheses

can be generalized effectively.

The robot is assumed to get the following observation after deriving hypotheses in

Equations (3.14)) and (3.13):

obsy :

category(objz,bowlingPin) N color(objz,green) N material(objs, plastic) A
size(objs,large) A success(pickUp)

The previous hypotheses are generalized and converted to hypotheses in Equations

(3.16) and (3.17) after evaluating observation 0bss.

category(bowlingPin) N size(medium) = failure(pickU p) (3.16)

category(ball) V size(large) = success(pickU p) 3.17)
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4. LEARNING GUIDED PROBABILISTIC PLANNING

The POMDP planning formulation for generating policies in multi-object manipulation

scenarios is given in the following subsections.

4.1 State Space Definition

An object composition, denoted as oc, represents a structure that encapsulates
qualitative and spatial information about an object. The " object composition
formulated as oc; = (0bj§"", 0b ji.oc’”,relj.“’) contains attributes and the semantic
location of an object obj;. Since an object may be placed in all possible locations
in the environment, more than one object composition exist for an object. Object
attributes, denoted as ob j;f” ", specify predetermined features (category, color, material,
height, width, etc.) of object obj;. Although the location of an object is valued in
continuous space in the KB of the robot, the continuous-valued locations are converted
to semantic locations, which are denoted as loc,, for the m'" semantic location, to
provide discretization in state definition of POMDPs. Therefore, ob jjoc”’ indicates
that the object obj; stands in location loc,,. In addition to semantic locations, one
more field is attached into oc;, denoted as relj-"c’, to represent the relative location
of object obj; to the robot’s position [oc,. In the current system, only one spatial
relation between an object and the robot is defined as relj"C’ = {infront,—infront}.
The relation infront indicates that the mentioned object stands in front of the robot.
Since the robot moves continuously in the environment, an object may situate in front
of the robot according to the robot’s location. This relation can be applied to at most
one object at any state. This relation can also be used to extract one extra information.
Since no variable is included in the proposed state definition for representing the
semantic location of the robot, this information can only be extracted from the location
of an object that exists in front of the robot. However, the location of the robot is

unknown in the states in which no object is in front of it.
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For all combinations of object attributes and semantic locations, different object
compositions are created. The set of all possible object compositions is indicated as
OC ={ocy,0c¢3,0c3,...}. If the maximum number of object compositions that can exist
in the world at any moment is determined as N, a state set of a POMDP that represents

the current scene of the world is given in Equation (. 1)) where s;cene is a subset of OC.

Sscene = U{Sscene ’Sscene C OC, ’Sscene’ < N} 4.1)

State space of a POMDP S = Sgcene U {Sholding7 sfaﬂm} is formed as an aggregation of
various states. The state definition is expanded with two more states, namely Spo/ding
and s f4iure. Differently from state set Sgeene, €ach of these states specifies only one
condition. The state sj,4ing represents that an object exists in the gripper of the
robot during transportation. The state sy, indicates that a failure is encountered
in the previous action execution. The purpose of separating these states from the
state set Sycene 1S to create an abstraction from the other irrelevant state components
in Sgcene. This abstraction is also useful for reducing the number of states generated by
the POMDP. Otherwise, if one of the states s 4ijure and Spojqing are added as an extra

variable to Ss..ne cOmponent, the size of the state space increases.

4.2 Actions

The actions considered in this work can be divided into two groups according to their
functionalities: main actions and sensing actions. Main actions in this formulation
are moving to an object obj; in object composition oc;, instantiated for each oc;
as moveTo(oc;), picking up an object obj; in object composition oc;, denoted as
pickU p(oc;) and putting the object in the gripper down after reaching the destination,
denoted as transport. Action transport is executed as a combined action that includes
both transportation of the object to the destination and putting the object down. Note
that this action is performed in the same way for all objects held in the gripper,
therefore a decision for selecting an object to be transported, and correspondingly
an instantiation, is not needed. Even so, it can be easily converted to allow success
probabilities special to each object composition by request. On the other hand,

decisions on object selection for moveTo and pickU p actions have an impact on task
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Table 4.1: Symbolic representation of the state set for the preconditions of actions

Actions Start States
moveTo(oc;) || {Sscene|OCi € Sscenes (relj-oc" = —infront) for obj; in oc;}

pickUp(oc;) || {Sscene|0Ci € Sscenes (relj.”c’ =infront) for objjin oc;}

transport {Sholding}
search {sscene‘ |Sscene| = 0}
monitor {s failure}

execution performance, in terms of minimizing both time to complete and the number

of failures. This results in the need for instantiations of moveTo and pickU p.

Sensing actions, denoted as search and monitor, are executed for acquisition of
knowledge about the environment at any moment. The robot requires to gather
information from the environment when no stored information exists in the KB. Action
search is the wandering operation to find new objects in these situations. On the other
hand, action monitor is executed when the information already available in the KB
needs to be updated. The robot senses the object it currently operates on to verify the
knowledge on the situation of this object. Monitoring action is designed as sensing the
object on which the last main action is operated, by the robot positioning itself to an
appropriate location where it can see the object properly. In this way, the knowledge
of the robot about the object is updated according to whether the object is sensed again

or not.

4.3 Observations

Each observation gathered after an action execution (i.e., after each transition between
two world states) is designed similar to the state definition and denoted as O = Oj¢epe U
{0notding> 0 faiture } Where Ogcene indicates the combinations of object compositions and
Onolding indicates that the predicate holding is taken from the environment when there
exists an object inside gripper peddals of the robot. The 04 State represents the

failure happened in the last action execution before taking the current observation.

4.4 Transition Model

The hypotheses generated by the experiential learning algorithm are to be used in

the planning process to decide on the next object to be manipulated. The transition
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probabilities of pickUp(oc;) action to the states which represent the success and
failure of action execution are specified using the probabilities attached to the derived
hypotheses. If an object composition is matched with the context of a hypothesis, the
corresponding pickU p failure probability is set to the probability of the corresponding
failure hypothesis. If an object composition is in the scope of multiple hypotheses, the

hypothesis with the lowest probability is applied to avoid failures.

Transitions defined in the POMDP system, are explained individually for each
described action in the following. Table [4.1]is given for formulating the state sets
that represent the preconditions of each action symbolically and Table gives the
formulation of the state sets that represent the effects (excluding failure cases) of each
action symbolically. A failure case in execution of any action cause a transition to

state S faifure-

Action moveTo transitions.

Action moveTo(oc;) can be selected as the next action if object composition oc; exists
in the current belief of the robot, and reli.(’c’ in oc; should be —in front before executing
moveTo(oc;) action as in this case executing an extra movement would be redundant.
However, there is no limitation about any other objects to be in front of the robot,
since the robot may decide on moving to a distant object instead of picking up the
object located in front. This decision is based on the evaluation of pickU p success
performances regarding all objects in the environment and their distances from the
robot. Since the selection of each action is determined by evaluating the total reward
which indicates the cumulative sum of the rewards of the current action and the

immediate rewards of all actions that may come after this action, the robot decides

Table 4.2: Symbolic representation of the state set for the effects of successfully
executed actions

Actions Successful End States
moveTo(oc;) || {Sscene|lOCi € Sscene, (relj-ocf = infront) for obj;in oc;}
pickU p(oc;) {Snolding }
transport Sscene
search Sscene
monitor Sscene
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to execute either picking up the object in the front or moving to another object with

higher pickU p success performance by considering future effects of these two actions.

Transition probabilities to the states that may be encountered after the execution
of action moveTo(oc;), is determined according to the general success performance
of the moving operation of the robot and the distance between the robot and the
target object in oc;. The semantic locations of the objects are defined by taking the
starting position of the robot as a reference. As described earlier, the location of the
robot can be obtained only when any object in the environment exists in front of the
robot. Therefore, all predefined semantic locations and distance measures of them are

relatively updated according to the robot location in the states where it is known.

After the execution of action moveTo(oc;), the object in oc; is expected to be in
front of the robot if the action is successfully terminated. The information about
other objects found in the environment before the execution of action moveTo(oc;) is
updated with a new observation taken after action execution. The gathered observation
is considered to be noisy and the object compositions of the next state after action
moveTo(oc;) is executed may stay the same or change according to the incoming
observation. The possibility of noise in the observation is considered for the transitions
to address unpredicted changes (e.g., the existing objects in the environment may
disappear by external intervention) in scenes. Whenever a failure is encountered in

action execution, the next world state becomes s 741y

Action pickU p transitions.

The preconditions for action pickU p(oc;) include that the robot’s gripper should be
empty (i.e., any state except Sjo/qing)> and the object obj; in oc; should be in front of
the robot (relj.OC’). When this action is successfully executed, the effect sj;4ing OCCurs.

If the robot discovers an action failure, the state becomes s 74ure-

The transition probabilities of pickU p(oc;) action to the states which represent the
success and failure of action execution, are determined based on the matchings
between the contexts of failure hypotheses and the object composition. Since a
hypothesis is based on attributes of objects, grasping success of the objects that have

the same set of attributes with the hypothesis is assigned to the probability of it.
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If an object is in the scope of multiple hypotheses, the hypothesis with the lowest
probability is applied. Whenever an object could not be matched with any hypotheses,
the general success rate of the experiments is given as grasping success probability.
Success probabilities for these actions are determined based on the matchings between

the contexts of failure hypotheses and the object composition.

Action transport transitions.

Action transport entails the transportation of the object in the gripper to the
destination and putting it down. Therefore, the precondition of this action is holding
an object (Spoaing)- At the end of the execution of this action, the robot is expected
to put down the object in hand to the destination. Transition probabilities for passing
to possible ending states that have successful and failed action effects are assigned
empirically-determined values. The object compositions in the environment after
a successful execution is determined with the new observation and the transition
probabilities to each successful ending state are uniformly distributed. s74i1. Cases

are handled in the same way as pickU p(oc;) and moveTo(oc;) actions.

Action search transitions.

If the robot is in the world state that does not have any object composition, it searches
the environment in order to find new objects. After the execution of search action, the
robot may find itself in a world state from the state set Scene. Since this is a sensing
action, the aim of which is to provide additional world knowledge, this action does not
have a success or failure effect. Therefore, the probability is equally distributed to the

states in the state set Sgeene.

Action monitor transitions.

When the robot encounters a failure during the execution of a main action, it transfers
to the state s ¢4 and needs to refresh its knowledge about the world. In such cases,
action monitor is executed to provide additional information on the failure case. In
this system, the monitoring action is specified as moving to a suitable position to sense
the object on which the last manipulation action is operated. After monitoring, the

belief state of the robot is updated and the next action is determined according to this
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new belief. After the execution of action monitor, the robot may find itself in a state
with one of the combinations of object compositions. The next action is determined
by evaluating the current belief state of the robot. Transition probabilities of monitor

action are uniformly distributed to all states in the state set Sscepe-

4.5 Observation Model

Each observation gathered after an action execution (i.e., after each transition between
two world states) is designed similar to the state definition. The observation model
represents the probabilities of observations gathered after a transition to a new state by
executing an action. In this work, each observation is encoded into the KB by Scene
Interpreter. The robot determines its belief state based on an observation which is
formulated identical to the state definition. Uncertainties in sensing are handled by
Scene Interpreter and the output of this process is a set of observations which reduces

the complexity of POMDP planning.

4.6 Reward Model

In the investigated case study, the objective is to maximize the number of objects to be
transported by the robot. Reducing failures is essential for this purpose, thus a penalty
is given when the robot is in state s, The system is awarded if the intended
transition to a new state is achieved by a particular action. Sensing actions also cause

the system to be penalized due to their cost of execution.

4.7 Learning Guided Planning for Multi-Object Manipulation

In the multi-object manipulation scenario of this thesis, the goal of the robot is to
transfer as many objects as possible to the destination without failure. In this case, the
target objects are sequentially selected and moved to the destination. If the goal of the
robot is defined as transferring as many objects as possible in a given time period, at
each time step, it needs to decide on which object to manipulate next, to maximize the
number of objects transferred without a failure. In this context, different factors can be
considered, such as choosing objects according to the distances between the locations

of the object and the robot in order to decrease the time spent while moving towards
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the object, or primarily choosing objects on which the robot has best manipulation

performance.

The hypotheses generated by the experimental learning algorithm are used in planning
process to decide on the next object to manipulate. The transition probabilities of
pickU p(oc;) action to outcome which represent either success or failure, are specified
by using the probabilities of the learned hypotheses. Since a hypothesis is based on
a set of attributes of objects, grasping success of the objects that have the same set
of attributes with a hypothesis is assigned to the corresponding probability of that
hypothesis. If an object is in the scope of multiple hypotheses, the hypothesis with
the lowest probability is applied. Whenever an object could not be matched with any
hypotheses, the general success rate of the robot’s grasping performance is given as

the grasping success probability for this object.
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5. EXPERIMENTS

Experiments were conducted in the department’s corridor of ITU without any special
environmental lighting. People are allowed to observe the experiments during which
their movements change illumination conditions. The robot maintains its KB during
runtime without any human intervention in the face of the challenges of noise in

sensory data, partial observability and unexpected situations.

5.1 Experiment Setup

In order to evaluate the performance of the proposed system, real robot experiments
were conducted with a Pioneer 3-DX robot which can be seen in Figure [5.1] It is
equipped with several sensors to perceive its environment. A Hokuyo UTM-30LX
laser rangefinder is mounted on top of the robot facing forward for mapping and
localization, and an ASUS Xtion PRO RGB-D camera is placed on top of the laser
rangefinder for 3D object recognition and segmentation. The robot has a 2-DOF

gripper to manipulate objects.

The system is implemented on ROS (Robot Operating System) framework [31] using

an Intel Core 17 laptop with Ubuntu 12.04 for autonomous control of the robot.

Figure 5.1: Pioneer 3-DX robot with its equipments used in the experiments.
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5.2 POMDP System Parameters

In the case study of this thesis, the following object attributes are taken into account:
category (oc;"*°™), color (0c$?!), material (ocerial), size (width, oc!™@" and
height, ocf-‘eight), solidity (ocfdidily ) and shape (ocfhap ‘). Here, the experiments are
performed with the attributes represented in the learned hypotheses. Many other
attributes can also be added to the system by request. Before executing the POMDP
planner to generate a policy, a configuration file which specifies the number of
states, actions, observations, the transition model, the observation model and the
reward model of the problem formulation should be specified. In this phase, object
compositions are created by considering possible color and type attributes provided
as background information beforehand to the system. Furthermore, information of
possible objects are also given to decrease the number of created object compositions.
Because higher number of object compositions will increase the complexity of the
POMDP planner by increasing the number of states, actions and observations in the
formulation. Additionally, each object is assumed to be unique and to exist only in
a single location at any time frame. Thus, a world state cannot have more than one
instance of a single object in the experiments. However, the objects can be located in
different locations at different world states. The semantic locations are assigned values
proportional to their distances from the initial start position of the robot, and these are
used to update the success probabilities of moveTo actions. As described earlier, the
values that represent the reachability of locations are updated with respect to the robot
in the states in which the location of the robot is known. Otherwise, default values are

used.

5.3 The Scenarios and Experiment Results

Initially, the performance of the robot is tested on a set of five different objects
from various colors and categories: two plastic bowling pins whose colors are green
and red, a green plastic cylindrical object, a small purple ball and a big red ball.
The environment is divided into two regions that represent the semantic locations
of objects. The robot, the objects and the possible semantic locations, which can
be denoted as ocl® = (room),room,), can be seen in Figure As preliminary

experiments, actions moveTo(oc;), pickU p(oc;) and transport are executed ten times
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Figure 5.2: The environment: The goal point of the robot is shown with a red cross.
room; and room, are denoted as blue and yellow areas.
for the object set randomly cluttered in the environment to measure the overall
performance of the robot on multi-object manipulation tasks. Preliminary experiments
are performed by executing the robot with a predetermined sequence of actions. The
robot starts its execution by detecting objects in the environment and moves to them
according to their locations. It grasps the object it has moved in the previous action and
transports it to the goal position. If a failure occurs in one of these actions, it detects
the failure and changes its target object. Here, the aim is to obtain a general success
rate of the robot for each action. This information is required to determine the default
values of action success performances in the POMDP model. By executing the policy
which is generated with default values, the performance of the policies generated
with guidance and without guidance can be compared. Therefore the contribution
of using learning hypotheses in the POMDP transition model can be revealed. It has
been observed in the preliminary experiments that the robot has an overall pickU p
success rate of 96% and putDown success rate of 100%. Since quantifying moveTo
success rate is not as easy as the measurement of pickU p and putDown success rates
(the successfully manipulated number of objects cannot be used as a criteria for action
moveTo), an intuitively determined approximate value is used for specifying its success
rate. Learning hypotheses are only generated for action pickU p in the experiments.
Therefore, the initially assigned success parameters for actions put Down and moveTo

remains the same in the experiments with and without learning.

Two different scenarios are investigated to evaluate the performance of the
experience-based planning system. Each scenario is repeated three times with human

injected failures. The order of action executions in which a failure is injected should be
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the same for a reliable comparison between the experiments with and without learning
guidance. Therefore, the occurrence times of these failures are determined based
on a randomly generated (by using a random number generator) failure probability
distribution, and applied on the same order in both scenarios. The experiments are
performed with and without applying learning outcomes to compare the results on the
same failure distribution. The experiments without learning do not take the failure
hypotheses into account, and the robot proceeds to the objects in order based only on
their distances. Success probability of pickU p action is determined in the same way
for all object compositions according to the general success rate of pickU p action in

the preliminary experiments.

In the first scenario, objects with category(bowlingPin) are externally taken away from
the environment with a randomly (by using a random number generator) determined
probability (67%) at the time of action pickU p. For this scenario, ILP generates the

hypothesis given in Equation (5.1)).

category(bowlingPin) = failure(pickUp)(P : 0.67) (5.1

The locations of bowling pins are organized in different settings as follows: both
located in room;; one of them in room; and the other one in room,; and both of them
in room in different experiments. The system’s performance is evaluated for all these
cases. The aim of locating bowling pins in different locations for each experiment
set is to show the performance of the system in terms of selection between the closer

object and the object with a higher probability of pickU p success.

The execution trace of the first scenario is given in Figure [5.3] for the configuration
given in Figure [5.2] The planning is guided with the failure hypothesis given in
Equation [5.1] for the first scenario. In Figure 5.4, an illustration of this scenario is
shown. Here, objects are represented as circles which are enumerated respectively for
the green bowling pin, the purple ball, the red big ball, the green cylinder and the red
bowling pin. The blue region indicates the field of view of the robot where the objects
can be recognized. The objects colored gray indicate unseen objects. The circles
with bold edges denote the objects with lower probability of pickUp success. The

recognized objects are shown in their respective colors. At the beginning, the robot
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starts the execution of its plan without any object in its KB, and it executes search
action to find an object in the environment (Figure [5.4(a)). Note that search action
is not shown in Figure @ due to clarity. After search action, the robot detects the
purple ball and the green bowling pin located in room; (Figure [5.4(b)). According
to the success probabilities of action pickU p for different objects that are determined
with experience, the robot selects the purple ball to move to, since its pickU p success
probability is higher (Figure [5.4(c)). The robot detects the objects that are located in
roomy while moving to the purple ball. After transporting the purple ball successfully
(Figure [5.4(d)| and Figure [5.4(e))), the robot selects the cylindrical object (in room;)
with a higher success probability instead of the closer bowling pin (Figure [5.4(f)).
Then, the big red ball is moved. Since the remaining objects (the green bowling
pin and the red bowling pin) in the environment have the same success probabilities,
and there is no other alternative object, if there is enough remaining time, the robot
tries to manipulate the closer one (green pin) first. According to the random failure
distributions, it is forced to fail two times while picking up these objects. The robot

executes monitor action to update the information after each failure.

The results of time to complete another trial of the first scneario with and without
learning is given as a histogram chart in Figure [5.5] Here, the number of successfully

transported objects is shown in relation to time. The red intervals in the histogram
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Figure 5.5: Time comparison between planning with and without learning guidance in

accordance with number of successfully gathered objects (failures occur
during picking up bowling pins).
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bars indicate delays due to failures. Two shades of red are used to represent different
trials with failure. The first failure is encountered earlier in the plan without guidance.
The planner without guidance chooses the closest object to manipulate, since the
success probabilities of all the observed objects are believed to be equal. However, the
learning-guided planner manipulates the object further away from the robot instead of
the closer object with lower success probability. The total required time to manipulate
all objects scattered in the environment are approximately the same. However, it is
important to note that although the number of manipulation trials in both executions
are equivalent at the end of the experiment, the learning-guided planner postpones the
manipulation of the objects with lower success probabilities until no other objects are
available. As can be seen from the figure, when the robot uses its experience, the
potential failures are postponed to a great extent. When the time permits, the robot
attempts to move towards objects for which success is not guaranteed. However, only
one failure occurs at meantime when the objects with higher success probabilities are
still available in the environment. The reason of the robot to select the object with a
lower success probability rather than the object with a higher probability is that the
robot has not recognized the object yet at this time interval. During the first trial of
pick up on the object with a lower success probability, the robot detects the object with
the higher probability, and decides to manipulate the new object for its next action

execution.

In the second scenario, the robot is forced to encounter failures by human intervention
while manipulating objects in room;. The objects are externally removed while the
robot is executing pickU p actions in this location. The learning algorithm uses
background knowledge given in Equation (5.2) while extracting the hypothesis of
the second scenario given in Equation where obj; represents an object, locX
represents the x coordinate of an object with respect to the global map, and /ocation
represents the semantic location of the specified object. Although the objects in room;,
are further away than the objects in room, the planner selects the objects in room,
since the robot first attempts to transport the objects with higher pickUp success
probabilities. However, in the experiments without learning, the planner only takes

into account the distances of the objects.

47



locX (obji,X) N0 <X < 1.6 = location(ob j;,room; )
(5.2)
locX (obji, X)N1.6 <X < 2.6 = location(ob j;,room;)

location(obj;,room;) = failure(pickU p)(P :0.67) (5.3

An analysis on the results of all experiments for each scenario is performed separately,
and the average number of objects transported over time in the first and second scenario
with and without learning are shown as histogram charts in Figure [5.6] and Figure [5.7]
respectively. Here, the average number of successfully transported objects is shown in
relation to time. The red intervals in the histogram bars indicate the average number
of objects which the robot fails while manipulating. The blue parts in Figure 5.7 point
out the natural failures occurred in the experiments with location failures. As can
be seen from the figures, the required time to transport the same number of objects
on average is lower with the learning-guided planner except the time of the first and
last object” manipulation which exceed the time of the planner without guidance in
Figure 5.7} Here, the reason of the unexpected surplus time between the results of the
experiments with and without learning is the natural failure indicated with the blue
marker. Although a natural failure has occurred at the beginning of the experiment,

its negative effect is distinguished only at the first and last steps. Because the number
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Figure 5.6: Time comparison between planning with and without learning guidance
in accordance with number of successfully gathered objects on average
(failures in bowling pins).
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Figure 5.7: Time comparison between planning with and without learning guidance in
accordance with the number of successfully gathered objects on average
(failures in the objects located in room).
of failures in the experiments of the learning-guided planner is lower than or equal
to (at least) the results of the planner without learning when the same failures occur
in both experiments. If another natural failure would have occurred at any other time
step (not before the first successful object manipulation), the unexpected surplus in the
time period of the learning-guided planner will exist only at the end of the experiments
(the last column of learning-guided planner). Because the learning-guided planner

postpones the selection of the objects with lower success probabilities until there is no

Average number of the collected objects

0 1 2 3 4 5 6 7 8 9

Time[minutes]

Pomdp Planner With Learning Probabilities Applied
Pomdp Planner Without Learning Probabilities Applied

Figure 5.8: The average number of objects transported through time in the first
scenario with failures in bowling pins.
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Figure 5.9: The average number of objects transported through time in the second
scenario with failures in room;.

alternative object to manipulate. This result can be seen clearly in the results of the

first scenario during which no natural failure is encountered (Figure[5.6).

Figure [5.8] and [5.9) show the average number of objects transported over time with
and without learning guidance in the first and second scenario, respectively. This
result shows that when the probabilistic planner is fed with the learning results, the
number of transported objects is higher, since the planner has the option of choosing
the objects with higher success probabilities. However, after all these objects are
transported, the planner also suggests transporting the remaining objects with lower
success probabilities. When the time period given for the manipulation task is limited,
the robot always prefers to transport the objects with higher success rates since it uses
its experience. It should also be noted that between time steps 1-2 in Figure [5.9]
although it seems that POMDP without guidance gives better results, this is due to
a natural failure. As the number of objects increase, the advantage of using experience

can be realized.

Table 5.1: Performance analysis of POMDP for increasing number of objects

#Objects || #States #Actions Time(s)
1 7 7 0.18
2 23 11 0.54
3 83 15 2.62
4 299 19 11.94
5 1055 23 62.77
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Table 5.2: Performance analysis of POMDP for increasing number of locations

#Locations || #States #Actions Time(s)
1 50 11 0.58
2 299 19 11.94
3 1026 27 65.14

The performance of the planner against the increasing number of objects and the
number of locations is also analyzed in Table [5.1] and Table [5.2] respectively. The
columns present the number of states, the number of actions and the computation time.
In Table [5.1] the performance is analyzed for different number of objects with two
semantic locations. Table presents the results for four objects as the number of
locations changes. It can be seen that as the numbers of objects and locations increase,
the numbers of generated states and actions increase as well. Thus, the complexity and
computation time of the planner increase exponentially. This is one of the drawbacks
of POMDPs. However, this method ensures that the probabilistic hypotheses are
used to guide planning in a more realistic way which makes this method suitable for

small-sized domains.

5.4 Comparison of a Deterministic Planner and a Probabilistic Planner

In the prior work of author’s research group which is previously presented [3], a
deterministic planner, namely TLPlan [21], is used on the same application domain.
Here, the performance analysis of this previous work is given, and the comparison of

it with the proposed method in this thesis is discussed.

Table 5.3: Performance analysis of TLPlan with increasing number of objects

#Objects || #States generated #States searched Plan search time(s)
| 11 6 <1
2 75 29 <1
3 1155 313 <1
4 21963 4565 <1
5 436819 74508 28.540

In Table @, the number of states generated, the number of the states searched and
the required time to reach the goal are presented for the run of TLPlan with increasing
number of objects. The goal is set to successfully transport objects to their destinations.

The locations of the objects are provided to the planner beforehand. In TLPlan, a
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Table 5.4: Performance analysis of TLPlan after updating preconditions

#Objects || #States generated #States searched Plan search time(s)
1 7 4 <1
2 42 17 <1
3 494 140 <1
4 2369 535 <1
5 35376 6362 1.670

classical search tree structure is used on which a simple forward chaining search is
applied. The search tree is constructed with respect to the definitions of actions in the
world model provided to the planner [22]. Since the planner is not guided in Table[5.3]
the increase in the number of states generated and in the number of states searched
are more than the results of the learning-guided TLPlan which are presented in Table
[5.4l Here, the precondition update method is used to reduce the search space of the
planner by guiding it with the hypothesis coming from learning process. The same
scenario 1s applied in which the bowling pins are taken away from the environment
with a probability used in the experiments of the POMDP planner. Therefore, the
hypothesis in Equation (5.1) is also used in the guidance of TLPlan. In this way,
a new precondition of action pickU p is created which represents that the robot fails
in the execution of action pickU p for the bowling pins. Since the probability of the
hypothesis cannot be used in the precondition update method, the corresponding world
states about the hypothesis are totally rejected in the search space of the planner. In this
case, an alternative action is required to manipulate bowling pins in the environment.
Otherwise, the planner fails to generate a plan that achieves the goal. Therefore a new
action is defined, namely push, for pushing an object to the destination. Eventually,
action push is selected instead of action pickU p for the bowling pins in the generated

plan.

As a comparison, using a probabilistic planner in such a problem has many advantages.
First of all, since the described scenarios are run in a dynamic real-world environment,
the uncertainty should be handled. Although uncertainty in observations are not taken
into account in the planning method of this thesis, the proposed system can still
adapt itself to the sudden changes by evaluating current observation in the selection
of the next action. This can be achieved by running a policy instead of a sequential

plan. In this way, the probabilistic planner can also generate a policy in the case that

52



the locations of the objects are not provided to the planner beforehand. However a

deterministic planner fails when the locations of the objects are unknown.

The deterministic and probabilistic learning-guided planners can be compared by using
the results given in Table and Table in terms of required time to generate a
plan while the number of objects used in the experiments increases. Aside from the
limitations of a deterministic planning method explained above, it has the advantage
of generating a plan within a more reasonable time period than that of a probabilistic

planning method for small size instances.
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6. CONCLUSIONS AND RECOMMENDATIONS

Robots need to gain experience, and use this experience to improve their task
execution performance to prevent undesired outcomes. In this work, an adaptive
probabilistic planning method that uses the outputs of an experimental learning process
by an autonomous robot is presented. The selected case study is on multi-object
manipulation scenarios where the robot’s objective is maximizing the cumulative
manipulation performance. In the experiments, the robot collects the contexts of
its previous failed action executions while executing its multi-object manipulation
task. The built experience is used in an experimental learning process which
generates probabilistic hypotheses mapping from execution contexts to success or
failure outcomes. The relevant object attributes which are included in the contexts
of probabilistic hypotheses are used to feed the probabilistic planner to reduce the

number of potential failures in future plans.

A POMDP model is used as a probabilistic planner in this system. POMDP is
modelled so as to accept the probabilities coming from learning hypotheses. Since
the aim is maximizing the number of successfully manipulated objects over time,
the robot should optimize the order of objects to manipulate. In this way, the
manipulation performance of the robot can be improved within a time period. Different
approaches can be proposed to determine the best order of objects to manipulate.
Firstly, the locations of the objects are considered to minimize the distance to the
robot for manipulating an object. Secondly, the selection of the objects on which the
robot performs better also improves the performance of the robot in its multi-object
manipulation task. By using the learning hypotheses which relates the relevant
object attributes and action execution outcomes, the robot executes its actions on the
objects with higher probabilities of action pickU p success. The results show that the
probabilistic guidance in planning achieves the best manipulation order of the objects
within the knowledge of the robot to maximize the transportation success over time.

However, since only success of action pickU p is considered in the proposed method
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to improve the performance of the robot, the evaluation of success rates for the other

available actions in addition to action pickU p remains as future work.

In the proposed system, a point-based planning framework, named as SARSOP, is
used which tries to find approximate solutions to the problems. Although the solution
is found approximately, the computational complexity of the planning problem is still
high as a result of the variety of the variables in model. As a future work, reducing
the computational complexity of this planner can be targeted by abstracting state
representations in such domains. In addition, SARSOP does not include symbolic
representations. Since the used robot system builds its knowledge base symbolically,
modelling of this system in SARSOP complicates the representation of variables and
so increases the complexity. Therefore, a symbolic POMDP planner is intended to use

in the future.
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