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Abstract

A long standing goal in arti cial intelligence is to make robots seamlessly interact with
humans in performing everyday manipulation skills. Learnng from demonstrations or
imitation learning provides a promising route to bridge this gap. In contrast to direct
trajectory learning from demonstrations, many problems aise in interactive robotic ap-
plications that require higher contextual level understarding of the environment. This
requires learning invariant mappings in the demonstratiors that can generalize across dif-
ferent environmental situations such as size, position, @ntation of objects, viewpoint of
the observer, etc.

In this thesis, we address this challenge by encapsulatingwariant patterns in the demon-
strations using probabilistic learning models for acquinng dexterous manipulation skills.
We learn the joint probability density function of the demonstrations with a hidden semi-
Markov mode| and smoothly follow the generated sequence of states withleear quadratic
tracking controller. The model exploits the invariant segments (ale termed as sub-goals,
options or actions) in the demonstrations and adapts the mogment in accordance with the
external environmental situations such as size, position rad orientation of the objects in
the environment using a task-parameterized formulation. V& incorporate high-dimensional
sensory data for skill acquisition by parsimoniously repreenting the demonstrations using
statistical subspace clustering methods and exploit the cardination patterns in latent
space. To adapt the models on the y and/or teach new manipuléion skills online with
the streaming data, we formulate a non-parametric scalablenline sequence clustering algo-
rithm with Bayesian non-parametric mixture models to avoid the model selection problem
while ensuring tractability under small variance asymptotics.

We exploit the developed generative models to perform manidation skills with remotely

operated vehicles over satellite communication in the preance of communication delays and
limited bandwidth. A set of task-parameterized generativemodels are learned from the
demonstrations of di erent manipulation skills provided by the teleoperator. The model
captures the intention of teleoperator on one hand and prowdes assistance in performing
remote manipulation tasks on the other hand under varying emironmental situations. The

assistance is formulated under time-independent shared otvol, where the model contin-



uously corrects the remote arm movement based on the currerdtate of the teleoperator;
and/or time-dependent autonomous control, where the modekynthesizes the movement
of the remote arm for autonomous skill execution. Using the pposed methodology with
the two-armed Baxter robot as a mock-up for semi-autonomouseleoperation, we are able
to learn manipulation skills such as opening a valve, pick-4ad-place an object by obsta-
cle avoidance, hot-stabbing (a specialized underwater t&sakin to peg-in-a-hole task),
screw-driver target snapping, and tracking a carabiner in a few as4 8 demonstrations.
Our study shows that the proposed manipulation assistanceormulations improve the per-
formance of the teleoperator by reducing the task errors andhe execution time, while
catering for the environmental di erences in performing ranote manipulation tasks with
limited bandwidth and communication delays.

keywords: generative models, learning from humans, hidden semi-Mad¢ models, task-
parameterized models, subspace clustering, Bayesian nomafametric mixture models, on-
line learning, telerobotics, teleoperation



Résumé

Un objectif de longue date en intelligence arti cielle est & permettre aux robots d'interagir

sans di culté avec les humains en accomplissant des gestes dnanipulation de la vie de
tous les jours. La programmation par démonstration ou l'appentissage par imitation est

une approche prometteuse pour franchir ce cap. De maniére ppsée a l'apprentissage
direct des trajectoires des démonstrations, beaucoup de g@bléemes pour des applications
robotiques interactives requiérent un plus haut niveau de empréhension contextuel de
I'environnement. Cela nécessite d'apprendre les élémentavariants des démonstrations
qui peuvent étre généralisés a di érentes situations relates a I'environnement, comme la
taille et l'orientation des objects, le point de vue de I'obgrvateur, etc.

Dans cette thése, nous extrayons les motifs invariants destdchonstrations en utilisant des
modeles d'apprentissage probabilistes pour acquérir desmpétences de manipulation pré-
cise. Nous apprenons la densité de probabilité jointe des dnstrations avec unhidden
semi-Markov model et suivons la séquence d'états générée avec un contréleur daivi
linéaire quadratique Le modéle exploite les motifs invariants des démonstratios et adapte
le mouvement en fonction des situations de I'environnemenexterne, comme la taille, la
position et l'orientation des objets dans I'environnement Nous incorporons des données
sensorielles de grande dimension pour l'acquisition de cqrétences, en représentant les
démonstrations parcimonieusement, en utilisant des méthdes statistiqgues de partition-
nement en sous-espaces, et en exploitant les motifs de coimations dans ces sous espaces.
Pour adapter les modeles a la volée et/ou pour apprendre desonvelles compétences de
manipulation en continu a l'aide des données, nous formulaun algorithme en ligne de
partitionnement des séquences, non-paramétrique et adapble. Ceci est réalisé a I'aide de
modeéles de mixtures bayésiennes non-paramétriques a n dfiter les probleémes de sélection
du modéele tout en assurant la tracabilité en présence de pédis variations.

Nous exploitons les modeles génératifs développés pour desmpétences de manipulation
avec des véhicules opérés a distance via des communicatiaaellites, caractérisées par la
présence de délais dans la communication et possédant unenba-passante limitée. Un set
de modeles génératifs paramétrés par la tache est appris aniades démonstrations des
di érentes compétences de manipulation fournies par le télopérateur. Le modéle capture



Vi

d'une part l'intention du téléopérateur et, d'autre part, | 'assiste pour e ectuer des taches
de manipulations opérées a distance dans des situations o@rlvironnement est variable.
L'assistance est formulée autour d'un contrble partagé inélpendant du temps, ou le modéle
corrige continuellement le mouvement du bras opéré a distare sur la base de I'état courant
du téléopérateur; et/ou d'un contrble autonome dépendant d temps, ou le modéle syn-
thétise le mouvement du bras opéré a distance pour I'exécun autonome de la tache. Le
robot Baxter, muni de 2 bras, est utilisé commen plateforme déest pour la téléopération
semi-autonome. Avec ce robot, nous pouvons apprendre desngpétences de manipulation
comme ouvrir une valve, prendre et placer un object en évitarles obstacles, connecter des
cébles avec des tuyaux, placer un tournevis dans un emplacemt spéci que, ou accrocher
un mousqueton en4 a 8 démonstrations. Les techniques développées d'assistanaela
manipulation améliorent les performances du téléopératauet s'adaptent aux di érences
dans l'environnement pour exécuter des taches de manipulain a distance avec une bande
passante limitée et des délais dans la communication.

Mots clefs: modéles génératifs, apprentissage par interaction hommmaachine, chaines
semi-Markoviennes, partitionnement en sous-espaces, mglds de mixtures non-paramétriques

s1.2 2

bayésiens, apprentissage en continu, télérobotique, té&pération.
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Chapter 1

Robot Learning

Contents

1.1 Robot Learning Problems: An Overview ... ... ......... 3
1.1.1 Supervised Learning. . . . . . . . ... 4
1.1.2 (Inverse) Reinforcement Learning. . . . . . .. ... ... ....... 5
1.1.3 Unsupervised Learning . . . . . . . . . .. oo 6

1.2 Robot Learning for Teleoperation . . ... ... ........... 10
1.2.1 DexROV: Dexterous Remotely Operated Vehicle Operatins . . . . . 12
1.2.2 Proposed Semi-Autonomous Teleoperation Approach . . . . . .. .. 14

1.3 Thesis Contributions and Organization . . ... ... ........ 15

The world around us is going to change markedly with the use afobots assisting humans in
everyday tasks. Robots are envisioned to be part of our daillives in the form of wearable
devices, search and inspection robots, medical robots, uranned aerial vehicles/drones,
autonomous driving cars, warehouse management systems anthny other household and
industrial applications. Despite popular imagination, majority of the robots today are
limited to factories and assembly plants where they perfornprede ned tasks in a controlled
environment. Such robots can be dangerous to the co-workefsecause of their large size
and are typically separated by safety cages.

The next generation of robots relies on human-robot collab@tion to overcome the adap-
tation barriers in the real world. Sensing, actuation and irteraction technologies are at the
core to facilitate natural collaboration between humans an machines. Better and cheaper
sensors allow the robot to perceive the environment and regmd accordingly. The actu-
ation mechanisms and robot bodies are becoming more lightight and exible, allowing
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“soft' interaction with the environment in a reliable and safe manner. More and more on-
board computation is being performed on the cloud to make robts compact and modular
for deployment in real-world environments.

Among all these advancements, the problem of motor controlni robotics presents a basic
ubiquitous challenge because of the complex robot dynamichkigh dimensional sensory data
and unstructured environmental conditions. Despite e orts to build good dynamic models
and nd computationally feasible closed loop controllers,it is di cult to predetermine the
desired behaviour for every situation in terms of what the rdoot should do and what it
should not. Robot learning is a fundamental characteristic to achieve true autonomy in
robots. It enables a robot to acquire new skills from trainirg examples representing the
skill rather than directly programming them. Example of such skills include locomotion,
grasping, object tracking and so on. Most of the work in robotlearning is based on self-
exploratory autonomous learning a.k.a reinforcement learing [Sutton 1992 Peters 2008
Kober 2013 Kormushev 2013, model learning Nguyen-Tuong 2011 or imitation learning
for skill acquisition [Schaal 2003 Argall 2009, Billard 2016].

Learning from humans, also known as imitation learning or pogramming by demonstration,
provides a promising approach to facilitate robot learningin the most “natural' way. Instead
of hard coding/programming the robot to perform a task, the robot learns a new skill by
observing a human performing the task. The goal of the robots not to merely record
and replay the demonstrated behaviour, but to be able to germalize across new situations
of the task. The main challenges involved in robot learning fom demonstrations include
[Nehaniv 2004, 1) what-to-learn ~ acquiring meaningful data to represent the important
features of the task from demonstrations, and 2how-to-learn  learning a control policy
from the features to reproduce the demonstrated behaviour.

We broadly address what-to-learn and how-to-learn problemn the context of robot learn-
ing from human demonstrations in this thesis. We are interefed in quickly learning
manipulation tasks from human demonstrations by breaking hem down into meaning-
ful segments and sequencing them together to generalize ass di erent environmental
situations. The problem of segmenting the demonstrations &s been studied in di erent
contexts in various scientic communities, such as action @tection or activity recogni-
tion in computer vision (see Bpriggs 2009 Yeung 201§ for example); options framework
in the reinforcement learning community (see $tolle 2002 Krishnan 2017 for example);
sequencing primitives in robotics (seeHRastor 2012 Manschitz 201§ Medina R. 2017 for
example). We are interested in the generative modeling aspeof the demonstrations for
segmentation, recognition, and synthesis of robot manipuaition tasks. We study these
models in the context of task-parameterized models, under ich the demonstrations are
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Figure 1.1: Robots can acquire manipulation skills from huran demonstrations using
supervised learning, inverse reinforcement learning anat unsupervised learning.(images
adapted from https:// shutterstock.com)

observed in di erent coordinate systems describing virtu&landmarks or objects of interest
and the model is adapted according to the environmental chages in a systematic manner
[Wilson 1999 Calinon 2016 Tanwani 20164. In this thesis, we develop a family of these
models for acquiring dexterous manipulation skills. We ardnterested in recognizing the
intention of the user in the demonstrations and subsequenyl exploit these generative mod-
els to perform dexterous manipulation with robots that are far away from us by providing

assistance to the user. Our application speci c goal is to p#orm these dexterous manip-
ulation activities remotely in challenging underwater environments, inspired by how space
telerobotics have enabled us to operate the Curiosity roveon Mars from the control center

on Earth via satellite communication.

The chapter is organized as follows: we rst provide an ovenew of robot learning from
demonstrations in the context of this thesis. We then explan the application scenario of our
work for performing remote manipulation tasks by semi-autmomous teleoperation. Finally,
we provide an outlook to the remaining chapters and summarig the main contributions of
the thesis.

1.1 Robot Learning Problems: An Overview

Learning from demonstrations can be formulated in di erent ways depending upon the
underlying assumptions of the environment and the model. Leus denote , 2 RP as
the state of the environment at time t. The state may represent the visual observation,
kinesthetic data such as the pose and the velocities of the dre ector of the human arm,
haptic information, or any arbitrary features de ning the t ask variables of the environ-
ment. Given a set of datapointsf ,g[; over T time steps representingN demonstrations
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of performing the task under di erent initial conditions of the environment, the goal of
learning from demonstrations is to nd the policy or function that outputs the control

input uy 2 R™ at each time step such that the robot is able to execute the unerlying

task in a smooth manner. The control policy can be a function bthe current state of the
environment , and/or time t in an implicit or explicit manner. The problem of learning

this control policy from demonstrations can be formalized m three main ways depending
upon the underlying assumptions of the demonstrations (se€ig. 1.1).

1.1.1 Supervised Learning

In supervised learning problems, the learner is given traimg examples of the form of input-
output pairs f( {;y;)g=; where the outputy, may be discrete for classi cation problems
or continuous for regression problems. The input samples, are assumed to be drawn from
a xed probability distribution P( ;) and are mapped to predict the output samplesy; by
the function f : ;! vy,. The mapping can be deterministic,y; = f ( ;), or the output
samples can be stochastically obtained by computindg ( ;) + " where" is a white noise
added to the output.

Without loss of generality, we represent the function leared from training examples by
regressiony, = f( ; ) with parameter vector 2 RK. The parameters compactly rep-
resent the relationship between the input and the output sanples that allow prediction
for new unseen input data. Most common methods to estimate th function parameters
from training examples including Locally Weighted Regres®n (LWR) [ Atkeson 19971,
Locally Weighted Projected Regression (LWPR) Vijayakumar 2000], Gaussian Mixture
Regression (GMR) [Ghahramani 1994, Support Vector Regression$mola 2004, Gaussian
Process RegressionRasmussen 2006 An interested reader can see a unifying review of
these regression approaches irsfulp 2015. Two common encoding representations most
commonly used with supervised learning include

1) Time-Indexed Reference Trajectory: The input sequence can be described in
terms of a time-indexed reference trajectoryPeters 20083. The reference trajectory can be
translated into the control input u; using a proportional-derivative (PD) controller at each
time step [Miyamoto 199€], u; = K (’\t ), where, K 2 R™ D represents the sti ness
and damping gains and’\t = f (t; ) is the learned desired reference trajectory.

2) Dynamic Movement Primitives: The demonstrations are formulated as a set of non-
linear di erential equations with well-de ned attractor d ynamics |jspeert 2003. A DMP
consists of atransformation system and a canonical system where the transformation
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system exploits the attractor properties of a dynamical sytem for discrete or rhythmic
behaviour and the canonical system determines the “phasef the system functioning as
a substitute of time. The two systems are coupled with a nonthear forcing term that
modi es the attractor landscape of the dynamic system accating to the desired trajectories.
The advantage of this transformation is that time is implicitly embedded in the phase which
can be manipulated easily to control the evolution of the syem (for example, adding
coupling terms, phase resetting etc.) ljspeert 2013.

1.1.2 (Inverse) Reinforcement Learning

Humans are able to analyze their decisions in an abstract waypased on rewards and
penalties. Itis often easier to describe the demonstrationin terms of a score re ecting the
performance criterion of a skill, than to directly encode the demonstrations Mnih 2015].
For example, in order to learn the skill of swinging up a pendium and balancing on a
hand, it may be easier to assign a positive score only when thgendulum is balanced.

Such problems are formalized in the context of RL where the gl is to nd a policy

such that the sum of scores assigned to the states visited byhé learner are maximized
over some time horizon $utton 1992. The key dierence in this context compared to
supervised learning is that there is no xed distribution P( ;) from which the datapoints

are drawn and the learner is required to choose which datapuis to visit. Moreover, the

goal in reinforcement learning is to nd the sequence of datpoints that maximize the sum
of scores or rewards received while visiting the datapoinfscompared to minimizing the
loss function over the entire space in supervised learningiNote that solving the problem

now requires knowledge about the transition dynamics of theenvironment as well in order
to choose better control actions and visit datapoints with higher rewards.

When the human behaviour encapsulates such sequential de@n making based on rewards,
it makes more sense to transfer the underlying reward functin to the robot, instead of
directly imitating the demonstrated behaviour. The whole paradigm of RL is based on the
assumption that reward function not the policy is the most succinct and transferable
representation of a skill. Inverse reinforcement learnings motivated by the di culty to
specify the reward function in reinforcement learning [Ng 200Q Abbeel 2004 Ziebart 2008
Neu 2013. Even when a reward function is di cult to describe exactly, it is usually in-
tuitive to decide what the reward function must depend on as here are often multiple
criteria the learner should optimize for in the policy, e.g,in a car driving example, avoid
collision with other cars and pedestrians while driving asdst as possible and so on. Com-
bining these multiple desired criteria into one scalar rewed function is often non-trivial
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and results in a waste of time and data samples required to hahtune the parameters.
Compared to supervised learning approach of penalizing d&tions from demonstrations
using some regression technique, IRL extracts the reward fiction to acquire a compact
representation of the skill in the demonstrations and then poduces the optimal policy to
generalize in new situations.

Although attractive for better generalization in new situations for sequential decision mak-
ing problems, extracting the true reward function from demastrations is challenging due
to the ill-posed nature of the problem. Many reward functiors lead to the same opti-
mal demonstrations, for example, all demonstrations are dgmal for zero reward function.

Moreover, it is well-known that humans vary widely in performing sequential decision-
making tasks, possibly diering in their intentions or ways of gauging task-dependent
features. In chapter 2, we address the problem of rewards-driven learning from mitit

ple demonstrators with di erent underlying intention(s) o r strategies of performing a task
[Tanwani 20134.

1.1.3 Unsupervised Learning

In the unsupervised learning case, there are no labels or tgets for the training samples in
the demonstration. The goal of unsupervised learning is to mdel the underlying probabil-
ity distribution or density function of the demonstrations P( ;) from which the datapoints
are sampled in order to reveal the structure in the demonstraons.

With the increasing amount of high-dimensional sensory dat and multimodal interfaces
for skill acquisition in robatics, unsupervised algorithns aim to discover the patterns in the
data on their own that can be used for reasoning, decision matkg, prediction and so on.
Note that unsupervised learning is a considerably harder mblem than supervised learning
since there are no target output to learn from. Unsupervisedearning is most commonly
used to group the demonstrations into di erent segments/clusters, dimensionality reduction
and/or to learn the association rules from the demonstratims [Weber 200Q.

Generative models are most commonly used for unsuperviseedrning where the goal is to
train a model that can generate the data like the observed deonstrations. These models
learn the joint probability distribution of the data, in con trast to discriminative models

that directly learn the conditional probability distribut ion of the demonstrations as in
supervised learning problems. The most commonly used gemtive models include Gaus-
sian mixture models, Hidden Markov models Rabiner 1989, Naive Bayes Friedman 1997,

latent space models (Principal Component Analysis, FactorAnalysis) [Fodor 2003, Re-
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stricted Boltzmann machine [Salakhutdinov 2007, and Generative Adversarial Networks
[Goodfellow 2014. All these models can be seen as an instance of a basic getieeamodel
[Roweis 1999. In contrast, common discriminative models include Logitic regression, Sup-
port Vector Machines, Maximum Entropy Models, Conditional Random Fields, and Neural
Networks. Other approaches such as semi-supervised leangi are also gaining popularity
now in problems where only a few datapoints are associated thitarget outputs [ Zhu 2009.

The major focus of this thesis is on learning and reproductio of manipulation skills with
generative mixture models. Gaussian mixture models (GMMSs) are widely used to
encode local trends in the demonstrations. For example, thelemonstrations can be en-
coded as a state-dependent autonomous dynamical system ¢i@pendent of passing time)
of the form _= f( ; ) [Khansari-Zadeh 201]. Hidden Markov models (HMMs)
encapsulate spatial and temporal information by augmentiy a GMM with latent vari-
ables that sequentially evolve over time in the demonstratbtns. HMMs are widely used
for time series/sequence analysis in speech recognitionachine translation, DNA sequenc-
ing, robotics and many other elds [Rabiner 1989. HMMs have been typically used for
recognition and generation of the movement skills in robotis [Asfour 2008 Calinon 201Q
Lee 2010h Vakanski 2013. Several shortcomings of encoding with HMMs have been
pointed out in the literature, including: 1) how to bias learning towards models with longer
self-dwelling states, 2) how to robustly estimate the paramters with high-dimensional noisy
data, 3) how to adapt the model with newly observed data, 4) hav many states should the
model possess.

In this thesis, we present several alternatives to make roldidearning with generative mix-
ture models suitable for encoding and decoding of real-watlrobot manipulation tasks
under varying environmental situations.

We build upon Hidden semi-Markov models (HSMMs) that replace the self-transition
probabilities of staying in a state with an explicit model of state duration [Yu 2010]. This
helps to adequately bias the generated motion with longer stte dwell times for skill acqui-
sition. We show representations with di erent sensory encdings and exploit the variability
in the demonstrations with a linear quadratic tracking (LQT) controller during repro-
duction [Tanwani 20164.

We perform segmentation and dimensionality reduction simitaneously with subspace
clustering methods to impose a parsimonious structure on the covariamc matrix and
reduce the number of parameters that can be robustly estimad. We learn the model
in latent space based on statistical decomposition of the sariance matrix, and exploit
coordination patterns and synergistic directions for scadble and e cient skill encoding of
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Figure 1.2: Generative model formulations developed in théhesis for robot learning prob-
lems on Z-shaped data: (top-left) demonstrations encoded with a hidden semi-Markov
model and decoded with a linear quadratic tracking controler (Chap. 3), (top-right) the
movement data is encoded in latent space for parsimonious peesentation and better gener-
alization (Chap. 4), (bottom) Bayesian non-parametric scalable online sequence clustegi
of the demonstrations (Chap. 5).
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Task-Parameterized Models
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Figure 1.3: Task-parameterized formulation of generativanodels for robot learning (Chap.
3 5). The demonstration on left are observed from the coordinat systems that move with

the object (starting in purple position and ending in green sition in each demonstration)

and the generative model is learned in the respective coomtte systems. The model
parameters in respective coordinate systems are adapted tbhe new unseen object positions
by computing the products of linearly transformed Gaussianmixture components. The

resulting HSMM is combined with LQT for smooth retrieval of manipulation tasks.

the demonstrations [Tanwani 20164.

Bayesian non-parametric  treatment of these clustering problems provides exibility
in model selection by maintaining an appropriate probabilty distribution over parame-
ter values with in nite number of states. Although attracti ve for encapsulatinga priori
information about the task, the computational overhead of isting sampling-based and
variational techniques for inference limit the widespreaduse of these models. Recent anal-
ysis of Bayesian non-parametric mixture models undesmall variance asymptotic(SVA)
limit has led to simple deterministic models that scale wellwith large size applications
[Kulis 2012, Broderick 2013. For example, as the variances of the mixture model tend
to zero in a GMM, the probabilistic model converges to its deérministic counterpart, k-
means, or to its non-parametric Dirichlet process (DP) vergon, DP-Means Kulis 2012]. We
formulate online learning algorithms of Bayesian non-pararatric mixture models, namely
Dirichlet process Gaussian mixture model (DP-GMM), Dirichlet process mixture of prob-
abilistic principal component analysis (DP-MPPCA), and hierarchical Dirichlet process
hidden semi-Markov model (HDP-HSMM). Applying SVA limit yi elds a scalable online
sequence clusteringSOSC) algorithm which allows the model to readily adapt onine with
streaming high-dimensional data Tanwani 2016k Tanwani 20164.

An overview of these models can be seen in Fid..2 A task-parameterized formulation of
these models is used to make the model invariant with respedb changing environmental
situations such as position/size/orientation of the objeds (see Fig. 1.3 for an overview
of the invariant task representation method). This allows ws to e ciently encode and
synthesize motion for skill acquisition with a few expert denonstrations in an invariant
manner.
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1.2 Robot Learning for Teleoperation

Teleoperation provides a low cost solution to o oad tedious work from humans and reach
distant and/or hazardous environments. Teleoperated robts are going to increasingly as-
sist humans in performing everyday life tasks as diverse asimmally invasive surgeries,
security/surveillance, telepresence, warehouse managemt, remote patient monitoring, in-
spection/exploration in deep underwater or space missions

Teleoperated robots are traditionally based on master-si&e architecture where the tele-
operator (master) transmits position/force to the robot (slave) in a unilateral mode, or
transmits and receives position/force via bilateral communication (see Niemeyer 2008 for
a detailed review). Bilateral teleoperation uses a haptic iterface to make the operator
feel a particular impedance relative to the slave position othe force recorded between the
slave and the environment. Despite the simple mechanism, leoperation requires skilled
personnel to remotely operate the robot, while having limied access to the controllable
degrees of freedom and the sensory feedback. Moreover, sty issues arise in handling
environmental uncertainty with communication delays between the teleoperator and the
robot. This has motivated several control theoretic solutbns such as scattering approach,
wave variables, passivity based control, multichannel fetback and model prediction based
control to deal with delayed force re ections Hokayem 2006. Modern day teleoperation
systems use additional interfaces such as exoskeleton amu/head mounted display to
increase the sense dklepresencein performing the task [Sheridan 1995 Zhang 20117.

The teleoperator controls the remote robot using either: 1)direct control, 2) shared con-
trol, or 3) supervisory control. Direct teleoperation lacks the autonomy/intelligence to
assist the operator and the remote robot simply mimics the meement of the teleopera-
tor. Shared control ne-tunes/complements the continuoudy streamed teleoperator data
by local sensory feedback on the remote side. For constraidenanipulation tasks, virtual
xtures have been used to reduce the operator workload by in uencinghe robot motion
along desired paths Rosenberg 1993Abbott 2007]. Supervisory or autonomous control
gives local autonomy to the remote robot to execute manipultion tasks in the presence
of large communication delays. It makes use of predictive dplays and high-level symbolic
commands of atomic structure (such as reach, grasp, etc.) tbreakdown a task in smaller
subtasks Bheridan 1992 Yoerger 1987.

Robot learning from demonstrations is a promising approacho assist humans in perform-
ing daily life tasks. In this context, advancing autonomy in teleoperation addresses two
main problems: 1) predicting the operator's intent while performing the task, and 2) decid-
ing how to assist the teleoperator. Both aspects are closelelated in cooperative robots
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for human-robot collaboration [Rozo 2016, and in general describe what-to-imitate and
how-to-imitate problems in programming by demonstration. Depending upon how the
word intention is phrased, a vast amount of literature exists to encapsula the behaviour
of the operator and subsequently, decode it for assistancelor example, predicting the
user intent can be posed as a classi cation problem of reaaij a particular goal position
in a prede ned set of goals Yu 2005. Alternatively, the user may be assumed to maximize
an unknown reward function, to be ascertained by inverse reforcement learning (IRL).
Dragan and Srinivasa formulated a policy blending mechanis to combine the teleoperator
intention with the robot movement using IRL [ Dragan 2013. In cognitive science, Bayesian
models are more commonly used to incorporate uncertainty inecoding the user behaviour.
Hauser in Hauser 2013 inferred the type of task performed by the user with a Bayesia
Gaussian mixture auto-regression framework, and followethe predicted trajectory with a
cooperative motion planner.

Generative models such as Hidden Markov Models (HMMs) have den widely used to in-
terpret human intention as performing a discrete set of task/subtasks with common low
level sensory observations. The use of hierarchical reper#tations [Aarno 2009, or sets of
dynamic models for the subtasks sequenced together with a Meov chain [Pentland 1999,
have been investigated to describe several human behaviaurLi et al. used virtual xtures
with a HMM to segment if the user intends to follow a periodic notion curve, not follow
the curve or stay idle [Li 2003]. Nolin et al. in [Nolin 2003 investigated settings of discrete
compliance levels with a HMM, namelyf toggle; fade; holdg, to assist the user in following
the virtual xture based on his/her demonstration. Roila et al. presented probabilistic vir-
tually guided xtures for assistance [Raiola 2015. Medina et al. perform task segmentation
with an HMM and incrementally update its parameters during reproduction to progres-
sively increase the collaborative role of the robot in perfoming the task [Medina 2011].
Wang et al. infer the probability distribution over intentions from th e human observations
in the latent state of a Gaussian process dynamical modelWang 2013. Maedacet al. rec-
ognize the phase/stage of human movement from intermittentobservations under di erent
possible speeds and plan a collaborative trajectory for theobot [Maeda 2015.

Improving autonomy in teleoperation, however, poses all kid of challenges to the existing
technigues due to limited bandwidth, communication lateng, and environmental di er-
ences between the teleoperator and the remote sites. Advang the state-of-the-art in
teleoperation is the central focus of many research prograsy including DARPA Robotics
challenge and NASA Space Robotics Challenge, and is the magpplication scenario of
this thesis.
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Figure 1.4: DexROV high-level architecture (left) the teleoperator and the remote sites
are located in di erent parts of the world and linked over satellite communication; (right)
the teleoperator performs the skill in the control center with a wearable exoskeleton in
the virtual environment and the remote ROV manipulator arm performs the skill in a
semi-autonomous manner to mitigate the e ect of communicaion delays.

1.2.1 DexROV: Dexterous Remotely Operated Vehicle Operati ons

Many useful robotics applications require performing task in environments that are not
friendly for humans. One typical example is underwater actvities, ranging from inspection
and maintenance of underwater cables and pipelines, to undeater archaeology and marine
biology. There has been a boom in underwater remotely operatl vehicles (ROVs) over
the past few years. Nonetheless the cost of using ROVs is s$tirohibitively high for wider
adoption, as currently ROV usage still requires substantiao -shore support to handle and
operate the robotic platform. One of the main limiting factors is that a large o -shore crew
is required to supervise and teleoperate the ROV directly fom the support vessel. This is
mainly due to the need of direct teleoperation, i.e. the opeaator receives visual feedback
from an array of cameras on the ROV and accordingly uses a sef buttons, knobs and
joysticks to guide the motion of all, body and arm(s), degres-of-freedom (DoF) of the ROV.
This cost can be reduced by moving the support and teleoperan team to an on-shore
facility and communicating with the ROV remotely. Current s atellite communications
technology su ers from large latencies and deems traditioal direct ROV teleoperation
infeasible.

The European Commission 2020 project DexROV Dexterous ROV operations in the
presence of Communication Latencies aims to work out more a@st-e cient and time-
e cient ROV operations by: 1) far distance teleoperation with fewer o -shore personnel in-
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volving variable communication latencies to mitigate, and2) dexterous manipulation assis-
tance capabilities bene ting from context speci ¢ human skills [Gancet 2015 Gancet 2018.

Existing ROV based operations are preferred to diver basedperations as the depth at

which divers can work rarely exceedsl00 meters, however, the operations performed by
ROVs are rather limited. We seek to teleoperate ROVs at a degt of around 1300 meters

while using human expertise to perform dexterous operation The overall conceptual ar-
chitecture is shown in Fig. 1.4. The setup is distributed on two sides, described in the
next two subsections.

1.2.1.1 Remote Site

On the o shore side, a vessel (with reduced crew) is tied to a RV by a tether and equipped
with a satellite communication link. The ROV is provided wit h an underwater perception
system that facilitates: 1) online accurate and reliable naigation of ROV and mapping
of the environment to facilitate safe operations relative b subsea installations and other
structures [P ngsthorn 2016], and 2) online object detection, recognition, modelling,and
tracking for semi-autonomous teleoperationPathak 201J. The ROV is mounted with two
6 degrees of freedom electric manipulator arms each possesgia hand with three nders
and 2 active degrees of freedom for grasping a wide range of objectMoreover, the arms are
equipped with a set-based control to incorporate multiple aisk priorities while performing
the task [Antonelli 2015, Simetti 2017]. Before performing a manipulation task, the ROV
stations in front of the manipulation test-bed to enable theteloperator to remotely perform
the task in a stationary manner.

1.2.1.2 Teleoperator Site

On the onshore teleoperator side, the monitoring and contriocenter allows remote supervi-
sion and teleoperation of ROV to perform dexterous manipuldon tasks. The teleoperator
is mounted with intuitive sensory interfaces including a face-feedback exoskeleton and
virtual reality headset to immerse the teleoperator in the atual environment. The commu-
nication between onshore and o shore side is handled usingtellite communication with
Cobham Sailor 800 3axis stabilized and tracking Ku band antenna. The upper linit of
forward (onshore to o shore) bandwidth is 256 Kbps and return (o shore to onshore) band-
width is 768 Kbps hosted by VSAT communication provider Omniaccess Gancet 201§.
Large communication delays with satellite communication ender direct teleoperation in-
feasible and need semi-autonomous capabilities of the retedy operated vehicle to carry
out manipulation tasks.
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Figure 1.5: (top) generative model locally recognizes the intent of the telgmerator and pro-
vides manipulation assistance(bottom) teleoperation mock-up with the two-armed Baxter
robot where one arm is used as input device for the teleoperat and other arm is used to
perform remote manipulation tasks.

1.2.2 Proposed Semi-Autonomous Teleoperation Approach

With limited communication bandwidth and communication latency in transmitting and
receiving data between the teleoperator and remote sites,uo goal is to develop semi-
autonomous capabilities to the remote arm so that it can coninue to perform the assigned
task on its own till further communication is established with the teleoperator. We develop
a novel teleoperation solution from the demonstrations preided by the teloperator within
which no direct teleoperation is required but control is loally handled (onboard) using a
probabilistic representation of task/skill primitives. Such a representation can adapt to
changing task parameters and is robust against intermittebh communication. We apply
our algorithms to create a library of skills models constitiing the cognitive enginethat is
used to detect the intention of the teleoperator and subsegently, assist the teleoperator in
performing remote manipulation tasks. The learned model peameters are rst transmitted
to both the teleoperator side and the robot side. The task paameters on the robot side
can then update the model of the skill at fast pace by local sesing, without requiring the
transmission of this change to the teleoperator.

The cognitive engine receives input from the teleoperatorhat drives the robot arm in the

local virtual reality environment without having to worry a bout the transmission delays.
On the remote site, the generative model is used to syntheszthe arm movement without
disruption and limited synchronization between the teleogerator and the remote site. The
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Robot
(remote)

valve opening pick-and-place with hot stabbing screw-driver snapping carabiner hooking
obstacle avoidance

Figure 1.6: Examples of manipulation skills learned with the task-parameterized generative
models.

model locally anticipates which actions and/or regulation feedback policies to adopt until
a new command or sensory information is available.

We formulate time-independent shared control and time-depndent autonomous control
formulations of the developed task-parameterized generae models to assist the teleoper-
ator in performing remote manipulation tasks in Chap. 6. In the time-independent shared
control mode, the control is shared between the teleoperatoand the remote site and the
model corrects the remote arm movement based on the currentate of the teleoperator;
whereas in the time-dependent autonomous control mode, wample the sequence of states
to be visited for the next time horizon and the model generats the movement of the remote
arm for autonomous task execution. Note that we only provideassistance in regions that
have been explored by the demonstrations during the learnip phase.

We use the two-armed Baxter robot as a mock-up of the teleopet@n system, i.e., one arm
becomes the input device for the teleoperator, and the otheone is used for performing the
manipulation task. The operator controls/teleoperates the remote arm with a simulated
delay using the other arm by getting visual feedback from theremote arm. A set of
kinesthetic demonstrations of the teleoperator is used togach the robot how to perform
each task. We leverage upon probabilistic generative modelto understand the intention
of the teleoperator and assist the movement on the robot sidender varying environmental
situations in performing a set of skills. Our key performane indicators are to: 1) reduce the
cognitive load of the teleoperator for routine tasks, 2) caer for environmental di erence
and communication delays in performing remote manipulatio tasks, and 3) reduce the
time of operation of the teleoperator in performing the task

1.3 Thesis Contributions and Organization

Below, we summarize the main contributions and describe the ark ow of this thesis:
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Learning Multiple Skills with IRL: We rst learn multiple skills from demonstrations
in the inverse reinforcement learning setting in Chapter2 where the demonstrations are
driven by di erent reward functions. We enclose the demonstations in a convex set of
optimal deterministic policies and use transfer of knowlede to bootstrap the learning of
new skill. The challenges in scaling the approach to high-diensional continuous spaces
lead us to encoding the skills with generative models as deitg estimation problem in the
subsequent chapters. The work on making reinforcement anahverse reinforcement learning
suitable in continuous domains is carried out with externalcollaborators for various robot
learning applications and can be read independently from tb remainder of the thesis.

Task-Parameteriezd Hidden Semi-Markov Model for Skill Acq uisition:  In Chap-
ter 3, we present hidden semi-Markov models for learning and repduction of robot ma-
nipulation tasks. Task-parameterized formulation of the nodel allows us to systemati-
cally adopt the model parameters with changing environmerdl situations such as posi-
tion/orientation/size of the objects, and generalize better in previously unseen situations.
The planned movement sequence from the model is combined Wwitinear quadratic tracking
for autonomous reproduction in changing environmental smations.

Scalable Generative Models in Latent Space: We investigate parsimonious repre-
sentation of the demonstrations in latent space for robustéarning and adaptation of robot
manipulation tasks in Chapter 4. We make use of the spatial and temporal correlation
in the data by tying or decomposing the covariance matrices fothe mixture model with
common synergistic directions/basis vectors, instead ofstimating full covariance matrices
for each cluster in the mixture. This allows us to exploit the coordination patterns along
important synergistic directions and reuse the discoveredynergies in di erent parts of the
skill having similar coordination patterns. The resulting task-parameterized generative
model is data e cient and o ers better generalization with m uch less parameters than
mixture models with full covariance matrices.

Bayesian Non-Parametric Online Learning with Generative Mod els: In order
to learn new manipulation skills on the y from the demonstrations and/or to adapt the
above generative models online with the streaming data, weralyse the above Bayesian
non-parametric formulations of the mixture models under small variance asymptotics in
Chapter 5. The analysis yields a non-parametric task-parameterizedcalable online se-
guence clustering algorithm for learning and reproductionof high-dimensional robot ma-
nipulation skills from streaming data.

Manipulation Assistance in Teleoperation: These task-parameterized generative
models constitute the core ofcognitive enginein DexROV, responsible for providing as-
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sistance to the teleoperator for performing remote manipwdtion tasks. We present prob-
abilistic formulations of the model to capture the intention of the teleoperator and subse-
qguently, assist the teleoperator by time-independent shad control and/or time-dependent

autonomous control formulations of the model in Chapter6. In the shared control mode,
the model corrects the remote arm movement based on the cumestate of the teleopera-
tor; whereas in the autonomous control mode, the model genates the movement of the
remote arm for autonomous skill execution. We evaluate the erformance of our approach
under several key performance indicators to quantify the improvement of the teleoperator

in performing remote manipulation tasks.

Our developed approaches allow us to perform challenging mipulation tasks by semi-
autonomous teleoperation in as few agt 8 demonstrations, including opening a valve,
pick-and-place an object by avoiding obstacles, insertindnot-stab plug into a receptacle,
tracking a moving target with a screwdriver, and hooking a caabiner (see Fig.1.6). These
manipulation tasks constitute the routine tasks performedmanually by the teleoperator
with underwater ROVs.
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Reinforcement learning (RL) has found a large variety of appcations to describe sequential
decision making problems in which the reward/feedback fronthe environment is used to
guide the action-selection process of the robot/learner. ri contrast, inverse reinforcement
learning (IRL) aims to nd the reward function given the opti mal behaviour of the learner
in the environment. Given the optimal set of demonstrationsand the underlying transition
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dynamics model, the goal is to nd the reward function that is being maximized in the
demonstrations. Contrary to supervised learning problemsIRL problems leverage upon
the problem structure in the reward function and transition model to estimate the control
policy that drives the demonstrator.

IRL provides an interesting approach to learning task moded from demonstrations by rst
inferring the intention of the demonstrator in the form of a reward function and then
optimizing the reward function to derive the control policy for the robot. The paradigm
of IRL is based on the assumption that the reward function na the control policy
(demonstrations) is the most succinct and generalizable epresentation of the task.

In this chapter, we rst brie y review the fundamentals and i mportant methods of solving
RL/IRL problems. The challenges in its design will lead us topresent our methodology
of learning from multiple demonstrations which can incrematally incorporate multiple
reward functions and transfer knowledge to speed up the leang of multiple strategies
for the robot to perform the task. Following that, we move to RL/IRL in continuous
domains and present solutions to address existing limitatins in rewards-driven learning
from demonstrations paradigm.

2.1 Background and Related Work

Reinforcement learning is a trial-and-error method drivenmainly by feedback from the en-
vironment or rewards [Sutton 1998. The basic procedure of reinforcement learning starts
with the environment being initially in some state. The leamer, or the agent/robot, inter-
acts with the environment by taking an action (the only way an agent can interact with
the environment). The state of the environment changes dued that action and the agent
gets some reward as feedback. Then the agent observes the nstate and repeats the
procedure again. During the successive iterations, the agealso tries to modify its policy
of interaction with the world with an aim to maximize the rewards obtained. Since the
agent learns to interact with the environment - this type of learning is in essence online.

The interaction between the environment and the learner is aptured in a Markov Decision
Process (MDP) represented by a tuple< S;A;Psa; ; R >, where S is a nite set of N
states; A is a set ofM actions that the learner can take in a given statePs5:S A S|

[0; 1] describes the transition dynamics of the environment, i.e.Pg, , P(SO; a;s) is the
probability of transitioning to state s° after taking actiolg a in state s; the initial state
Sg is drawn from the initial state distribution with s s = 1; 2 R! [0;1) is
the discount factor to control the e ect of rewards obtained in future; rg is the reward
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perceived in a given states. Rewards are obtained by a linear combination of a set of
known features,rs = w> s, where ¢:S! RF denote the mapping from states to a set
of F task-dependent featuresw 2 R[F 1.1 @and kwk; 1 de ne the relative weights of the
features. Di erent weights for the features yield di erent rewards while interacting with
the environment.

A policy 2 de nes the mapping from state to actions. A policy can be detaministic,

s . S! A, inwhich case each state is mapped to a unique action, or a goy can be
stochastic_in which case each state is mapped to a distributih over actions, s3:S Al
[0;1]and , sa=1. A stochastic policy represented as a convex combination afptimal
deterministic policies is called a mixed policy. A mixed pdky is executed by selecting the
optimal deterministic policy ; att =0 in the set with probability i( i 0; i=1),
and following it for the rest of the time.

The value function Vg : S! R measures the expected value of discounted sum of rewards
that the agent gains starting from state s and following policy ,

n X o]
V, = E Yrgjst = s;a= g ; (2.1)
t=0

where,s;v1 P (sy)andP S S [0; 1], is the transition dynamics after xing action
in each state according to policy , T is the horizon or range of the sequence of states
and actions mapped in future given the current state. When sarting from the initial state
distribution g, the value of a policy reduces to a scalar de ned by:V s sVs (note
that we dropped the s in the subscript). The quality of a policy may also be evaluaed
using the action-value function Qg., : S! R in case the transition dynamics are unknown,

n X o]
Qsa=E rejst = s;a = aja= g (2.2)
t=0
The goal in RL is to adjust the policy vector such that the future discounted rewards
received on average during its course of actions are maxinéd. A policy is optimal for
the MDP if it satis es

= arg mé';lx A (2.3)

Similar to how the value-function gives an expectation overewards in the long run, feature
expectation vector, ¢ :S! R", corresponds to the discounted sum of the features as the

, e, ¢ = Ef tT:O t «JSo = s;a = (st)g. Note that the reward function is linear
in features, the value-function is also linear in feature egectations, parametrized by the
same weight vectorw, i.e., V; = w> ¢ and similarly for the initial state distribution,
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P
V =w ,where = s s-

The demonstrations performed by the human/expert is represnted by its fea-

ture expectation vector E. Given the sequence of visited statesD B =
f(sg);ag));(s(l');a(l') ;:::;(SQ);aQ))gi’V:'1 and the corresponding features oveiM demon-
strations f g'o); g'l); . g'T) g{\il, an empirical estimate of the feature expectation of the

demonstrator can be computed as

xXn X
nE = % v (2.4)

i=1 t=0
The goal of IRL is to nd the reward function parameters w such that the resulting
optimal policy of the learner | yields the same rewards or value as observed in the
demonstrations (assuming the demonstrations to be optimaJ i.e.,jV € V Ltj<" 1, where
"1 is a small positive number. The demonstrations and the trajetory samples obtained
from the transition dynamics after xing the learner policy | are compared to evaluate
the estimated reward function.

The rst treatment of IRL used a linear program to recover the unknown reward func-
tion under the constraint that the demonstrations are drawn from some optimal policy
[Ng 200Q. Abbeel and Ng in [Abbeel 2004 gave formal guarantees required to match the
performance of the learner with that of the demonstrator meaured in terms of policy val-
ues. They present two algorithms based on the idea ahatching feature-expectation
vectors with same performance guarantees. The feature-egptation matching algorithms
return the learner's policy | for a given expert strategy such thatk E L ks "1,
thereby yielding the same performance as that of the demonsitor,

VE Vi = w( E Y) (2.5)
k szk E "kg
1"y

where the rst inequality follows from Cauchy-Schwarz inequality: jx*yj k xkzkyks. The
expression shows that IRL can be simplied to nding that optimal policy for some re-
ward function whose feature expectation is same as that of # demonstrator. Syed and
Schapire in Byed 2008 proposed agame-theoretic approach  to nd a policy (and the
corresponding reward function) on the pareto optimal curvethat performs at least as well
as the demonstrator, thereby, allowing imperfect demonstitions. Howard et al. used this
approach for transferring impedance from human to a robot am [Howard 201Q. Ratli
et al. introduced the max-margin formulation under which the demonstrated policy
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samples perform better than all other policies by a margin Ratli 2006 ]. The approach
was extended to LEARCH LEArning and seaRCH in order to hand le non-linear reward
functions [Ratli 2009 ]. Ramachandran and Amir in [Ramachandran 2007 presented the
Bayesian formulation  to maximize the posterior probability of the reward function given
the observation sequences parametrized by the reward furioh (see also INeu 2012 and
[Mombaur 2014 for IRL as parameter estimation problem). Similar to Bayesan formula-
tion of IRL, policies with higher rewards are exponentiallymore favoured in themaximum
entropy formulation and equivalently, policies with equivalent rewards have equal proba-
bilities [Ziebart 2009, i.e.,
¥ o1 QI (A ¢

R = R ; (2.6)

PD Ejw)= -6 - :
i:lZ i=1 e’ d i=1 ev d

<
m
1

where the denominator of this distribution is called the partition function and it be-
comes computationally intractable for even moderately hip-dimensional spaces. The
optimal value of the reward function parameters w can be obtained by maximizing
the log-likelihood of the observed demonstrations in the mamum entropy formulation,
w = argmax,, logP(D Ejw). The maximum entropy formulation gained a lot of popu-
larity after its formulation, and a number of bottlenecks of IRL have been addressed using
this formulation.

Thus far, we made a number of assumptions in our formulation taddressed IRL algorithms,
including: 1) the intention (underlying reward function) i s same in all the observed demon-
strations, 2) there is an oracle that yields the optimal polcy samples for each candidate
reward function in an inner loop, and 3) the transition dynamics of the environment is
known.

In our work presented below Tanwani 20134, we relax the limitation of having the same
reward function in all the demonstrations. Note that learning the underlying reward func-
tion from demonstrations is an ill-posed problem as many fdare combinations yield the
same optimal policy. For example, settingw = 0 would yield the same value irrespec-
tive of the underlying policy. This often leads to careful emgineering of the features to
get a meaningful reward function and the resulting optimal mlicy. On the contrary, we
are interested in learning multiple ways of performing a tak by observing several experts’
demonstrations that are driven by di erent reward functions. A naive way of learning
each reward function separately would signi cantly increse the computational overhead
of nding optimal policies. To circumvent this computation al burden, we exploit the fact
that all the demonstrations share the same transition dynanics and only di er in the un-
derlying reward function. This allows us to transfer the leaned experience and bootstrap
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incremental learning of multiple policies.

2.2 Learning Reward Function(s) in Discrete Domains

It is well-known that humans vary widely in performing sequential decision-making tasks,
possibly diering in their intentions or ways of gauging task-dependent features. This
di erence is a fundamental trait of natural selection that contributes to tness and survival
of an individual in changing environments. Consequently, here are often several useful
ways of performing a task and how one assesses multiple crii in a given situation yields
the goodness of a decision. For example, a demonstrator mayve preference to drive fast,
overtake other cars and stay in left lane, while other demortsator may want to drive slow
and keep safe distance from other cars. In the case of throwgna ball to another person,
the demonstrator may want to throw the ball very high, while other demonstrator may
want to roll the ball along the oor. Despite these scenarios most of the previous work in
IRL assumes a single demonstrator having the same intentiom all the demonstrations
albeit with a few exceptions. In Babes 201}, the authors use an expectation-maximization
approach to cluster similar strategies in the demonstratios where the number of clusters
de ned a priori represent the number of reward functions. Dmitrakakis and Rothkopf
[Dimitrakakis 2012] present a Bayesian approach to learn multiple reward functins by
considering joint prior on reward functions and policies. @oi and Kim in [Choi 2017
present a non-parametric Bayesian approach using the Diridbt process mixture model to
learn multiple reward functions. In contrast to the above wak, we take a direct geometric
approach to learn a convex set of optimal policies enclosingll the demonstrations. This
allows us to e ciently match any previously unseen expert strategy drawn from this set.
Moreover, our method of learning multiple strategies is in,emental and allows transfer
of knowledge; contrary to all the aforementioned batch leaming approaches for multiple
reward functions. In this section, we rst formalize our problem statement and present our
multiple reward functions learning approach and then explin the transfer of knowledge to
speed up the learning process.

Let p be the set of all deterministic stationary policies availalle to the robot/learner
in a MDP as possible ways of executing a task. Each policy pasdy gives a dierent
feature expectation , among which the optimal ones maximize the value of a policy
V for some reward functionw. The set of feature expectations *; 2;:::; ¢

( p) that are maximal for some w de nes a convex hull Cd ( p)g in the feature
expectation space. Ideally, we would like to learn all the oppmal policies over this convex
hull so that the learner can readily replicate any demonstréor by appropriately choosing
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among the optimal deterministic policies for the correspoding reward function. Note
that the deterministic stationary policies of p alone do not constitute all the feasible
strategies in the feature expectation space. For examplef the expert is sub-optimal,
the feature expectation vector lies within the convex hull ¢ optimal deterministic policies.
Alternatively, if an expert performs the demonstrations ogimally with respect to di erent
reward functions ( rst episode with some reward function, and second episode with another
reward function), the feature expectation vector also lieswithin the convex hull of optimal
deterministic policies. Here, we assume that the demonsttens are always optimal either
in a deterministic or a stochastic manner. We do not limit an pert to be optimal or
nearly-optimal in a deterministic way; otherwise we could slect one optimal deterministic
policy with feature expectation i lying on the convex hull that is closestto E. We only
require the demonstrations of an expert to lie within the comwvex hull of feature expectations,
and approximate such an expert strategy with a mixture of optmal policies.

However, learning all optimal policies in p is in general intractable with its cardinality
i pj= AS. Moreover, not all the policies in the set lead to practicaly useful description
of a task. For example, in the case of the ball throwing examg, there will be a range
of parameter values ofw for which the ball may not even reach the user or the car may
hit other cars. We rely upon the experts' demonstrations to €arn useful policies only in
a tractable manner. Let us denote g as the set of deterministic policies of the demon-
strators wherej gj j pjingeneral. Let (  g) be the set of probability distributions
(unknown) over the set g from which the demonstrators draw a nite number of strategies
Ei; E2;:::;  En as possible useful ways of demonstrating a task to the learneThe
goal of the learner is to approximate the demonstrated straggies as A1; Az;:::; An
belonging to the probability distribution set (  a), where A contains the optimal deter-

be able to approximate any new demonstrated strategy drawnrbm (  g)!. The learner
does so by nding the set of deterministic policies » that is used to generate a mixed
policy for matching any demonstrated strategy by drawing fom the associated distribution
such that the performance of the learner is at least as good abat of the expert with a
tolerance of"q:

V.E VA T (2.7)

where"s 0, o ( a), e ( g) andthe demonstrator's reward function (weight
vector) is unknown in the demonstrated strategy.

LFor testing, we draw the new demonstrator strategy by convex combination of already experienced
strategies Ei; E2;:::;  En,
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Figure 2.1: Learning multiple reward functions with IRL using the projection algorithm:
(top-left) feature expectations of expert strategies(top-right) optimal policies learned for
rst expert strategy, (bottom-left) incremental learning of next expert strategy, (bottom-
right) convex set of optimal policies enclosing all expert stratags.
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2.2.1 Multiple Reward Functions

Our problem formulation applies to all the feature matching approaches described above
for learning multiple reward functions. Here, we build uponthe projection algorithm
[Abbeel 2004 for learning multiple reward functions. The projection algorithm works by
iteratively nding an optimal policy  for the reward function, rl = w3 , in each iteration

i =1:::T, starting from some randomly chosen reward function paranters. The reward
function w; is updated by a projection mapping ; that gradually reduces the norm of
the weight vector until the weight vector changes no more andthe learning converges
(see Algorithm 1). At the end, the point  E is guaranteed to be close to the convex
hull of the feature expectation set of intermediate policis, *; 2;:::; T, with A
being the closest point in that convex hull to E. Mixed policy # is generated by a
convex combination of intermediate policies. It can be show that the mixed policy 4
which performs approximately as good as the demonstrator ¢cabe generated inO(T logT)
iterations.

After computing the feature expectation set *; 2;:::; T corresponding toT itera-
tions of the projection algorithm for the demonstrated strategy  E1, the initial weight
vector for  Ez is selected along the line connecting E2 and the closest possible feature
expectation achievable from the set *; 2;:::; 7T to E2. For the j-th demonstra-
tor, the initial weight is computed as: w = fi u, where u is obtained from the
feature-expectation set as

min k Ei ko s.t. (2.8)

_ (T ) i (T i) 4. ) .
i:1J i ) i:1J i =1, i 0

Note that if kwky<" 1 after the above optimization, the algorithm terminates in the rst
iteration as  Fi can already be estimated from the existing feature expectain set of the
learner.

2.2.2 Transfer Learning in Optimal Policy Search

There are two main issues in learning multiple reward functbns with the feature-matching
approach: 1) it is computationally expensive to nd an optimal policy for a given reward
function with weight w, and 2) the number of deterministic policies in the set A can grow
arbitrarily large for matching all the demonstrated strategies. Consequently, the learner
seeks to: 1) reuse the previously learned policies to achieaster learning with the new
reward function parametersw, and 2) store only distinct policies (we call them"-better
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policies) that are possibly optimal for a wide range of weigts.

Let 2) be the set of stored optimal deterministic policies after larning the j-th demon-

strated strategy. Given a new reward function with weightw, the learner chooses as initial
policy init the one with the highest value in the set 2),

init = arg maL()(w> ): (2.9)
2 A

The initial policy in; Is considered as the optimal policy for the new reward functin w

if there exists no other policy whose performance is-better than the initial policy. The
set of "-better policies is characterized in the following Lemma:

Lemma 1 Given a nite state space S, action set A, initial state distribution , reward
function R, the optimal policy with transition matrix P is "-better than an initial policy
init With transition matrix P it if it satis es,

> PHY g pwylpr (2.10)
For proof, see Tanwani 2013. Lemma 1 gives the space of policies that are better than

init for the given reward function with weight w. We now further narrow down this space
by imposing constraints due to other policies in the set 2).

expectation  is an "-better policy in 4 if,

w” ( D) " (2.11)
(wi) ( D 0 i=1;2:::;T: (2.12)

Adding constraints (2.11) and (2.12 and using Cauchy-Schwarz inequality gives a lower



2.2. Learning Reward Function(s) in Discrete Domains 29

Figure 2.2: "Value-Surface' withf =2 (best viewed in color). For a new reward function
with weight w, value-surface gives the initial policy with the best weigled value. The
surface is updated only if there exists d'-better policy at w whose weighted value is less

(w wi)'( D) "
kw Wi kz k i kz "
kw  wik; —(]PE—) i=1:::T: (2.13)
Every policy adds a set of constraints for a new reward functin with weight w to satisfy.
The set *; 2;:::; T denes a convex hull Cd ( a)g in the feature expectation
space and the resulting piecewise planaralue-surfacegives the best policy value for each

possible weight (see Fig2.2). Given that kwk 1, this elicits an upper bound on"  Z-F:

Note that Lemma 1 combined with the constraints in De nition 1 can be used to nd
an "-better policy with a linear program; albeit the computation may be slow. In our
implementation, we verify the existence of"-better policy in three steps as follows: 1)
satisfy (2.13 to check if there does not exist anyw; in the vicinity of w for which we
already have the optimal policy, 2) there exists a such that the constraints in De nition

2R ber that: 2 RE 2 RL k ke E
emember that: 011 ) [0;%]) 2 .

H‘
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1 are satis ed, i.e.,

Solve for s.t. w( nit )t (2.14)
(wi) ( )0 i=1;2::0T
0 =1
Note that the use of nt at w also satises all i in (2.11), and 3) nd the optimal

policy using the value-iteration algorithm starting from i (see Sec.2.3 for use of other
RL algorithms). If the veri cation fails at any of the above t hree steps, i is declared
the optimal policy for w. The overall algorithm of learning multiple reward functions from
demonstrations is presented in Algorithm1.

2.2.3 Grid World and Mini-Golf Examples
2.2.3.1 Grid World Example

Let's consider a simple grid world environment ofLO0 100cells, where each cell represents
a di erent state of the learner. In a given state, the learnercan take 9 di erent actions
corresponding to a move in all eight neighbouring directios or a stay in the same cell.
Transition dynamics are stochastic withQ:7 probability of moving in the direction of desired
action instead of a random one. Initial state distribution is uniform over all the states.
Five features radial basis functions with centres chosen andomly among states and
width drawn in the interval [1;20] are used to populate the feature space. Ten di erent
reward functions are generated to simulate multiple demortsators by randomly assigning
di erent weights to every feature in the interval [ 1;1]. We log the visited states sequence
of 125time steps from the optimal policy of every reward function n a demonstration and
vary the number of sample demonstrations to study its e ect am learning multiple reward
functions.

Experimental study is performed on a grid world task to assesthe performance of optimal
policy transfer in learning multiple reward functions with di erent values of " against
the "no transfer' case where each demonstrated strategy igdrned separately with the
projection algorithm. The performance is evaluated using liree metrics: 1) empirical error
distance between the estimated feature expectation of thedemonstrator and the learner
averaged overn strategies, i.e.,% jnzl kA Ei A Aiky, 2) CPU learning time, and 3)
number of policies stored. We use the same discount factor @9 in all our experiments.
Moreover, we only iterate our algorithm for a demonstrated frategy up to a maximum of
50 iterations.
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Algorithm 1 Transfer in IRL for Multiple Reward Functions

Input: < S;A[Psa; ;5 f F1p F2iii Engt>
procedure LEARNER_TRAINING
1. Initialize i :=1, wj s.t. kwiky=1, A= fg
22 '=argmax , ( ) ((wiy )
3:forj=1to) Enjdo
4: if A 6 fg then
5: Solve 2.8) for :=min ¢t ( ,)gK i ko
6: Wi = Ej
7 i 17
8 endif
9: repeat
10: if i> 1then
11: it -=argmax » , (Wiy )
12: Verify three steps for existence of'-better policy
13: if three steps are veri edthen
14: Add jto a
15: else
16: i = init
17: end if _ c
18: i= 0T (( I‘ Iili;(( il ilj)( ! 1)
19: end if
20: Wiy = Ej i
21: i=i+1
22: until kw; w; 1ks is unchanged
23: end for
24: return  set of learner policies a
procedure LEARNER_TESTING
25: loop
26: Demonstration of a strategy E ( e) P
27:  Learner nds astrategy » ( a): A= 1M i where ;is obtained

by solving (2.8) with (T j) = | aj
28: end loop
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Figure 2.3: Grid world results. Results are averaged oveb iterations.

Fig. 2.3 (left) shows that the average empirical error over all strakgies decreases sharply
with the increase in the number of samples in a demonstrationwhile it increases slightly
with higher values of " for a given number of sample demonstrations. The other two
plots clearly indicate the advantage of optimal policy transfer with a clear performance
improvement in terms of required time and number of policiedo learn all strategies. Note
that the optimal policy transfer is useful even for the case blearning a single expert
strategy.

2.2.3.2 Mini-Golf Example

The goal in mini-golf, short for Miniature golf, is to sink th e ball into the hole from the
tee area in as few shots as possible. The simulated mini-gahvironment is shown in Fig.
2.4. To simulate various strategies of demonstrations, there i@ 5 holes in the eld for 5
demonstrators each having preference to sink the ball in a dirent hole. The learner is
required to estimate the set of deterministic policies a from which it can approximate

any randomly chosen distribution over the demonstrated stategies. In other words, sink
the ball in each hole same number of times as the demonstratatoes in his/her strategy.

State, Action and Feature Space: The state-space corresponds to th@ dimensional
position of the ball in the grid, jSj= 81 56 = 4536. The action-set corresponds to4
hitting directions at right angles to one another and 6 di erent hitting speeds, jAj= 24.
The feature space isl3-dimensional, where rst 8-dimensions give distance of the ball to
each wall segment, and other5-dimensions give distance of the ball to each hole. The
features are scaled such that (s) 1. Intuitively speaking, an ideal strategy chooses the
intermediate ball positions in a way that keeps the ball maximally away from all other
holes and wall segments, and sinks the ball in the desired hlin least number of shots.
The initial state distribution is uniform on the tee area marked with the yellow line in Fig.
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Figure 2.4: Simulated mini-golf playing eld with di erent expert strategies on left and
the Barrett WAM robot arm learning to play mini-golf on right.

2.4. An episode of play corresponds td0 shots. The ball position is randomly reset on
the tee area every time the episode ends or the ball sinks inta hole.

Results and Discussions: We design our experiments such that the learner is required
to approximate the 5 demonstrated strategies from their estimated feature expsations
using our proposed approach in the training phase. During tsting, we draw 50 mixed
strategies each corresponding to a random distribution owepure demonstrated strategies,
and the learner is asked to replicate the demonstrated stratgy. Fig. 2.5 gives a measure
of the ability of the learner to replicate previously unseendemonstrated strategies. It is
seen that after learning the 5 demonstrated strategies corresponding to sinking the ball
in each hole separately during training, the learner is abldo successfully replicate all the
mixed strategies in the testing phase.

IRL has received a lot of attention in recent times, but its applications have often been
limited to discrete domains. The situation in continuous smaces is rather di erent. We
rst visit the problem of nding optimal policy in continuou s spaces and subsequently,
nd reward function in continuous unknown environments.

2.3 Reinforcement Learning in Continuous Domains

Rewards-driven learning from demonstrations in continuog domains becomes signi cantly
challenging with approximation methods required to estimae transition dynamics, reward
function, and the optimal policy. Applying RL/IRL on real-w orld control problems is di -
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Figure 2.5: Comparison of rst 15 expert and learner strategies forl100 episodes with
" = 0:1. For every strategy number, the rst bar gives the success amt of holes for
the expert, the second bar gives the learner's response todhexpert's strategy. First ve

strategies on left correspond to the training set, other mixd strategies are from the testing
set on the right. Holes are numbered from left to right in Fig. 2.4.

cult for a number of reasons. First, the policy search beconsecomputationally intractable

for moderately high dimensional spaces. Second, it takes domany samples of interaction
with the environment to obtain the optimal policy, leading t o exploration vs exploitation

problem. Third, a lot of time is elapsed in constructing a sirmgle reward function from

several desired objectives the learner is expected to optize for in the policy. Finally,

the optimal policy is sensitive to modelling changes in the mvironment and does not scale
across related tasks/environmental situations easily.

Let us denote ; 2 RP for the state in continuous domain, u; 2 R™ for the action or
control input, and .1 P ( {;uy) to represent the stochastic environment under the MDP
framework. When the environment is deterministic, we desdbe the transition dynamics
with a non-linear function, .., = f( {;u¢). The action u; is generated by the policy
representing the family of probability distributions ui ( ¢; ), where represents the
policy parameters. The learner aims to nd a distribution that maximizes the probability
of sampling those actions which yield higher rewards. The Brning control methods are
classi ed as Button 1997: 1) indirect/model-based optimal control policy is recomputed
from an estimated model of the environmental dynamics at edt iteration (without any
explicit exploration noise), and 2) direct/model-free optimal control policy is determined
without any model of the transition dynamics of the environment. Noise is added to the
policy parameters during learning to search for optimal adbns in a given state.

There exists a large repertoire of RL algorithms to nd the ogimal control policy. A
broad class of RL algorithms encompassing model-based andonrel-free methods include:
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1) optimal control methods analytical methods such as linear quadratic regulator
(LQR) and its variant with Gaussian noise (LQG), whereas nunerical methods comprise
of direct collocation, single/multiple shooting, iterative LQR [Borrelli 2011]; 2) policy-
gradient methods the policy parameters are iteratively improved by gradient descent
on the estimated value function under the current policy Peters 2008 Deisenroth 2013
(Least-Squares Policy Iteration (LSPI), REINFORCE, natur al policy gradient, Probabilis-
tic Inference for Learning Control (PILCO), Trusted Region Policy Optimization (TRPO),
Covariance Matrix Adaptation Evolution Strategy (CMA-ES) , Relative Entropy Policy
Search (REPS)); 3)value-function methods the value function is approximated using
methods such as dynamic programming, value-iteration, temporal di erence (TD) learning
and the control policy greedily follows the estimated valuefunction [Szepesvari 2010(Q-
learning, State-Action-Reward-State-Action (SARSA), Least Squares Temporal Di erences
(LSTD)- , LSTDQ- ); 4) expectation-maximization methods the optimal policy is
derived by expectation-maximization (EM) and the optimization is formulated with im-
mediate rewards Payan 1997, as reward-weighted regression problemPgters 2007, or
as Policy Improvement by Path Integrals PI? [Theodorou 201(; 5) actor-critic meth-
ods the optimal solution is obtained by combining the policy gradient methods with
the value function approximation methods to yield e cient | earning with some perfor-
mance guaranteesjonda 2003 Bhatnagar 2009 (actor-critic, natural actor-critic), and 6)
deep RL methods  deep architectures are employed for computing the optimalpolicy
[Mnih 2013, Lillicrap 2015, Duan 2019 (deep Q-Network (DQN), double Q-network, deep
policy gradient (DPG), deep actor-critics).

In this section, we present several examples of computing tmal policy in continuous

domains based on the task under consideration. We rst pres# our work on actor-
critics with experience replay for model-free RL in continwus challenging environments
[Wawrzynski 2013, and show how the human demonstrations can be used as an it

policy for speeding up the policy search in continuous envimments [Tanwani 2014].

2.3.1 Actor-Critics with Experience Replay

2.3.1.1 Classic Actor-Critic

Actor-critics are an important class of RL methods that can deal with continuous state-
action space in a natural way Kimura 1998, Konda 2003 Bhatnagar 2009. They employ
two systems, an actor and a critic. The actor represents a sthastic control policy u;

( ¢; ) with parameter 2 R" to generate control actions, while the critic represents
the value-function approximator V ( ;v) parameterized by vectorv 2 R"v. The common
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method used by critic for prediction is TD learning on the value function. TD learning, or
simply TD( ), uses a weighted sum of predicted sequence of states valuesestimate the
return or sum of rewards in a given stateR o

X
R =1+ V(uiV+ (o + V(wiesV) V(pV): (2.15)
i1
The parameter 2 [0;1] de nes the dependency of the long-term reward on the predietd
value-function V and the actual reward r - For =1, the estimator is based on true
rewards and thus unbiased, but its variance may be very highwhile =0 ensures low
variance at the cost of high bias of the value-function apprgimator. TD(0) is also com-
monly known as value iteration and TD(1) is the Monte-Carlo estimation.

The algorithm works in combination such that the actor geneates the controls stochasti-
cally and the critic predicts the expected value ofR r Let (4 ;v)and (4 ;v)dene

the average direction of improvement along the vectors pameterizing the actor and the
critic respectively. A visit in state ; modies the policy vector along the estimator
’\( t; »Vv) that de nes the gradient of the true expected return R i

A( 6naVv) = (Rt V(avr In ()

N 2.16
+ ¢ (V) ( )

where step-size ; is a small positive number, andr is the gradient with respect to

If the action yields the return R t larger than the approximated value V( {;v), the
probability of selecting action u; in state ; is increased. If, conversely, the action turns
out to bring rewards smaller than expected, then its probablty is being decreased. The
critic vector is accordingly adjusted to minimize the disceepancy betweernR t and V( ¢;Vv),
given by its gradient estimate "( t; 1V). The update is given by the product of estimate
™ t; ;Vv) and small positive step-size }':

"Cv)

\Y

(Rt V(W V)

N 2.17
v+ (V) @10

2.3.1.2 Actor-Critics with Experience Replay

The idea of experience replay[Cichosz 1999 Wawrzynski 2013 Lillicrap 2015, Malla 2017
is to use previously collected samples to intensify the leaing process of the original se-
guential algorithm as if the events have just happened. In tke classic actor-critic algorithm
described above, the policy vector is adjusted after everyime instant t along the estimate
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of policy improvement ( ¢; ;v). Whereas in the actor-critic algorithm with experience
replay, the actor repeatedly chooses one of the recently vied states policy improvement
estimate ( ;; ;v) within each time instant t, and modi es the current policy vector along
the estimate. The actor employs the gathered experience todgust di erent policies char-
acterized by di erent policy vectors. The critic undergoesthe same operation as that of
the actor in the modi ed algorithm with experience replay. Essentially both algorithms
achieve the same goal, but the modi ed one improves the curré actor and critic with the
use of the whole gathered experience rather than only the psent event as in the classic
method. Due to more exhaustive exploitation of information experience replay leads to
faster learning at the cost of additional computation.

The concept of reusing samples evolved from thamportance sampling technique
[Sutton 1998. Although the bias vanishes asymptotically during re-samling of the pre-
vious states, the variance of the actor-critic estimators ggni cantly increases, thereby,
limiting its use for RL control tasks. In [ Wawrzy«ski 2009, adaptive importance sampling
with randomized-truncated estimatorsis used to reduce the variation of the estimators
while re-sampling the previously visited states. This enstes stability of the process while
allowing the past experience to intensify the learning proess. The randomized truncated
estimators of ’\r( i; ,v) and ’\r( i, ,Vv) appropriately compensate for the fact that the
current policy is di erent from the one that generated the adions in the database. They
are given by,
( )
Aoy = . k R Civjs )

r(isv)=r In () rd( i+ V) min ﬁb , (2.18)

k=0 A R
( * )
Aoy = . K oy Cisjs )
r( i v)= 1wV gv) rd( i+ k5 V) min ﬁb ’ (2.19)
k=0 j=0 N i+ 1T

whereb > 1, 2 [0;1), i+ is the policy vector to generateui+j, K is a positive
integer random variable drawn independently from a geometic distribution Geom( )3
with parameter 2 [0;1), and d( ;;V) is the TD(0) of the form

d sv)=r1 .+ V(i;v) V() (2.20)

For implementation, we split the algorithm into two threads executing simultaneously:con-
trol thread - one that controls the robot by sampling actions, andactor critics optimization
thread - one that optimizes the parameters of the actor-critic netvorks. The step sizes of
the actor-critic networks, ; and Y, are updated online by xed point method of step-size

3K has a geometric distribution Geom( ) with P(K = m)=(1 ) ™ for positive integer m.
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Algorithm 2 Actor-Critics with Experience Replay

Input: Initial actor policy vector ¢, critic vector vg, computation stepsng
procedure CONTROL

1: Ng=0

2: repeat

3:  Draw and execute action,u; (o)

4. Register the sample< ;u¢; ;r ; (41 > in the database

5. Increase the computation stepsNt = Nt + n¢

6: until the optimal policy is found

procedure ACTOR CRITICS OPTIMIZATION

7. k:=0

8: loop

9: while there are pending total computation steps(k  Nv) do

10: Make sure onlyN most recent samples are present in the database

11 Drawi2ft N+1;t N+2;:::;tg

12: Adjust along an estimator of ( ;; ;v) (see Eqg. @.19)

=t tAr( iv V)

13: Adjust v along an estimator of ( ;; ;v) (see Eq. €.19)
vim v YY)

14: k:=k+1

15:  end while

16: end loop

estimation [Wawrzynski 2013. The overall actor-critic algorithm with experience replay is
presented in Algorithm 2.

2.3.2 Octopus Arm and Half-Cheetah Examples

We now demonstrate the e ectiveness of our algorithm on simiated control problems in
continuous domains. We choose two diverse and challenginggks to this end: 1) point
reaching movement of octopus arm, and 2) cyclic running motin of half-cheetah.

2.3.2.1 Octopus Arm Example

Octopus is well-known for exhibiting a high level of exibility in controlling arm move-
ments [Yekutieli 2005]. The highly developed limbs of octopus make it capable of bling,
stretching, shortening and twisting its arm at any point and in any direction with virtually
unlimited degrees of freedom. A cross-sectional examinath of an octopus arm reveals
that the muscles alone without any rigid skeleton are resp onsible for providing the
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Figure 2.6: Octopus arm action set: the activated muscles arindicated by thick blue lines.

structural support and generating the movement of arm. Thisallows the octopus arm
to execute dexterous motor control tasks that are unprecedded for other biological and
arti cial systems. We are interested in learning a reactivecontrol policy for the octopus
arm to reach an arbitrary goal point starting from some randam position.

State-Action Space and Reward Function: The octopus arm is represented by a
planar simulator model composed ofL0 quadrilateral compartments with xed base, each
muscle 1-unit long with action duration 0:1 seconds, as described inygkutieli 2005]. We
associate3 frames of reference in polar coordinates that are used to dee features to
localize the octopus arm movement towards its goal. The rstframe is located at the
center of the point masses of all the quadrilateral compartrants, the second one is located
at the center of the point masses of lasb quadrilateral compartments, and the third one
is located at the center of mass of the last compartment. Basedn the three frames and
the goal frame, the state space of our model consists @R state variables, normalized to
roughly cover the interval [ 1;1]. The action space consists of a set @ actions each of
which pre-de nes the activation level in the arm's muscles,as used in Engel 2003. The
action space is shown in Figure2.6.

The learning task is carried out in episodes. An episode termates with success when
the last compartment touches the goal. If this goal is not reahed within 500 steps, the
episode terminates. The reward function is de ned such thatthe controller is penalized
with a negative score of 1 for all the learning steps in which the goal has not been reael.
Moreover, the arm is rewarded for moving towards the goal in pportion to the velocity
of the last compartment in the direction of the goal. The goalof the octopus arm is to
maximize the reward function by reaching the goal position a quickly as possible.

Actor and Critic Structure: The actor and critic are based on feedforward neural
networks, namely 2-layer perceptrons with sigmoidal neurons in their hidden &yers and
linear neurons in their output layers. The initial weights in the hidden layers are drawn
randomly from the normal distribution N (0;1) and the weights of the output layers are
initially set to zero.
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Figure 2.7: Octopus arm results. (left) episode number against duration steps of each
episode,(right) simulated goal reaching movement of octopus arm at the starof episode;
with arm position trying to reach the goal; with arm position at the goal. After learning,
the arm reaches the goal in aboutl00 steps.

The actor is the combination of a neural network and a generatdr of discrete numbers. The
network hasNa neurons in its hidden layer and6 neurons in the output layer corresponding
to the size of the discrete action set. The critic is a 2-layeperceptron with N¢ neurons
in its hidden layer and one neuron in the output layer.

Results and Discussions: The parameter setting of the actor-critic reinforcement learn-
ing algorithm is as follows: Na =50, N¢c =100, =0:98 b=2, = =0:98 n;=100
and =0:5. Figure 2.7 shows di erent stages of the octopus arm in reaching the desd
goal. On the left side, the gure presents the learning curvelaverage rewards vs. episode
number). It can be seen that the learning converges afte?240 episodes which is equivalent
to 80 minutes of Octopus time.

2.3.2.2 Half-Cheetah

Half-Cheetah is a6 degrees of freedom planar robot, introduced inWawrzy«ski 2009. It
is composed of nine links, eight joints and two paws (see Figa 2.8). The angles of the
fourth and fth joint are xed while others are controllable . The torque applied at each
joint acts as input to the model and the next position of the rdbot is obtained as output
by integrating its dynamic equations of motion. The control problem is to learn a reactive
policy under the MDP framework to make half-cheetah run as fat as possible.

State-Action Space and Reward Function: The state of half-cheetah is de ned by
31 variables. The action space is continuous, contrary to thatof octopus arm, with 6
dimensions each corresponding to one actuated joint indepeently. Learning is divided
into episodes with an average duration oR50 steps, for0:02 second duration of each step.
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Figure 2.8: Half-Cheetah results. (left) episode number against the average rewards in
each episode(right) simulated run of Half-Cheetah with initial stance, middle sance with
feet in the air, and landing stance. After learning, half-cleetah runs with a speed of about
6:5 m=sec

The robot is mainly rewarded for its speed of moving forward.Other components are minor
penalties for violating torque limits, joint limits, not mo ving the trunk in idle position and
touching the ground with other body parts than paws.

Actor and Critic Structure: The actor is composed of two parts: a neural network and a
normal distribution. The input of the network is the state of half-cheetah. The network has
a hidden layer with N sigmoidal neurons and six linear output neurons corresporidg to
the dimensionality of the action space. The output of the netvork becomes a mean value
of the normal distribution with unit covariance matrix to ge nerate exploratory control
actions. The critic is a 2-layered neural network with N¢ neurons in its hidden layer and
1 neuron in the output layer.

Results and Discussions: The experiments to make half-cheetah run are con gured with
the following parameters: Np = 160, N¢ =160, =5, =0:99 b=2, = =0:99

= =0:9n.=30. Figure 2.8 shows various stages of the learned running gait of half-
cheetah. The cat model starts from a standing position and st learns to move forward
with the added noise in the control system. The awkward walk tansforms into a trot
gait which at the end of training becomes a smooth nimble run.The use of experience
replay speeds up the learning process of running in propodn to the intensity of replaying
computations. The gure also shows that the algorithm requires 3000 episodes (about 4.2
hours of half-cheetah time) to learn to receive average rewd of 6, which corresponds to a
nimble run.
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Figure 2.9: Decoding goal from slow cortical EEG signals oreft which moves the KUKA
robot arm optimally to the desired target on right.

2.3.3 Learning with Initial Policy

Considering the amount of time it takes to nd an optimal poli cy in continuous domains,
a lot of e ort is made in the RL and robotics community to incor porate prior knowledge

about the task and speed up the learning process. Most of theakk has focused on using
the demonstrations provided by the human/simulator to initialize the control policy of the

task, also called the primitive policy or the xed policy. Human demonstrations can also
be used for initializing the value function and/or learning the transition dynamics model.
The initial policy provides an educated initial guess for the leaner to con ne its search to
near optimal regions. The use of initial policy makes the ogmization problem feasible in

higher dimensional spacesawato 1999 fang Wang 201§.

Applications include online trajectory modulation with ob stacles [Guenter 2007, incorpo-
rating dynamic movement primitives for Ball-in-a-Cup task [Kober 201(J and pancake ip-
ping task [Kormushev 201(, bimanual rod manipulation to hit via-points [ Sugimoto 2013,
and optimizing walking gait of a humanoid robot [Tanwani 2011]. Below we present an
application of decoding the EEG signals of the human to reacla desired goal, where the
initial policy learned from human demonstrations is combired with RL to yield better
control policies [Tanwani 2014].

2.3.4 Decoding EEG Signals for Arm Control Example

Decoding the user intention from non-invasive EEG signalss a challenging problem. We
study the feasibility of predicting the goal for rewards-diiven control of the robot arm in self-
paced reaching movements, i.e., spontaneous movements thdo not require an external
cue. Contrary to decoding the cue-based movementdvusallam 2004 Waldert 2008], we
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consider self-paced reaching movements where the user spreously executes the move-
ment without an external cue [Niazi 201]. Intention here refers to the high-level target of
the user as compared to the low-level muscle activations faxecuting the movement. The
integrated framework combines the high-level goals encodan EEG signals with low-level
motion plans to control the robot arm in continuous task spa@. A promising application
of this work is to use EEG signals for direct motor control of atients with possibly upper-
limb disabilities. The overall system is presented in Fig. 2.9. EEG signals of the user
give the intended goal of moving to one of the four targets in ardinal directions by online
classi cation. The desired goal fed to the optimal motion phns generator to move the arm
towards the desired target.

Dataset. The dataset used here was designed to perform center-out plar reaching move-
ments to four goal targets in cardinal directions located10 cm away from the center, while
holding the PHANTOM robotic arm. Four subjects two healthy and two stroke patients

participated in the experiment carried out at the San Camillo Hospital, Venice, Italy.
One patient had left paretic arm with left cerebellar hemortagic stroke since2 months;
while other had right paretic arm su ering from left nucleo-capsular stroke since2 years.
After the target was shown to the subject, the subject was aséd to wait for at least 2 sec-
onds to perform a self-paced movement (seeégw 2013 for details of experimental set-up).
For each arm, subjects performed three runs each containing0 trials each (20 trials per
target). Trials were extracted ranging from 2 s before the movement onset untill s after
the task. For brevity, we only report results of the right arm of the rst healthy subject
in this work.

The EEG and EOG signals were simultaneously recorded with a qrtable BioSemi Ac-

tiveTwo system using 64 electrodes arranged in an extended/20 montage. EOG chan-
nels were placed above nasion and below the outer canthi of thoeyes in order to capture

horizontal and vertical EOG components. The kinematics daa of the robotic arm was

recorded at 100 Hz, while EEG signals were captured at2048 Hz and then downsampled
to 256 Hz. Preprocessing steps to analyse EEG data required Commokverage Referenc-
ing (CAR) procedure to remove the global background activiy [Bertrand 1985. Moreover,

only 34 EEG channels were selected, excluding the peripheral chaals and those having
high correlation with the EOG activity. EEG signals were then passed through a zero-
phase low-pass Butterworth Iter with cut-o frequency of 12 0 Hz, further down-sampled

at 128 Hz and nally low-pass ltered at 1 Hz to extract slow cortical potentials. Each

EEG channel and kinematic signal was normalized to have zermean and unit-standard

deviation.
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2.3.4.1 Intention Decoding

We perform online classi cation in a sliding window of 250 ms that shifts by 625 ms
within the trial period of [ 2 1] seconds to decode the intention/goal . Note that we
start to decode the goal prior to the movement onset to minimze any delays in controlling
the arm (see Lew 2017 for details). For each of these windows, the features are leeted

separately using Canonical Variant Analysis (CVA) with 5 fold cross-validation taking one
EEG sample per window at the end. 10 EEG channels with best discriminant power are
selected in each window to classify among théd target goals. For classi cation, EEG data
is further downsampled to 16 Hz taking into account 4 samples of10 EEG channels for
a total of 40 features. Linear Discriminant Analysis (LDA) [Duda 200Q is then used for
predicting the i-th goal estimate  in every time window from the given EEG feature
vector. For the EEG feature vector represented byu; at time instant t, the classi cation

of the goal  is based on the probability of belonging to each of the goals

o = O(ur) = arg max P( §juy): (2.21)

2.3.4.2 Trajectory Decoding

We want to continuously generate the motion plans to drive the robot arm to the goal in
an optimal manner. We represent this decoder with a dynamiciasystem of the form,

L= () (2.22)

wheref is a continuously di erentiable function that maps the 2D-planar Cartesian posi-
tion of the robot arm , to its Cartesian velocity o, and 2 R" represent the parameters
of the function f. The function f here represents the control policy of the robot and
maps the current position of the robot to the velocity which in turn gives the next de-
sired position upon integration. For ease of computation, w transform the coordinates to
Tt ¢ to signify the change of all goal positions to the origin of tke transformed
system (see Fig.2.12 for the transformed demonstrations pointing to the origin). We are
required to learn the parameters such that the robot follows the intended movement of
the user. Note that the encoding of the demonstrations usin@ny function approximator
typically creates spurious attractors or divergent behavbur away from the training data
[Khansari-Zadeh 201(. Often stability conditions are required [Khansari-Zadeh 201] and
even if the resulting dynamical system is stable, it may not gt the user to the desired goal
in nite amount of time. To this end, we take a two-step methodology: 1) learn the initial
function from demonstrations of the hand kinematics recoréd from the subject, and 2)
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optimize the function parameters by RL for e ective generalzation and generating optimal
motion plans [Sutton 199§.

Initial Dynamical System: In the rst stage, we use Support Vector Regression (SVR)
to estimate the initial function in Eq. ( 2.22 given data samplesf ; —g from the experi-
ments. Note that each output dimension is learned separatglin this model. To speed up
the learning process, we downsample the kinematic data t6 Hz for a total of 750 samples
corresponding to the right arm of the rst subject in the trai ning set. Hyper-parameters
of the SVR are obtained after grid-search with size of the ep®n-tube, " = 0:5, width of

the radial basis kernel function = 0:5, and complexity parameterC =1.

Optimized Dynamical System: In the second stage, we modify the landscape of the
learned function to learn optimal policy in the whole state gace by maximizing the reward
function. This would enable the robot to decode the movemente ectively far from the
training data (see Fig. 2.12 for clarity). Moreover, optimization in the second stage
caters for the imperfection or sub-optimality in the recorded demonstrations (for example,
demonstrations of stroke su ering subjects). We express tb reward function r , as

> >

> L] L]
r= Wit 1 W g W3y (2.23)

where w; weighs the cost for distance from the goal/origin at the end 6 the trial, w>

penalizes for any non-zero velocity at the end of the trial, ad ws is responsible for ensuring
smooth movement in reaching the goal by minimizing the norm bthe acceleration vector.
Weights of the reward function after manual tuning are: w; =5; w, =0:01; w3z =0:0001

Maximum velocity ., iS set to 30 cm=¢* and the simulations are carried till T = 2

seconds to prolong the penalty byw; and w, after the end of trial at t =1 second.

Support vectors of the initial function act as basis functins to optimize the function f in
the second stage. Weights of the support vectors are optimized by stochastic gradient
ascent on the value function,V( ; ) = % tho r. starting from the initial state |
and integrating the dynamics model - = f( ;; ). Note that we do not use a function
approximator to represent the value function, and take the gadient of the estimated value
function as in policy gradient approaches. More preciselye add noise sampled from
multivariate normal Gaussian N (0; 2l) with = 0:1 to the parameters , evaluate the
value function, V( ; + ), from episodic roll-outs of the current optimized function,
+ = f( + ), and adjust the parameter vector in the direction of increagg value

function, i.e.,
= + V(g *+ ) V() (2.24)

where , is a small step-size parameter set t®:05 in our experiments. The procedure
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Figure 2.10: Evolving EEG channels activity in the time interval [ 1 1] seconds.
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Figure 2.11: Decoding goal direction from EEG signals of rshealthy subject (right arm).

Red line shows the chance level; green line indicates the teninstant when the classi ca-
tion accuracy signi cantly exceeds the chance level; shaderegion shows the variation in
accuracy over5-folds.

is repeated till the parameter vector stops changing. In ourexperiments, the parameter
vector is improved for 1500iterations which increases the value of the function paramiers

V() from 1181to 4:81L In the proposed framework, the attractor of the optimized
dynamical system is shifted from the origin to the estimatedgoal from Eq. (2.21) which is

updated after every time window of 250 milliseconds. After the end of trial, the optimized

dynamical system moves the robot arm to the last estimated gal at t = 1 seconds. The
optimized dynamical system/policy takes the form,

+=fF( i+ o) (2.25)

Results and Discussions:  To analyse the performance of the goal decoding from EEG
signals, we show the topographic plots of selected channdis depict their discriminatory
power at di erent time instants starting 1 second before the movement onset in Fig2.10,
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As the exact time when movement intent occurs in a self-paceanovement is unclear,
the plots provide insights about movement-related modulakons in di erent brain regions
during planning and how they evolve over time. It is seen thatthe activity is dominant in
the frontal-parietal regions of brain consistent with earler reported studies Lew 2013.

Fig. 2.11reports the classi cation accuracy of goal decoder in the the window [ 1 1]
seconds. Classi cation accuracy is computed as the ratio ieen the sum of correctly
classi ed diagonal entries in the confusion matrix and the ptal number of instances. The
time instant when the classi cation accuracy signi cantly exceeds the chance level is used
as a metric to initiate the movement with the trajectory decoder. Chance level is calculated
by training the classi er on a randomized permutation of the class labels of the training
set. Results are then averaged acrosH) iterations each with 5 fold cross-validation. Best
time for subject 1 is 687.5 ms with classi cation accuracy of 0:34 before the movement

Table 2.1: Performance comparison of initial and optimizeddynamical system using: MSE
on the testing set; average correlation in time between simated and demonstrated posi-
tion trajectories on the testing set; end-point distance fom the goal for di erent initial
conditions

Trajectory MSE | Correlation End-Point
Decoder cm=¢ [0 1] Distance ( cm)
Igiii/?ql 2.49 0.51 5.157
Optis'"\”/iéed ; 0.23 0.09
Initial Dynamical System Optimized Dynamical System

N ——
=
/Ir—>—>—

X1

0

Figure 2.12: Evaluation of the policy from di erent initial conditions: (left) initial learned
dynamical system function with SVR in a supervised manner(right) optimized dynamical
system with stochastic gradient ascent. Black crosses indite the initial positions, while
green circles denote the position at the end of the trial
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Figure 2.13: Simulated trajectories of KUKA robot performing center-out reaching task

onset (marked with green line in Fig. 2.11). It is seen that the classi cation accuracy
gradually improves afterwards with a peak accuracy 00:85 at 0:5 seconds. We evaluate the
performance of our trajectory decoder using three metricsl) Mean-Square Error (MSE)
on the training/testing set, 2) Correlation in time of the simulated position trajectories
with the demonstrated ones, 3) Distance to the goal at the endof the trial computed
by simulating the system from 12 di erent initial conditions. Table 2.1 summarizes the
performance of the initial and the optimized SVR. The initial dynamical system learned
using SVR performs well in terms of MSE with training and testing error of 2:66 and
2:49 cm=s’ respectively, and a high correlation in position of0:51 with the demonstrated
trajectories. To evaluate the performance of the system fafrom the training data, we
samplel2di erent initial points in the plane (shown in Fig. 2.12with crosses) and integrate
the system forward in time for a period of2 seconds. As seen in Fig.2.12 the initial
dynamical system with SVR is not able to generalize away fronthe training data yielding
a high end-point distance error 0f5:157 cm. Note that the initial conditions in the cardinal
directions correspond to the training set. On the other hand optimized SVR is able to
drive the robot arm to the goal from all the sampled initial conditions. This comes at a
cost of relatively low position correlation of 0:23 suggesting the need to further improve
the reward function. This generalization is required in ourapplication since the user is
expected to control the arm from all parts of the state space.

The desired goal is inferred from the EEG signals and the tragctory decoder optimally
guides the robot arm to the desired goal. We test the performace of the integrated
system on the simulated7 degrees of freedom KUKA robotic arm as shown in Fig.2.14
The optimized dynamical system starts to move the robot arm687.5 milliseconds before
the movement onset on average and guides the robot arm to thes$t estimated goal at the
end of the trial. Across all the trials, the robot arm reachesthe actual goal with a net
accuracy of79:5% on average. The gure shows simulated trajectories of the rootic arm

reaching di erent goal positions following the predicted gal from the intention decoder
and the optimal motion plans from the trajectory decoder.

In the aforementioned work, the intention recognition is psed as an online classi cation



2.4. Inverse Reinforcement Learning in Continuous Domains 4 9

problem. We now investigate the IRL problem in continuous urknown environments where
the intention is described in the form of a reward function that the user optimizes for in
the demonstrations.

2.4 Inverse Reinforcement Learning in Continuous Domains

Performing IRL in continuous domains is computationally mae demanding because of the
time it takes to nd an optimal policy in continuous high-dim ensional state-action spaces
and the liability of most IRL algorithms to repeatedly nd an optimal policy for extract-
ing the reward function. In [Aghasadeghi 201], the authors follow the maximum entropy
formulation (see Eq. (.6)) and iteratively improve the approximation of the partiti on
function in continuous state-space with a set of optimally ampled trajectories for the cur-
rent estimate of the reward function. Kalakrishnan et al. usedl; norm regularization on
the reward function parameters to discard the e ect of the redundant features with path
integral IRL [ Kalakrishnan 2013. Boularias et al. extended the maximum entropy frame-
work to estimate the reward function parameters in a model4fee setting by minimizing the
KL divergence between the demonstrated and the derived paly [Boularias 201]. Levine
and Koltun apply the Laplace approximation to the partition function in the maximum
entropy IRL corresponding to locally solving the optimal cantrol problem [Levine 2013.
The approximation allows to optimize the reward function parameters directly and pre-
vent the need of repeatedly nding an optimal policy in the inner loop of a candidate
reward function. In our work presented in [Tanwani 20134, we demonstrate the use of
IRL in continuous unknown environments for a special classfdarajectory reward functions
that penalizes any deviation from a desired reference traggory.

2.4.1 Model-Based Learning for Trajectory Reward Function

IRL is desirable for estimating the human preferences in thalemonstrations for various
task-dependent objectives, and learning rich control potiies that generalize beyond the
demonstrated data. We divide our framework in three stagesdr learning the main con-
stituent components of IRL in an iterative manner: dynamics model reward function and

optimal policy.
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2.4.1.1 Dynamics Model Learning

Given the set of all demonstrationsf ;u:g;, we rst learn the dynamics model of the

form, —_= f( {;uy; ), parameterized by vector 2 R" in a supervised learning manner.
An interested reader can nd a review of function approximaion methods for supervised
learning in [Stulp 2015.

2.4.1.2 Reward Function Learning

For many manipulation tasks, it is dicult to specify high-l evel objectives that humans
optimize for during the task. We represent the reward functon for such tasks with a desired
reference trajectory (known or unknown) that the humans folow in their demonstrations,
and penalize any deviation from this reference trajectoryn a quadratic manner, namely

r¢ pud) = (¢ 1) Q¢ 1) (Ut Uy R(ue uy); (2.26)

where  and u; are the reference trajectoriesQ 0 and R ( are diagongl matri-

ces ﬁontaining the reward function parametersw with Q = diag w; ::: wp ;R =
i

diag wp+1 ::: Wp+m - Note that this reward function is maximized when the optimal

control policy and the desired reference trajectory match vth each other. Atkenson and
Schaal in Atkeson 19973 used the human demonstration as a trajectory reward functn

with hand tuned gains and learned the dynamics model incremally with the data col-

lected from successive attempts to perform the task of pendum swing-up. The authors
in [Coates 2008 recover a single trajectory from multiple demonstrationsthat is consis-
tent with the task dynamics. The reward function and the current task model is used to
generate the control policy via trajectory optimization.

Here, we follow the approach in [evine 2013 to recover the reward weightsw under
which the observed human demonstrationd are locally optimal for the given dynamics
model under the maximum entropy distribution (see Eq. @.6)). The approach requires the
human demonstrations to only be locally optimally with respect to the underlying reward
function. By approximating the integral in the partition fun ction locally around the expert
demonstration using the deterministic Laplace method, thelog-likelihood function of the
reward function can be computed as

L(wjD &)= %gTH g+ :—ZLIogj Hij; (2.27)

where g = %—V and H = %Vz is evaluated around the locally optimal human demon-
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stration with = qu;uE;:::;uEg. Computing this likelihood requires the gradient and
the Hessian of the value function, which in turn requires lirearizing the dynamics along
the expert demonstration. The likelihood function is then maximized using gradient-based
optimization to solve for the reward function parametersw. Note that we did not require

a repeated optimal policy solver to nd the locally optimal reward function. However, the
inaccuracy of the dynamics model (due to insu cient number o samples) may require
re-estimation of the dynamics model and subsequently, theeward function.

2.4.1.3 Optimal Policy Learning

We use the iterative linear quadratic regulator (iLQR) [Li 2004] to learn the optimal trajec-
tory for the estimated dynamics model and the reward functim. Starting from a random
policy, iLQR successively improves the policy estimate by aving a LQR problem in an
inner loop with quadratic approximation of the reward function and linear approximation
of the dynamics model along the current optimal trajectory. The steps can be highlighted
as: 1) execute the current policy ) starting from j = 1 and record the resulting state-
input trajectory f ;ugl_;, 2) evaluate the rst order partial derivatives of the estimated

dynamics modelf @Qf; %g{zl and the second order partial derivatives of the estimated

. @r, @, @ @, . @, T . . T
reward funct|onf@—t‘, TR @?t’ @th ; @t@totgt:1 along the trajectory f ;u{g;-;, 3) nd

the optimal policy (*V) = 0+ K (", ) for linear quadratic system in step 2, where
O¢; ’\t correspond to the open-loop corrected trajectories anl ; gives the variable sti ness
and damping pro le for compliant control (we revisit the details of computing K ; in the

next chapter), 4) setj = j +1 and go to step 1 till the policy does not improve any more.

The overall algorithm combining the above stages is shown irAlgorithm 3. We rst
learn the transition dynamics model of the environment fromthe available samples and
use it to estimate the reward function for the locally optimal reference demonstrations.
If the resulting control policy accumulates the same sum of ewards as that of human
demonstrations, we conclude that the learned reward functin, dynamics model and the
control policy for the robot is optimal; otherwise we use thedata samples generated by
executing the control policy to improve the dynamics model ad repeat the process again.
Since we always execute the optimal policy on the robot for auent estimate of the reward
function and the dynamics model, we avoid any explicit explaation characteristic of model-
free reinforcement learning approaches that may harm the toot.
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Algorithm 3 Model-Based IRL for Compliant Manipulation in Unknown Envir onment

Input: Human demonstrations setD E
procedure Continuous_IRL
1: Initialize f ;u¢g with few samples of the environment

2:1:=0
3: repeat
4 i=i+1

5. Learn the dynamics model parameters with samples ifi ;uQ:
+=fi( Ut )
6: Find the reward function using f;(X¢; Ug+1):
wi = arg m\slx L(wjD E)
7.  Compute the optimal policy using iLQR of the form:
=0+ K p)

8: Execute ; on the real model and record samples
9. Add samplesf (™;u{™gl}" _, tothe setf ;u.g
10: until kV iV EKy is unchanged

11: return  reward function, dynamics model, optimal policy

Figure 2.14: Letter writing setup with the KUKA robot.
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2.4.2 Letter Writing Example

In this example, we are interested in learning compliant behaviour for the task of letter
writing using human demonstrations. Writing a letter with a robot is a complex task that
involves several key elements such as grasping force betwahe hand and the pen, tool-tip
interaction force, orientation of the hand, etc [Yin 2016]. We verify our model-based IRL
framework to nd the reward function and write a letter in a co mpliant manner with the

KUKA robot.

State-Action Space and Reward Function: The state of the robot is described by
the Cartesian position of the pen mounted on the end-e ector ; 2 R3, and the action
corresponds to the3 dimensional impedance force at the end-e ectory; 2 R3. We denote
the 3-dimensional impedance force with the tuplefFy; Fy; F,g to indicate the force in x,y
and z-direction respectively. Let o 2 R® denote the tool-tip velocity of the end-e ector.
The dynamics model here maps the current tool-tip position ad the impedance force to the
tool-tip velocity which we represent as 4 = f ( {;u¢; ). We are interested in learning the
control policy = fugq;:::;urgthat regulates the interaction force with the environment
over the course of writing a letter as observed in the human daonstrations.

The reward function is described by a trajectory following agiven human demonstration

for writing a letter (see Eqg. (2.26) with Q 2 R® 3 and R 2 R® 3 gg diagonal matrices

containin% the reward function parametersw 2 R® with Q = diag w; w, ws , and
|

R =diag w; ws wg .

Results and Discussions: We collect 2 trajectories of human demonstrations each for
writing the letters fa;e; m;0;u;yg using a tablet and measure the interaction forces with
a six-axis force torque sensor placed below the tablet (sead- 2.14 for the experimental
set-up). The demonstrations are used to learn the dynamics odel, = f ( {;u¢; ) using
a total of 1000data samples with SVR. The model predicts the Cartesian veloity given the
Cartesian position of the end-e ector and the impedance fare. Parameter setting for SVR
with C =100;" =0:01;, = 0:5, gives training and testing set error 0f0:0036 and 0:0084
per datapoint. The learned model is used to estimate the rewa function for which a given
human demonstration is optimal. Legrned trajectory reward function parameter§>for the
dynamics model corresponds tav = 0:528 Q256 Q0004 0267 Q732 Q216 . The
more the weight is along a particular dimension, the more ishe required sti ness along that
dimension. The optimal policy behavior is examined for the btained reward function in
Fig. 2.15 It can be seen that the variable sti ness feedback enableshe robot to follow the
desired trajectory of writing a letter under di erent noisy settings in a compliant manner.
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Writing Letter a with No Noise Writing Letter a with Noise = 0.030

0.05 0.05
Reference Demo - Reference Demo

Open-loop Optimal Open-loop Optimal
Open-loop Simulated Open-loop Simulated ||
Close-loop Simulated Close-loop Simulated
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Figure 2.15: Optimal policy generalization with di erent n oisy conditions for writing letter
‘a': (left) no noise,(right) continuous noise added to state at each time step from a Gauiss
distribution with mean 0 and standard deviation of 0:04.

2.5 Conclusions

This chapter presents a broad review of rewards-driven rokolearning from demonstra-
tions. In this paradigm, we rst extract the reward function from the demonstrations
to infer about the demonstrator preferences in a compact mamer and then nd the op-
timal policy to generalize better in di erent unobserved situations. We presented our
approach of learning multiple reward functions in the demostrations and used transfer
learning to make IRL suitable for moderately high-dimensimal spaces. To scale IRL in
high-dimensional continuous domains, we moved from recuirge value-function based meth-
ods to actor-critics with experience replay and policy graéent algorithms for nding the
optimal policy in a model-free manner. To avoid explicit exgoration during learning, we
presented a model-based IRL approach in continuous unknowenvironments that itera-
tively updates the dynamic model, the reward function and the optimal policy to mimic
the desired reference trajectory. In the next chapter, we résit the problem of learning
trajectory reward functions by performing statistics overthe multiple demonstrations using
generative models.

The rewards-driven paradigm is attractive for jointly addressing the what-to-imitate and
how-to-imitate problem in learning from demonstrations, however, the practical issues in
its implementation limit the widespread utility of IRL. Besi des the high computational
overhead of applying IRL in continuous unknown environmens, a lot of e ort goes into
engineering the features (setting cut-o values, normaliation range etc.) of the reward
function whose unknown weighted combination should give th desired optimal policy. The
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time required for iteratively designing the features is curbersome to scale the paradigm
for a wide range of problems. Despite the bottlenecks, IRL hebeen used in continuous
domains to perform acrobatic helicopter manoeuvresAbbeel 2010, humanoid locomotion
[Mombaur 2010, playing table tennis [Muelling 2014, and grasping objects Doerr 2015
among other applications. More recently, there has been a sge in applying deep vari-
ants of RL algorithms on robotic problems. Deep RL algorithns have been used to learn
control policies from raw visual images l[Levine 2015 Mnih 2015], and surpass humans in
playing video games $ilver 2014. Deep architectures for IRL provide a promising alter-
native to learn reward functions features with guided cost ¢arning [Finn 2016], generative
adversarial networks [Goodfellow 2014 Ho 2014, and unsupervised perceptual rewards
[Sermanet 201&
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Generative models are widely used to learn the distributionof the data for regenerating
new samples from the model. Common examples include probdiby density function

estimation, image regeneration and so on. Discriminative mdels, on the other hand,
directly model the target variable(s) distribution given t he observed variables. In this
chapter, we learn the joint probability density function of the human demonstrations with
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Figure 3.1: Encoding demonstrations or(left) with 3 components in a GMM on (right) .

a hidden semi-Markov modelin an unsupervisedmanner, and smoothly follow the sampled
sequence of states with dinear quadratic tracking controller. We show how the model
can be systematically adopted to changing situations suchsaposition/size/orientation of

the objects in the environment with a task-parameterizedformulation. We combine tools
from statistical machine learning and optimal control to sggment the demonstrations into
di erent components or sub-goals that are sequenced toge#r to perform manipulation

tasks [Tanwani 20164.

3.1 Encoding with Generative Models

3.1.1 Gaussian Mixture Model (GMM)

Probabilistic clustering models, such as Gaussian mixturenodel (GMM), are widely used
to encode local trends in the data for classi cation or regresion. For the set ofT observa-
tions f gL, with , 2 RP, the probability density function P of GMM with K mixture

components is represented as,

. % .
P(d)= iNCod i i) (3.1)
i=1
where N ( ;; i) is the multivariate Gaussian distribution with prior ;, mean ;, and
covariance matrix . =f i; ;; igiKzl are the set of parameters to be estimated in the

density function. In our case, we are mostly interested in alstering the data to encode
their local trend based on the variance in the demonstratios, instead of trying to interpret
the overall behaviour of the data. The observationd gL, are assumed to be independent
realizations of a random process whereas the unobserved &bf zgl., are assumed to be
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compose the complete data set. The log-likelihood of the GMMs,
!
- XT % - '
L(j)=  log iNC 3 1) (3.2)
t=1 i=1
The inference of this model cannot be directly done through he maximization of the
likelihood since the group labelsfzgl, of the observations are unknown. Given
thg _initial set of parameters j °9, the auxiliary function of GMM, Q(; ©°9) =

E [ logP( ;zj)j ; 9 , takes the form [Dempster 1977,

. old }%X(h,"'d| 2 oai i Y 1 . D log(2 ;
Q(: °%) tilog  dogi ij (¢ ) 7Ce  0) 0g(2 ) ;
t=1 i=1
(3.3)
where ht;iOId = p(zx = ij ; °9) is the probability of data point , to belong to i-th

Gaussian component. Setting the derivative of the auxiliay function with respect to the

model parameters equal to zero results in an Expectation-Mdmization (EM) algorithm.

The two steps are iteratively computed until the likelihood function converges to a local
optimum.

E-step:
hy = P Nd 0 ) (3.4)
Tk kNG 6 W)
M-step:
P
| = i (3.5)
P
_1 hgi
e (3.6)
t=1 ht;i
T >
_q e , .
i t=1 "'t (Pt |)( t |) : (3.7)

T

Consider multiple demonstrations of a3-dimensional Z-shaped movement as shown in Fig.
3.3, Encoding the demonstrations with 3 components in a GMM reveals two important
aspects: 1) the mixture components identify sub-goals of aask, and 2) covariance in
demonstrations gives a measure of the important aspects of &@sk, i.e., the less is the
variance of a mixture component along a certain direction, he more constrained the model
needs to be for reproduction along that direction.
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3.1.2 Hidden Markov Model (HMM)

Hidden Markov models (HMMSs) encapsulate the spatio-temporal information by
augmenting a GMM with latent states that sequentially evolve over time in the demon-
strations!. HMM is thus de ned as a doubly stochastic process, one with equence of
hidden states and another with sequence of observations/essions. Spatio-temporal en-
coding with HMMs can handle movements with variable duratins, recurring patterns,
options in the movement, or partial/unaligned demonstrations. HMMs are widely used for
time series/sequence analysis in speech recognition, maah translation, DNA sequencing,
robotics and many other elds [Rabiner 1989. An interested reader can nd more details
about HMMs in [Rabiner 1989 Ghahramani 2002 Ephraim 2002.

Without loss of generality, we will describe the HMMs in which each statez; is described
by a single Gaussian distributionN ( ,; ). In case of GMMs, the evaluation of each
datapoint ; is independent from the other datapoints in the stream of dah. An HMM
will instead consider transition probabilities between the K Gaussians, forming ak K
transition probability matrix, where an element a;; in the matrix represents the probability
to move from statei to state j in the next iteration. The parameters of an HMM will be
described with parameters = ff a;; ngzl; i igiK:l, where ; are initial emission
probabilities. For learning and inference in HMMs, it is usdul to de ne intermediary
variables, namelyforward variable " , backward variable ™™ , smoothed node marginal
i, and smoothed edge marginal if" .

Forward Variable - g, P(ze=1; 1110 {j ): The probability of a datapoint ; to

recursively computed with the forward variable as,

X
o= e NCd oo i) (3.8)
j=1
with an initialization given by ™ = N( 4j ;; i). Note that a naive computation
would require marginalizing over all possible state sequeesf z;;:::z; 19 which would grow
exponentially with t. The forward variable takes advantage of the conditional imlependence
in the network to perform the calculation recursively. Moreover, we consider HMMs with
a single Gaussian as emission distribution, with ; =1, which is dropped in the equations.
The forward variable can be used to compute the probability & the the full observation

lwith a slight abuse of terminology, the word state is used to describe each discrete node/cluster
encoding the evolution of a set of variables | in the context of HMM. It should not be confused with
the word state in the context of dynamical systems that would instead be used to refer to the same set of
variables .
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:f e saaaes th P H :PK HMM
1y 21> Tng ’ (J) k=1 Tk -

Backward Variable - ™, P( ge1 000 gjze = 0y ) Similarly, a backward variable
with a recursion going in the opposite direction can be de nd by starting from " =1
and by recursively computing,

HMM  —

ti aij N( t41] i i) t'_|+M1M;j; (3.9)

j=1

which corresponds to the probability of the partial observdion sequence

f 1577 7 10 T90iven that we are in thei-th state at time step t.
Smoothed Node Marginal - g™ P(z=1j 1110 1 )i The probability of  to be
in state i at time step t given the full observation sequence is
gt et
HMM  — | | — il | .
" HMM  HMM P( ] )
tk  tk

k=1

Smoothed Edge Marginal - tp o P(z=12zw =] 1110 15 )t The probability of

¢ to be in state i at time step t and in statej at time stept+1 given the full observation
sequence is

M tH|MM aij N ( eq] i i) F+’\A1M;j _ WM aij N( 41] i i) FylM;j.
w B R HMM I HMM PCI) .
tk a;| N( t#1) 15 I) t+1:1
k=1 1=1
(3.11)
The expected complete log-likelihood gf HMMs for a set oM demonstrationg,de ned with
an additional indexm, Q(; °) =€  M_ L logP( mi;zij )i ; 99 | is given as
XX M X
Q(; 9= miilog o+ mity logag; +
i=1 m=1 i=1 j=1 m=1 t=1
XMoXE X

Pz = ij mt; “DIogN ( me i5 1) (3.12)
m=1 t=1 i=1

Maximizing Q(; ©9) with respect to the model parameters for iteratively performing
the EM steps with
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E-step: o
)| i .
e (3.13)
HMM  HMM
t tk
k=1
M-step:
U
| m=1 m,1,|; (3.14)
M
P M P Tm 1 HMM _
aj PP (3.15)
m=1 t=1 m;t;i
PM 1PTm1 HMtM_ et
= = m;Gl L,
I e et (3.16)
P m:Fl’ t=1 mt;i
M Tm  HvM ) . ] Y
m=1 t:1P m;t;i |£u m;t |)( m;t |) : (3.17)

T Tm Hwm
=1 t=1 mt;i

Note that numerical under ow issues easily occur with a naie implementation of the above
algorithms. In practice, a simple approach to avoid this isge is to rely on scaling factors
during the computation of the forward and backward variables, which get canceled out
when normalizing the posterior Rabiner 1989.

3.1.3 Hidden Semi-Markov Model (HSMM)

Semi-Markov models relax the Markovian structure of state transitions by relying not

only upon the current state but also on the duration/elapsedtime in the current state, i.e.,
the underlying process is de ned by asemi-Markov chain with a variable duration time

for each state. The state duration stay is a random integer vaable that assumes values in
the setf1;2;:::;s™*g. The value corresponds to the number of observations proded in

a given state, before transitioning to the next state. The paameter set now additionally
contains the duration distribution for each state p? and the transition probability also

becomes dependent on the duration of time spent in the previs state s’ and the current
state s, denoted asa;.;0,;.5,- Hidden Semi-Markov Models (HSMMs) associate an
observable output distribution with each state in a semi-Makov chain, similar to how we
associated a sequence of observations with a Markov chainanHMM [ Yu 2010. Depending
upon the assumptions on transition from one state to the othe HSMMs are classi ed into

di erent groups including,

Non-stationary HSMMs in [Marhasev 2006 were introduced in which the state
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duration may be assumed to be independent to the previous sta specied as
AisOs) = Ais®j Pj i€, the state switches to statej for the probability dura-
tion of s steps after spendings0 duration steps in statei.

In residential time HSMMs [Yu 2006], the state transition is assumed to be in-
dependent to the duration of the previous state with Qi s) = & (is) specifying

the transition probability that state i ends at timet 1 and transits to state ] for s

duration steps.

In variable transition HSMMs [Krishnamurthy 1991, Ramesh 1992 the self-
transition is allowed and assumed to be independent to the mvious state with
Qs (jis) = s j 5:11 aj ()1 & (s)], where a; (s) is the self-transition proba-
bility when state j has stayed for durations, and 1  aj; (s) is the probability that

state j ends with duration s. The model is realized as a HMM with augmented state

(i;s).

In explicit duration HSMMs [Yu 200€], the transition to the current state is

independent to the duration of the previous state and the duation is only dependent
on the current state with Q.50 (jis) = i pJ The transition probability speci es the

switch from state i at time t to state j for a stay of duration of s steps in statej at
time [t +1;t+ d]. The self transition probabilities a;; are set to zero in the explicit
duration model. The scope of this thesis is limited to expli@ duration HSMMs.

Though HMMs also implicitly assume that the duration of staying in a state follows a geo-
metric distribution, this assumption is often limiting, especially for modelling the sequences
with long state dwell times [Rabiner 1989. The probability of staying s consecutive time

steps in statei exponentially decreases with time in HMMs as

pP=a t(l ay): (3.18)

An explicit duration HSMM sets the self-transition probabilities to zero and explicitly mod-
els the state duration with a parametric distribution. We use a Gaussian distribution here
to model the state duration with parametersf S; Sg. Note that a lognormal, gamma or
a poisson distribution may also be used to avoid sampling negive time duration steps
from the Gaussian distribution, but this e ect is most then negligible in robotic ap8I|ca-

tions?. The parameter set for an HSMM is de ned by  i;famoK=1; i 0 0 5
Learning and inference in HSMMs requires computing the intemediary variables as de ned

for the case of HMMs. In practice, as an approximation, we adated a simpler approach

2\We encode movements with few states and a duration distribut ion whose center is most often far from
zero with relatively small variance.
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GMM HMM HSMM

O O A L
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Figure 3.2: Graphical representation of a GMM, HMM and HSMM with 7 components
(see [alinon 2011, Tanwani 20163 Tanwani 20164 for use in robotic applications).

n Ok
to learn the model parameters. Parameters ;fain gﬁzl; i; i are estimated us-

ing the EM algorithm for HMMs as described in the previous setuo?xl and the duration
parameters f ,S isgiK=1 are estimated empirically from the data after training from the
most likely hidden state sequencez; = fz;:::zrg. In Fig. 3.2, we provide a graphical
representation of the di erence of encoding among GMM, HMM ad a HSMM. A GMM
model encodes the structure of the motion but does not modelie transition between the
states. An HMM uses transition probabilities and self-trarsition probabilities to switch
among states. Self-state transitions are known to only pody describe the probability that
the system is expected to stay in a given state for a long dur&n. The HSMM model
instead explicitly models the state duration probabilities as Gaussian distributions, while

keeping the transition probabilities across states.

3.1.4 Kalman Filter and Dynamic Bayesian Networks

It is useful to note that several other modelling representtions can be considered to encode
the spatio-temporal patterns in the observations. For example, a Kalman Iter model
represents the transition distribution between latent staes in a HMM with a continuous
linear dynamical system or a linear state space model, i.e.,

P(ztjz¢ 1)
P( jzt)

N (zt;Akze 1+ 5;Q,); (3.19)
N(Ck ¢+ Q) (3.20)

where z; 2 RPz is a continuous D, dimensional latent variable, A;Cy are the linear
transformation matrices for hidden state and observation espectively, ,;  are the inde-
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pendent additive noise mean variables of state and obsenrvain respectively, while Q,; Q
are the independent positive semi-de nite matrices of sta¢ and observation noise respec-
tively. The inference and learning in Kalman Iter with line ar Gaussian assumptions is
done in an exact manner, while Extended Kalman Iter or Unsceited Kalman Iter are
used for approximating non-linear dynamics YWan 200d.

Both HMMs and Kalman lIter can be considered as special cased ®ynamic Bayesian Net-
works (DBNSs), that can model complex patterns in sequential @ta at the cost of increased
computational and algorithmic complexity. Other important variants of DBNs include

auto-regressive models, input-output HMMs, factorial HMMs, hierarchical HMMs, abstract
HMMs. An interested reader can nd more details of these varmnts in [Murphy 2012].

3.2 Task-Parameterized Generative Models

With increasing functional and behavioural expectations é robots, it has become impera-
tive to encode manipulation tasks such that the robots are ale to execute them in previ-

ously unseen contexts. It is often di cult to collect a set of demonstrations for all possible
situations and operating conditions of the task. The reprodiction phase also faces a similar
issue, i.e., after having observed a set of demonstrations some situations, we would like to

generalize the skill to new situations. Task-parameterizé models provide a probabilistic

formulation to deal with di erent real world situations by a dapting the model parame-
ters [Wilson 1999 Yamazaki 2005 Krueger 201Q Ureche 2015 Yang 2015 Silverio 2015

Calinon 2016 Tanwani 20164, instead of hard coding the solution for each new situation
or handling it in an ad hoc manner.

Most of the existing methods retrieve the movement from the medel parameters and
the task parameters as a standard regression probleninpmura 2004 Alissandrakis 2006
Ude 201Q Kronander 2011, Kober 2012 Mihlig 2012, Paraschos 201B This generality
might look appealing at rst sight, but it also strongly limi ts and bounds the generalization
scope of these models. Task-parameterized models handlewnenvironmental situations
by de ning external coordinate systems or frames of refereze€®. For example, a coordinate
system can be attached to an object whose position and orieation may change during
the task. When a di erent situation occurs (position/orientation of the object changes),
changes in the task parameters or reference frames are us@dmodulate the model parame-
ters in order to adapt the robot movement to the new situation We denotetask parameters
to refer to the coordinate systems that describe the currenenvironmental situation, such

3We use the term coordinate system and frame of reference intechangeably in this thesis.
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as positions of objects in the environment. Themodel parametersrefer to the parameters
learned by the system to encode the movement.

3.2.1 Learning Model Parameters

We represent the task parameters withP coordinate systems, de ned by the coordinate
systemsf A ; b ng:1 , Wwhere A denotes the orientation of the coordinate system as a rota-
tion matrix and b; represents the origin of the coordinate systerft. The observations , are
observed from di erent coordinate systems forming a third ader tensor datasetf Ej )ggj;'il
with

=AM b (321)

3.2.1.1 Task-Parameterized GMM

The parameters of the task-parameterized GMM are dened by , =

fof 0 i(j)gjp:l o<,, where 1) and () dene the mean and the covariance
matrix of the i-th mixture component in frame P. Learning of the parameters is achieved
with the constrained problem of maximizing the log-likelihood under the constraints that
the data in the di erent frames are generated from the same aarce, resulting in an EM
process to iteratively update the model parameters until cavergence. The probability
of data point , to belong to the i-th Gaussian component at timet (E-step) in the

task-parameterized formulation is given by {Calinon 2014

E-step:
) -_1N( 9)1 i(J); i(J))
6B = ® —; (3.22)
K ; :
ok NP D D)
j=1
where @ N ( §j)j i(j); i(j)) represents the product of the probabilities of the datapoim

j=1
observed inP frames to belong toi-th Gaussian in the corresponding frame. Maximum like-

lihood estimates of the parameters remain the same as in a GMMxcept the computation
is repeated with respect toP di erent frames, i.e.,

4Without loss of generality, the frames can be time-varying d e ned at time t by fAy ;b gjpzl .
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M-step:
P
Dy
i t—% ti . (3.23)
N )
R e ;1 L (3.24)
t=1 't
P M Gy O 0
Q) o ha (0L 0N i)
iJ t=1 [ t i t i . (325)

P
T

3.2.1.2 Task-Parameterized HSMM

In order to learn the HSMM in the task-parameterized formulaion, we assume that the
emission distribution of the i-th state is represented by the product of the probabilitiesof
the datapoint observed in P frames to belong to thei-th Gaussian in the corresponding
coordinate system. Theforward variable of HMM in the task-parameterized formulation

is described as
TP-HMM X HMM ¥ G): G). G)y.
ti = t 1 & NCoT 5 (3.26)
i=1 i=1

Similarly, the backward variable g MM the smoothed node marginal AL

and the smoothed edge marginal (5™ can be computed by replacing the emission

distribution N( {j ;; i) in Eq. (3.9, Eg._(3.10 and Eqg. (3.11) with the product of

probabilities of the datapoint in each frame = [, N( {'j ;).

The initial state probability ; and the transition probability a;,, of moving to state m are

represented in the same mannef as that of HSMM. The parametsrof tgsk-parameterized
_ , K

HSMM are described by n =  iifamoko:f 1); i(’)gjpzl; S 5 .

n 1=

. . Ok
iifapm gz f i(’); i(”gjp:1 ., are estimated with intermediary variables de ned as

Parameters

above using EM in an iterative manner, while the parameters S; Sdgt, are estimated
empirically from the data after training similar to the HSMM case. The resulting EM steps
are summarized asTanwani 20164

E-step:
P tTE’-HMM tT_F’-HMM
TP-HMM  _— | | .
m;t;i - ; (3.27)
TP-HMM  TP-HMM
tk tk
k=1
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M-step:
P M_ TP-HMM
i m=1 m;L;i , (3.28)
P M I\é Tm 1 1P-HMM
=1  t=1 i i e
i Py PT, T am s (81 (3.29)
m=1 t=1 m;t;i
0 P M L P Lml TP-tH_MM @ )t
j = 1 mti mt |
i "M T Tn pHuM ’ (3.30)
m=1 t=1 mi
 Pu P am (O Oy O Oy
G4) m=1 t=1 mti  \ mt i m;t i 3 31)
i "M T Tm 1PHMM @.

m=1 t=1 m;t;i

The duration model N (sj 5; ) is used as a replacement of the self-transition probabiliéis
& . The hidden state sequence of the demonstrations is obtaideas,

z =argmax o™ (3.32)
; it

The hidden state sequence over all demonstrations is used e ne the duration model
parametersf 3; isg as the mean and the standard deviation of staying consecutive time
steps in thei-th state.

3.2.2 Adapting Model Parameters in New Situations

In order to de ne the model parameters in new situations, we nake use of two properties
of multivariate Gaussians:

Linear Transformation of Gaussians: If , follows Gaussian distribution N (u; ),
then the linear transformation of the data A ; + b in the coordinate systemf A ; bg follows
the distribution

A+b N (A +bA A): (3.33)

Product of Gaussians: ~ The product of two multivariate GaussiansN ( @; @) and
N( @; @) can be approximated as a multivariate GaussiarN ( P; P) with

N(P P IN (B @) N(©@; @y (3.34)
where, P = W4 @
P = p Qrowy @O

Intuitively speaking, the product of Gaussians gives a clasd form expression for minimizing
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Demonstrations Frame 1

Frame 2

Linear transformation

Product of Gaussians HSMM

# \A
s

N,

B — =TT

A A

Figure 3.3: Task-parameterized HSMM:(top-left) each demonstration is observed with
respect to framel (in purple) and frame 2 (in green) respectively, (top-center, top-right)

model is learned in respective coordinate systemgbottom-left) linear transformation of

Gaussians for new environmental situation described by caodinate systems in purple and
in green, (bottom-center) product of linearly transformed Gaussians and movement re-

duction for a new situation, (bottom-right) HSMM graphical representation.
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the cost on the resulting P,

P = arg min X RSN @ (3.35)
i=1
with a minimization error given by P. The product of P multivariate Gaussians follows
essentially the same principle. Using these two propertiesve adapt the model parameters
for a new unseen environmental situation described by the &mesfAj ;D gJ-F’:1 after the
training phase. The new model parameters ~;; ~;g for the i-th mixture component cor-
respond to the product of the linearly transformedi-th Gaussian components inP frames

v (i) (i) a7
N (~i;7i) / N A P+ A A (3.36)
j=1

Evaluating the product of Gaussian yields

0 1,
X .
= @ A& VA A
j=1
x L1 .
~i = T A’j i(J)A'J- A’j i(J)+bj : (3.37)
j=1
3.2.3 Sampling from HSMM
Given the new model parameters ~;; ~ig, and a sequence of observatiork ;;:::; g,
we are interested in predicting the probability of the hidden state sequence over the next
time horizon Ty, i.e., p(zt;Zzt+15:005 21, | 130005 ) [Tanwani 20164.

Starting from the initial datapoint 4, the probability of datapoint to belong to the i-th
mixture component is
HUM = iN( aj~i; i)
TR WN (e
The probability of the observed sequencé ;::: g to belong to a hidden statez; = i at
the end of the sequence (also known akering problem) is computed with the help of the

forward variable as

(3.38)

P(zej 10y )= hg" = Pt (3.39)

Sampling from the model for predicting the sequence of stateover the next time horizon
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can take two forms:

1) Stochastic Sampling:  The sequence of states is sampled in a probabilistic manner
given the state duration and the state transition probabilities. By stochastic sampling,
motions that contain di erent options and do not evolve only on a single path can also be
represented (seeGowrishankar 2013 for example). The procedure is as follows:

1. start from the initial state z = i,
2. sample thes duration steps fromf S; g,

3. sample the next transition state z;+ s+1 7+ from the transition probability ma-
trix,

4. repeat step 2 and step 3 untilT, duration steps.

2) Deterministic Sampling: The most likely sequence of states is sampled and remains
unchanged in successive sampling trials. We use the forwangriable of HSMM for deter-
ministic sampling from the model. The forward variable "™ , P(z = i; 1::1 4] )
requires marginalizing over the duration steps along with d possible state sequences. The
probability of a datapoint ; to be in state i at time step t given the partial observation

sequenced 1; ,;:::; {gis now specied as fu 2010
nﬂn(%?“;t 1))5 Yt
o= P e N(sj P D) N( o ~ii i) (3.40)
s=1 j=1 c=t s+l
where the initialization is given by ™ = | N(1j ?; ) N( 4 ~; i), and the
output distribution in state i is conditionally independent for the s duration steps given as
“ot 1 N( d ~i; 7). Note that for t <'s ™, the sum over duration steps is computed

fort 1 steps, instead ofs™®. Without the observation sequence for the next time steps,
the forward variable simpli es to

nﬂn(%?“;t 1))6
pe = P a N(sj P ) (3.41)

s=1 j=1
The forward variable is used to plan the movement sequence rfdhe next T, steps with
t=t+1:::Tp. During prediction, we only use the transition matrix and the duration
model to plan the future evolution of the initial/current st ate and omit the in uence of
the spatial data that we cannot observe, i.e.,N ( j~;; i) =1 for t> 1. This is used to
retrieve a step-wise reference trajectoryN ("; 1) from a given state sequence; computed
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Figure 3.4: Sampling from HSMM in the initial state , over the next time horizon and
tracking the step-wise desired sequence of statés(”; ") with a linear quadratic tracking
controller.

from the forward variable with,
zy = fz; i zrpg=argmax (M M=~ M= Ty (3.42)
i

Fig. 3.4 shows a conceptual representation of the step-wise sequenof states generated
by deterministically sampling from HSMM encoding of the Z-$iaped data. In the next
section, we show how to synthesise robot movement from thigep-wise sequence of states
in a smooth manner.

3.3 Decoding with Linear Quadratic Regulator/Tracking
(LQR/LQT)

In this section, we combine the generative models with a comonly used tool from control
theory to derive a control policy for the robot to perform manipulation tasks. The basic
idea is to formulate the regulation of the desired poséN ("y; ") at time t or the tracking
of the step-wise desired sequence of posis (";; ’\t)gtT:"l as long-term optimization of a
scalar cost function with a linear quadratic regulator (LQR) or a linear quadratic tracker
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(LQT) respectively. Note that other alternatives such as trajectory-HSMM can also be
used to smoothly follow the step-wise desired sequence ofsts [Zen 2007 Sugiura 2011.
We describe our formulation with the nite horizon case for tracking problem and then
show how the in nite horizon case follows naturally from the nite horizon case for both
continuous and discrete time linear systems.

3.3.1 Continuous LQR/LQT

The control policy u; at each time step is obtained by minimizing the cost functionover
the nite time horizon Tp,

Xp
G( ut) = (¢ "Qu( ¢ ")+ UiRuug (3.43)
t=1

st: 4= Aq + Bguy;

starting from the initial state ; and following the linear dynamical system speci ed byA 4
and B 4. Without loss of generality, we consider a linear time-invaiant double integrator
system to describe the system dynamics. Alternatively, a tne-varying linearization of
the system dynamics along the reference trajectory can aldoe used to model the system
dynamics as shown in the previous chapter. A physical analag of the double integrator
system is a unit mass attached to the datapoint ; and the control input u; applies a force
to drive the unit mass with no friction. The double integrator is de ned as

eff g g4 el
X = 01 Xt + 0 ut; (3.44)
Xt 0 0 xy I

with  =[x¢ X772 =[N ’\i‘f]’ , X; X_represent the position and velocity of the double
integrator system, and *{; ¥ denote the desired position and velocity to follow. Setting
A1l

Q=" 0;Rt 0, the control input u; that minimizes the cost function is obtained
by minimizing the Hamilton-Jacobi-Bellman equation [Bertsekas 201},

R ™BYPt( ¢ ")+ Ry 'Byds; (3.45)

KP(AY xo)+ KY(ME xi)+ Ry 'Bydy

Uy
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where[K £;K Y] = R, 'B%P are the full sti ness and damping matrices,R, 'B’d; is the
feedforward term, andP ; d; are the solutions of the following di erential equations

AP+ PiAy PB4R,ByP+ Q; (3.46)
Ayd; PBgR,Bydi+ P ", PAGM;

Py
de

with terminal conditions set to P, = 0 and dy, = 0. Note that the gains can be
precomputed before simulating the system if the referencerajectory does not change
during the reproduction of the task. The resulting trajectory ; smoothly tracks the step-
wise reference trajectory”; and the gainsK { ;K { stabilize , along  in accordance with
the precision required during the task.

For the case ofin nite horizon  with T,!'1  andQ, = Q in Eq. (3.3.]), the feedforward
termis setto zeroandP; ; = P{ = P is obtained by minimizing the Continuous Algebraic
Riccati Equation (CARE)

AP +PAy PB4R B3P +Q=0: (3.47)

To solve CARE, we de ne the Hamiltonian matrix

n #
A B4R B’
Ho= ~¢ 747 7d (3.48)
Q Ay
Eigendecomposition of the Hamiltonian matrix is used to extact the subspace oH 5 with
. . Vi .
negative real eigenvalues de ned as, , i.e.,
21
mn # n #
0 : Vi V
Ho=vVv v>: o owith v= 1 712 (3.49)
0 2 V 21 \ 2

The solution of algebraic Riccati equation solution givesP = V 5,V 11. The control law
for the in nite horizon case can now be expressed as

uy= R BWP(, ™) (3.50)

The value function for the in nite horizon case, V( {)=( { "ty P({ "), reveals that
the control law moves in the steepest descent direction of #value function P ( ; ).
The descent direction is projected onto the control space il B 4 and scaled with di erent
weights usingR 1.
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3.3.2 Discrete LQR/LQT

The discrete-time dynamical system for the double integrabr is de ned as,

A i e L P

It 13 t2
Xl Xty 2 Uy (3.51)
Xt+2 0 I Xt+1 | t

The control law u, that minimizes the cost function in Eq. (3.3.1) under nite horizon
subject to the linear dynamics in discrete time is given as,

uy = (R+B3PByg) "ByPiAg(( ") (R+B4PBq) "By(Pi(Ag® ")+ dy);
= K{("Y x)+ KY("E x) (R+ByPBq) 'By(Pi(Adh ")+ d); (352
where[K {;K{]= (R + B%PBy) 1B>dPtAO| are the full sti ness and damping matri-

ces for the feedback term, andR + B4P (B q) ! By(Pt(Ag"y 7¢)+ dy) is the feedfor-
ward term. P and d; are respectively obtained by solving the Riccati di erential equa-
tion and linear di erential equation backwards in discrete time from terminal conditions
Pr, = QTp anddr, = 0,

Py 1 Q, A%y PB4(R+B4PBg) 'ByP: Py Ag; (3.53)

di 1 = Ay AGPB4g(R+ByPiBy) lB>d Pi Ag™t "1 t di 1(3.54)

For the in nite horizon  case withT !' 1 and the desired pose®; = * , the control
law in (3.52 remains the same except the feedforward term is set to zerond P; ; =
P = P is the steady-state solution obtained by eigen value decongsition of the discrete
algebraic Riccati equation (DARE) in (3.53 [Borrelli 2011]. To solve DARE, we de ne
the symplectic matrix,
" 1 1 1 1 #
H = Ag+ B4R "BY(A4YQ BgR "BL(A4) : (3.55)
(Aq'rQ Ay

The eigenvectorsypH corrisponding to eigenvalues lying inside the unit circler@ used to
solve DARE. Let V% V3, denote the corresponding subspace &f p,, then the solution

of DARE is, P = V 51V, ! and the control law takes the form,
u = (R+B%PByg) BYPA4(; ") (3.56)

Both discrete and continuous time linear quadratic regulata/tracker can be used to follow
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tions.

S\I\I

L
s
l 100

Figure 3.6: Baxter valve opening task:(left) valve opening movement reproduction for a
training set on left and for an unseen valve con guration on ight, (right) resulting left-right

HSMM encoding of the task with duration model shown next to eah state (s™®* = 100)
HSMM

on left, and rescaled forward variable h{f"" = Pw, evolution with time on right.
tk

the desired poseftrajectory. The discrete time formulatian, however, gives numerically
stable results for a wide range of values oR. A similar treatment of decoding HSMM
with a batch solution of control inputs can be found in [Zeestraten 201% Fig. 3.4 shows
the results of applying discrete LQT on the desired step-wis sequence of states sampled
from an HSMM encoding the Z-shaped demonstrations.

3.4 Valve Opening Example

Valve opening task is a standard benchmark in robotics becase it can be applied to a wide
range of environments and applications. The goal is to bringhe valve in an open position
from di erent initial con gurations of the valve using the t orque-controlled Baxter robot
as shown in Fig. 3.5.
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Figure 3.7: Variance of the learned model along position andrientation variables in
coordinate system1 (top) and coordinate system2 (bottom). Invariant phase across all
demonstrations (highlighted in blue) is observed for compoents 3 and 5 in frame 1 and
frame 2 respectively.

The adaptive aspect of the task requires to ascertain whereot grasp the valve and
where to stop turning it. Consequently, we attach two frames one with the observed
initial con guration of valve fA;big and other with the desired end con guration of
the valve f A 5; bog (marked with a visual tag of O degree around the valve). We record
eight kinesthetic demonstrations with the initial con gur ation of the valve corresponding
to 180,135 90; 45, 157:5; 1125; 67.5; 22.59 degrees with the horizontal in the successive
demonstrations,n =1 :::8. The rst 4 demonstrations are used for the training test, while
the remaining 4 are used for the test set. Each observation comprises of than@-e ector
Cartesian position xP 2 R2, quaternion orientation "9 2 R4, linear velocity x{ 2 R3,
and quaternion derivative (estimated from angular veI00|y) "9 2 R* for a total of 14
dimensions per sample. Each demonstration is further dowmsnpled to a tqtal of 2p>0 dat-
apoinrt{s. For notational convenience, we dene { = [X{ X7 T with x; = x{ "® and

I>

x; = x{ " , and represent the frame as

RO o o (”)

2
: (n)
A(n>:§° " 0 %bm) E
J

0 ORJ-(”)
0 0 0 (”)

% ; (3.57)

where p(”) 2 RS R(”) 2 RS 3 E](”) 2 R* 4 denote the Cartesian position, the rotation
matrix and the quaternlon matrix of the j-th frame in the n-th demonstration respectively.
A sketch of di erent frames in the demonstrations can be seeiin top zoomed portion of
Fig. 3.6. Note that we do not consider time as an explicit variable as e duration model
in HSMM encapsulates the timing information locally.
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The number of Gaussians are empirically selected in this exgiment based on the impor-
tant phases in the task such as reaching, grasping, turningte. Alternatively, a Bayesian
information criterion, or a non-parametric approach basedon Dirichlet processes can also
be used for model selection as we will see in Chap. Performance setting in our ex-
periments is as follows:f i; ;; gk, are initialized using k-means clustering algorithm,
B =0:11;R =91, wherel is the identity matrix. Results of regenerating the movemers
with 7 mixture components are shown in Fig.3.6. For a given initial con guration of the
valve, the model parameters are adapted by evaluating the mduct of Gaussians for a new
frame con guration. The reference trajectory is then compued from the initial position of
the robot arm using the forward variable (see Fig. 3.6 for HSMM encoding) and tracked
using LQT. The robot arm moves from its initial con guration to align itself with the rst
frame f A 1; b1g to grasp the valve, and follows it with the turning movement to align with
the second framef A ,; bog before returning back to the home position. Fig.3.7 shows that
the task-parameterized formulation exploits variability in the observed demonstrations to
statistically encode di erent phases of the task. Here, reehing the valve and coming back
to home position have higher variability in the demonstrations, whereas aligning with the
frames for grasping/turning and stopping the valve have no bserved variations in their
respective coordinate systems. Consequently, the robot aris able to reach the valve from
di erent initial con gurations, grasp the valve and turn it to the desired position.

3.5 Conclusion

In this chapter, we have proposed a framework combining genative models, task adapt-
ability and optimal control for learning and reproduction of robot manipulation tasks.

The hidden semi-Markov model approximates the probability density function of the

demonstrations and segments the demonstrations into meangful components. Task-
parameterization of the model enables the robot to readily dopt for better generalization

in previously unseen environmental situations. By samplingthe sequence of states from
the model and following them with a linear quadratic tracking controller, we are able to
autonomously perform manipulation tasks in a smooth manner An interested reader is
encouraged to seeHignat 2017] for other robotic applications derived from the framework

presented here for learning robot manipulation skills.
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Dimensionality reduction has long been recognized as a fuathental problem in unsuper-
vised learning. Classical model-based generative modelend to su er from the curse of
dimensionality when few datapoints are available, as in the case of robot leaing from
demonstrations. Statistical subspace clustering methodaddress this challenge by using a
parsimonious model to reduce the number of parameters thatan be robustly estimated.
A simple way to reduce the number of parameters would be to catrain the covariance
structure to a diagonal or spherical/isotropic matrix, thereby, restricting the number of
parameters at the cost of treating each dimension separatgl Such decoupling, however,
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cannot encode the important motor control principles of coodination, synergies and action-
perception couplings Wolpert 2011].

In this chapter, we seek out a latent feature space in the higllimensional data to reduce the
number of model parameters that can be robustly estimated. Te role of latent space is to
decorrelate the data so that the mixture components map the dta onto the corresponding
subspaces to cope with insu cient or noisy training data. We base our formulation on low-
rank decomposition of the covariance matrix usingMixture of Factor Analyzers (MFA)
approach McLachlan 2003. We then exploit a technique for partially tying the covariance
matrices of the mixture model [Gales 1999 The technique associates or ties the covariance
matrices of the mixture model with a common latent space, ananly uses a diagonal matrix
for appropriate scaling of the basis vectors in the latent sace. We combine these latent
space models with hidden semi-Markov model and linear quadtic tracking controller
for encapsulating reactive autonomous behaviour as showm ithe previous chapter, and
show the suitability of our approach for learning manipulation tasks in robotics with the
task-parameterized formulation [Tanwani 20164.

4.1 Subspace Clustering

Gaussian mixture models approximate the probability dendy function of the demonstra-
tions as a convex combination ofK multivariate Gaussian distributions, each having a
mixing coe cient ;, mean ,;, and a covariance matrix ;. The number of parameters in
the covariance matrix ; grows quadratically with the dimension of datapoints D, lead-
ing to poor performance in high-dimensional spaces. Somepical solutions employed in
practice to address this challenge includeHouveyron 2014

Regularization:  To avoid numerical problems in inverting covariance matries, a
simple regularization term is added to each covariance matrix ; i+ | during
the maximization step of the EM loop. Other important regularization forms include
lasso and ridge regression in estimating covariance matrix

Dimensionality Reduction: Most of the work on clustering models in high
dimensional spaces has focused on global dimensionalitydeugction methods as a
pre-processing step. Notable examples include principalbmponent analysis (PCA),
factor analysis (FA) and linear discriminant analysis (LDA).

Parsimonious models: To avoid over- tting, a parsimonious structure is im-
posed on the covariance matrix with fewer model parameters. Common exam-
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ples in this category include isotropic/spherical covariamce, diagonal covariance,
and block-diagonal covariance. Note that the diagonal cov@ance structure corre-
sponds to a separate treatment of each variable. The assumph is also made
in movement encoding with DMPs [ljspeert 2013 that are widely used in many
robotics applications. Such assumptions, however, discds the important syn-
ergistic information among the variables shown in several wtor control studies
[Mussa-Ivaldi 1994 Todorov 2002 Hogan 2012

There are alternatives in learning mixture models in betwer the diagonal and the full
covariances that have rarely been explored in the context afobot skills acquisition. These
alternatives can be studied as a subspace clustering proloe that aims at grouping the
data such that they can be locally projected in a subspace oeduced dimensionality. Sub-
space clustering models learn multiple subspaces to encotie data according to their local
trend, i.e., they perform segmentation and dimensionalityreduction simultaneously. Note
that subspace clustering is not the same as performing clusting and dimensionality re-
duction separately [Ghahramani 1997. A broad range of these models encompasses sparse
subspace clustering Elhamifar 2013, DP-space clustering YWang 2014, high-dimensional
data clustering (HDDC) [Bouveyron 2007, parsimonious models Bouveyron 2014, mix-
ture of factor analyzers (MFA) [McLachlan 2003 or mixture of probabilistic principal com-
ponent analyzers (MPPCA) [Tipping 1999]. We brie y review here a couple of pertinent
methods for statistical subspace clustering (see als€alinon 2014 for a review).

4.1.1 High-Dimensional Data Clustering

High-dimensional data clustering (HDDC) performs both sulspace clustering and regu-
larization by modeling each cluster with a set ofd; principal eigenvectors(d; < D) cor-
responding to eigenvalues j; , and uses a spherical variance for the remaining directions
with the eigenvalue ; such that

1 ¥

=5 i (4.1)

d.
Vj=di+1

The eigenvalue ; replaces the lastD d; eigenvalues of ; in order to reconstruct a full
covariance matrix (see alsoBouveyron 2007).
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Figure 4.1: Parameters representation of a diagonal, fulld mixture of factor analyzers
decomposition of covariance matrix. Filled blocks repres# non-zero entries.

4.1.2 Mixture of Factor Analyzers (MFA) Decomposition

The basic idea of MFA is to perform subspace clustering by assning the covariance struc-
ture for each component of the form,

i= 03t i (4.2)

where ; 2 RP 9 s the factor loadings matrix with d<D for parsimonious representation
of the data, and  is the diagonal noise matrix (see Fig4.1 for MFA representation in
comparison to a diagonal and a full covariance matrix). Furter structure can be imposed
on the factor loading matrix and the noise matrix to yield a family of parsimonious models
[McNicholas 2008. For example, the mixture of probabilistic principal component analysis
(MPPCA) model is a special case of MFA with the distribution of the errors assumed to
be isotropic with =1 2 [Tipping 1999]. The MFA model assumes that , is generated
using a linear transformation of d-dimensional vector of latent (unobserved) factord ,,

= ifet (4.3)

where ; 2 RP is the mean vector of thei-th factor analyzer, f ; N (0;1) is a normally
distributed factor,and " N (0; ;) is a zero-mean Gaussian noise with diagonal covariance

i. The diagonal assumption implies that the observed varialds are independent given
the factors. The goal of MFA is to model the covariance structire of ; such that,

¢ N Cao i 7+ ), (4.4)

where the joint distribution of | and f ; is,

"# " # " #1
t N i . i >I + i i . (4 5)
fi 0’ > |
The model parameters = f i; ; i; igiKzl are estimated from the data using an EM

algorithm [Ghahramani 1997 McNicholas 200§ summarized as
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E-step:
N )
hy = P ) (4.6)
ket kNCel ok kK
M-step:
Pt
_q e
e (4.7)
T
Py
t=1 hi; t.
i f T ) (4.8)
i SiBj(I B; i+B;iSiB}) 4 (4.9)
i diag (diag (S; iBiSi)); (4.10)
i i >i+ i (411)

whereS; is the sample covariance matrix andB ; is the projection of , to the latent space
such that, zj ; B ( t) with,

Pr .

S = _t=1 t;l(PtT hi)-( t i) ; (4.12)
t=1 "'ti

Bi= ( i3+ &L (4.13)

CS 2+ 3 sk (4.14)
1 > >

2 St(Si Si i ey (4.15)

: P+ A (4.16)

The MFA modeling approach can be combined with deep learningtrategies to learn a
hierarchical structure of layers in latent space Tang 2013. Coordinated MFA has found
its application in robotics in tracking 3D human movement from motion capture data
[R. Li 2010], and more recently for learning trajectories in robot progamming by demon-
stration framework [Field 2015.

The hypothesis of MFA models can be viewed as less restricedhan HDDC models based
on eigendecomposition since the subspace of each class dnesneed to be spanned by
orthogonal vectors, whereas it is a necessary condition in ogels based on eigendecompo-
sition such as PCA Bouveyron 2007.

Note that each covariance matrix of the mixture component inHDDC and MPPCA has
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its own subspace spanned by the basis vectors of;. As the number of components
increase to encode more complex skills, an increasing largember of potentially redundant

parameters are used to t the data. Consequently, we advoca the need to share the
basis vectors across the mixture components. This conceptas rst exploited in speech
processing where the covariance matrices in output state gaence of a Hidden Markov
Model (HMM) were tied to a common linear transform [Gales 1999. Parameter tying, for

example, has been used to robustly estimate the density pamaeters with thousands of
states in a HMM for building phone models [Leggetter 1995.

To the best of our knowledge, the concept of tying covariancenatrices in mixture models
to encode manipulation skills in robotics has not been usedWe are interested in exploit-
ing the coordination patterns in the demonstrations by semitying the model parameters,
while reducing the number of parameters that can be robustlyestimated. We extend the
method to a task-parameterized model and encode the state dation and transition with
a hidden semi-Markov model to enable the handling of previcsly unseen situations in an
autonomous manner as seen in the previous chapter.

4.2 Semi-Tied Mixture Model

When the covariance matrices of the mixture model share theane set of parameters for

the latent feature space, we call the model @emi-tied Gaussian mixture model. The main

idea behind semi-tied GMMs is to decompose the covariance mrx  into two terms:

a common latent feature matrix H 2 RP P and a component-speci ¢ diagonal matrix
(@29) 5 RD D g

= H R0y (4.17)

The latent feature matrix encodes the locally important syrergistic directions represented
by D non-orthogonal basis vectors that are shared across all thaixture components, while

the diagonal matrix selects the appropriate subspace of eaanixture component as convex
combination of a subset of the basis vectors off . Depending upon the sparsity of the
convex combination, there are multiple subspaces to choosén other words, we search for
a global linear transformation of the data such that the transformed data can be modelled
by a mixture of diagonal covariance matrices only:

In high-dimensional spaces, Gaussian mixture componentsitiv full covariance matrices

!Note that the eigen decomposition of ;| = U; i(diag) U7 contains D basis vectors of ; in Uj. In

comparison, semi-tied mixture model gives D globally representative basis vectors that are shared across
all the mixture components.
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Figure 4.2: (left) Semi-tied mixture model encoding of Z-shaped data witt8 components
and basis vectors shown at the origin,(right) pairwise correlation among the mixture
components of semi-tied GMM (see sectiod.2.2 for details).

tend to over- t the training data when the data is noisy and/o r the number of datapoints
is insu cient. By tying the covariance matrices, the mixture components are forced to
align along a set of common coordination patterns. This is &o in line with biological
motor control where the central nervous system (CNS) is bedived to generate complex
movements by temporal modulation of postural synergiesdAvella 2003]. The implemen-
tation of postural synergies corresponds here to the basisetors ofH , while the diagonal
matrix of each mixture component i(diag) modulates the basis vectors in time for e cient

encoding of complex tasks.

To illustrate the concept of semi-tied model parameters, cosider the 3-dimensional Z -
shaped demonstrations in Fig.4.2. Encoding with semi-tied GMM reveals the locally
important basis vectors comprising the latent feature spae H . In contrast, PCA here
would yield orthogonal basis vectors along the directions fdargest variance globally. Note
that the basis vectors are not required to be orthogonal in tle semi-tied GMM. It can
be seen in Fig. 4.2 that the basis vector in red is shared across the rst and the hird
mixture component, while the basis vector in green is sharedcross the rst and the second
mixture component. The basis vector in blue is tied only to the second mixture component.
This yields high correlation between the rst and the third mixture component, and low
correlation of the second Gaussian component with other miire components (see right
of Fig. 4.2).
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4.2.1 Maximum Likelihood Parameter Estimation

We are interested in maximum likelihood estimates of the pammeters of semi-tied GMM,

=ff i _(dlag) gI +,;H g. Given the initial set of parameters , Substituting the ex-

pression for ; from Eq. (4.17) in the auxiliary function [ Dempster 1977 yields,

1 XX, o N .
QN 3 hg log 2§ i § 't
t=1 i=1 I I
XX, . (dag) | ;
1 hy 2log( ) log J_E.ZJ Fg- @0 1g i . (418
t=1 i=1 5]
whereB = H 1; { = i, and htA;i = p(ij t;") is the probability of data point  to

belong toi-th Gaussian component at timet. Setting @3& b) and @g(glag)) equal to 0, and

solving for B and (29

to compute the maximum likelihood estimate of parameters (se [Gales 1998 for details).
Following this, we get a row-by-row optimisation of B, with by (d-th row of B) related to
all other rows by the cofactor of B ,

respectively results in an expectatlon-maxmlzation proedure

by = CdG ! —I; (4.19)

where cq is the d-th row of cofactors of B with C = cof(B ) recomputed after each update
of by,

C = (B”) 'Bj; (4.20)
)6 1 XT A

Gd = WSI ht;i ) (421)
i=1 id t=1

where i(f:jag) is the d-th diagonal element of thei-th Gaussian, andS; is the full sample

covariance matrix given by p
_ ;r: h | It It> .
Si = : (4.22)

T A
t=1 ht;i

f i(diag)

The corresponding maximum likelihood estimate o is computed as

(@29) - diag (BS B>): (4.23)
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Algorithm 4 Semi-Tied Gaussian mixture model

Input:  ff g;;K; STg
procedure EM Semi-Tied_GMM

1: Initialize the parameters: ff ;; ; igiKzl;Bg
2: repeat , )
. s NG
3 ht;i ._PI E:lAkN( ok k)P .
4 R ;I—:l ht;i . L= F;r:l ht;i t
. b T ' . ;r:l hlI;i
5.  Compute S; using Eq. (4.22
6: repeat ‘
7: Compute @29 ysing Eq. (4.23
8: for d:=1 to D do
9 Compute C using Eq. (4.20
10: Compute G4 using Eq. (4.21)
11: Compute by using Eq. (4.19
12: end for

13: until B converges

14:  H := B 1; compute ; using Eq. (4.29

15:untl L(j):= [,log <, iN( i; i) converges with
16: return =f . 0 94

Note the variational nature of optimisation where the current estimate of i(diag) is depen-

dent on B and vice versa. BothB and “®9 are iteratively improved in each EM step
and the likelihood is guaranteed to increase at each step.

The mixture components of a semi-tied GMM tend to align them®lves towards the basis
vectors of H. To analyze the impact of this alignment on the encoding of meement
synergies, we introduce aying factor ST 2 [0; 1] that controls the degree of tying of the
full covariance matrices with the semi-tied covariance maices, i.e.,

= STH Wap- 4 ssg; (4.24)

where ST =1 gives a semi-tied GMM, ST =0 leads to a standard GMM, and(0 < 5T <
1) yields a family of models with intermediate tying of the bass vectors. The overall
algorithm is summarized in Alg. 4.
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4.2.2 Analysis of Semi-Tied Mixture Models
4.2.2.1 Number of Parameters N

The number of parameters forK covariance matrices in semi-tied GMM is smaller than
the number of parameters for full covariance matrices in GMM(D? + KD compared to
% of GMM respectively). The decrease in number of parameterssiaccompanied
with additional computational cost of nding B and i(diag) in semi-tied GMM. Compared
to semi-tied GMM, standard GMM only requires the estimate ofS; in Eq. (4.22 for the
covariance matrix update in each M step. More importantly, £mi-tied GMM reveals the
latent structure in the data and can be exploited to deal with noisy/insu cient data.

4.2.2.2 Correlation of Mixture Components

To analyse the encoding of semi-tied GMMs, we de neM . 2 RK K as the correlation
matrix that gives pairwise correlation coe cient between each pair of covariance matrices
in the mixture model, i.e.,

M ¢=corr vec( ,) vec( ) vec( «) (4.25)

wherevec( ;) above corresponds to the elements of; in vector form, and mc(i;j ) de nes

the correlation between the corresponding pair of mixture omponents. The metric is based
on the observation that correlation among the mixture compments is higher if they share
the same subspace as in semi-tied GMM.

4.2.3 Whole Body Motion Capture Data - Chicken Dance Example

The dataset consists of two subjects performing the chickedance, publicly available from
the CMU motion capture database [Gross 200). The dance involves rapid and brisk whole
body limb movements with D = 94 corresponding to the recorded timestampsT 11
seconds) and the3-dimensional position of31 joints for one subject, thereby, making it a
challenging problem for the algorithm.

Results of the regenerated dance movement sequence with mixture components and500
downsampled datapoints are shown in Fig.4.3. The plots on bottom right show a generic
trend where semi-tied GMM ( T = 1) requires more mixture components to model the
training data in comparison to a standard GMM ( ST = 0). Decreasing the tying factor
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Figure 4.3: Chicken dance movement for the two subjects is siwn in blue and red. Regen-
erated movement for the subject in red is shown in green usinGaussian mixture regression.
Two plots on bottom right show comparison of mean squared ear (MSE) and the number
of parameters N, of covariance matrix in log 10 scale with increasing number of mixture
componentsK . Time is in seconds, = 1 represents semi-tied GMM, whereas = 0
corresponds to a standard GMM.

in a semi-tied GMM gradually pushes the solution towards a sindard GMM as seen with

ST = 0:6 and the resulting MSE curve. The number of parameters, howear, remain an
order of magnitudes lower for a semi-tied GMM (.5; 886 only in comparison to 334 875
for a standard GMM with 75 mixture components). Pairwise correlation comparison in
Fig. 4.4 reveals that the correlation among the mixture components a de ned in Eq. 4.25
increases with the semi-tied GMM in comparison to the corredtion observed with the
standard GMM.

4.3 Task-Parameterized HSMM in Latent Space

As seen in the previous chapter, task-parameterized modelsrovide a probabilistic for-
mulation to adapt the model parameters for better generaliation in new environmental
situations. As a quick recap, the demonstrations are obseed in P frames of reference
de ned by the coordinate systemsfA;; b; gjpzl. The corresponding hidden state sequence
fzgl, with z. 2 1:::K g belongs to the discrete set oK cluster indices,a 2 RK K with
aij , P(z =]jzx 1= 1) denotes the transition probability of moving from state i to state
j,f 3, Pgrepresent the mean and the standard deviation of staying consecutive steps in
state i estimated by a GaussianN (sj 5; ). The hidden state follows a multinomial dis-
tribution with zz  Mult( 4 ,) where , , 2 RX is the next state transition distribution
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Figure 4.4: Pairwise correlation comparison among the mixire components for whole body
motion capture data: (left) training with standard GMM, (right) training with semi-tied
GMM.

over state z; 1, starting from the initial state distribution i. The demonstrations ob-
served from di erent frames of reference form a third order énsor datasetf E‘)ggj;zl with
E‘) = At;jl( t btj). The output distribution of state i in frame j is described by a mul-
. o
i

tivariate Gaussian with parametersnf g. The parameters of a task-parameterized

. . Ok
HSMM are de ned as before, p = j;faim -, ;f i(‘); i(‘)gjpzl; S5 9
1=

We assume that each Gaussian groups the data in its intrinsidatent space of reduced
dimensionality. We use the semi-tied representation of theparameters where the co-
variance matrices of the mixture model in each frame share aommon latent space of
the basis vectorsH () 2 RP D, and a component speci ¢ diagonal matrix @29 2
RP D that appropriately maps the subset of basis vectors in the lent space, i.e.,
st () @29 1y G 4 (1 s7)SY) [Tanwani 20164. Learning of the model param-
eters is performed in the same manner as described in Se®&.2.1.2 except the latent
space parametersH (); i(j )(diag) g are estimated as described in Alg.4 for each frame.
Increasing =" from 0 to 1 increases the e ect of tying the mixture components in the
task-parameterized formulation. Note that the generalizéion to MFA decomposition is
straightforward by setting ) = i(j) i(j)> + 9 and estimating the latent space param-

| [
eters as described in Eq. 4.9) and Eq. (4.10 for each frame respectively.

For a new environmental situation represented by the framed A7 ;b gjpzl, the resulting
model parametersf ~;; ~;g are obtained by rst linearly transforming the Gaussians in the
P frames with

iy, ~()y _ | , N
NDi == oA DA U8 (4.26)

and then computing the products of the linearly transformedGaussians for each component
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Figure 4.5: Baxter valve opening movement reproduction for a unseen valve con guration:
(left) encoding with task-parameterized HSMM ( 5T = 0), (right) encoding with task
parameterized semi-tied HSMM ( 5T = 1). Note that the mixture components are better
aligned and scaled in task-parameterized semi-tied HSMM thn task-parameterized HSMM
with full covariance matrices.

with

Y _ .
N(~;: i) / N (=00, ~D)y: (4.27)
X o1
- ~0) - ()
P = @. DAL= ( -0

i=1 j=1

Note that the latent space dimension of the product of Gaussins is de ned by the minimum

of corresponding subspace dimensions of the Gaussians h frames, i.e., if the latent

space dimension of Gaussians in each frame is the same, théelg space dimension of
the resulting product of Gaussians is also the same. The degerate Gaussians signify
the important directions in the demonstrations along which the movement is constrained
during reproduction. The adapted model parameters in a newitiation are used to retrieve

a smooth trajectory with linear quadratic tracking as shownin the previous chapter.
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4.3.1 Valve Opening Comparison

In the previous chapter, we introduced the valve opening tals using the torque-controlled
Baxter robot. Here, we compare its performance with the taskparameterized semi-tied
HSMM for exploiting the coordination patterns and reusing the synergistic directions such
as when reaching the valve and when coming back to a neutral ijat angle con guration
(home position).

Results of the regenerated movements witlY mixture components for task-parameterized
HSMM with and without semi-tied parameters are shown in Fig. 4.5. It can be seen that
the semi-tied mixture components are better aligned and sdad, while independently mod-
eling each covariance matrix is prone to over- tting. Semitying model parameters allows
encoding of similar coordination patterns with a set of bas vectors. The alignment of cor-
related mixture components improves the generalization aility of the model in previously
unseen situations.

Table 4.1 quanti es the encoding results with di erent values of ST. We can see that the
task-parameterized semi-tied HSMM( ST = 1) drastically reduces the number of param-
eters and yields better testing error than training error canpared to task-parameterized
HSMM with ST =0.

Table 4.1: Performance analysis of tying factor 7 in task-parameterized semi-tied HSMM
with training MSE, testing MSE, number of covariance matrix parameters using7 mixture
components and2 frames, and time required for training the model in secondslUnits are
in meters.

sr || Training Testing | Number of Training
MSE MSE Parameters | Time (s)
valve opening
0:0 0.0021 0:0146 1470 2.45
0:5 0:0038 0:0119 1470 5:40
1.0 0:0040 0.0119 588 9:78
pick-and-place via obstacle avoidance
0:0 0.0023 0:0138 1470 2.21
0:5 0:0028 0:0129 1470 4:73
1.0 0:0033 0.0127 588 1021

4.3.2 Pick-and-Place with Obstacle Avoidance Example

The objective in this task is to place the object in a desired &rget position by picking it
from di erent initial positions and orientations of the obj ect, while adapting the movement
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Figure 4.6: (left) Baxter robot picks the glass plate with a suction lever and plaes it on
the cross after avoiding an obstacle of varying height(right) reproduction for previously
unseen object and obstacle position.

Training Set

Figure 4.7: Task-Parameterized Semi-Tied HSMM performane on pick-and-place with ob-
stacle avoidance task:(top) training set reproductions, (bottom) testing set reproductions.
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to avoid the obstacle. The setup of pick-and-place task withobstacle avoidance is shown
in Fig. 4.7. The Baxter robot is required to grasp the glass plate with a sation lever
placed in an initial con guration as marked on the setup. The obstacle can be vertically
displaced to one of the8 target con gurations. We describe the task with two frames,
one for the object initial con guration with fA1;b1g as de ned in Eg. (3.57) and other
for the obstaclefA ,; b,g with A, = | and b, to specify the centre of the obstacle. We
collect 8 kinesthetic demonstrations with di erent initial con gur ations of the object and
the obstacle successively displaced upwards as marked withe visual tags in the gure.
Alternate demonstrations f 1; 3; 5; 7g are used for the training set, while the rest are used
for the test set. Each observation comprises of the end-e g¢or Cartesian position x{ 2
R3, quaternion origntation "9 2 R% linear velocity x{ 2 R® , and quaternion derivative
"P2 R*with = xP "o xP ", D =14;P =2, and a total of 200 datapoints per
demonstration.

During evaluation of the learned task-parameterized semiied HSMM, we can see that the
robot arm is able to generalize e ectively by following a sinilar pattern to the recorded
demonstrations in picking and placing the object (see Fig.4.7 for reproductions). The
model even proves robust to the examples requiring extrapation of the training data.
Table 4.1 depicts a similar trend to the valve opening task, thereby vefying the e cacy
of the proposed method for learning manipulation tasks.

4.4 Conclusion

In this chapter, we have presented generative models in laté space for robust learning
and adaptation of robot manipulation tasks. We have presergd a technique to tie the
covariance matrices of the mixture model with a shared set dbasis vectors. The approach
is based on the hypothesis that similar coordination pattens occur at di erent phases in
a manipulation task. By exploiting the spatial and temporal correlation in the demon-
strations, we reduced the number of parameters to be estimatl while locking the most
important synergies to cope with perturbations. This allowed the reuse of the discovered
synergies in di erent parts of the task having similar coordnation patterns. In contrast,
the MFA decomposition of each covariance matrix separatelyannot exploit the temporal
synergies, and has more exibility in locally encoding the dta. Recently, semi-tying model
parameters has also been shown to explain multiple movemenin generating calligraphic
movements Berio 2017. We have shown that the task-parameterized semi-tied HSMM
encoding enables the robot to autonomously deal with di er@t situations in manipulation
tasks with much fewer parameters and better generalizatiorability. This has enabled the



4.4. Conclusion 95

Baxter robot to tackle valve opening and pick-and-place via bstacle avoidance problems
from previously unseen con gurations of the environment.
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Adapting statistical learning models online with large scde streaming data is a challeng-
ing problem. Bayesian non-parametric mixture models provié exibility in model selec-
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tion, however, their widespread use is limited by the compuational overhead of exist-
ing sampling-based and variational techniques for inferete. Small variance asymptotics
is emerging as a useful technique for inference in large seaBayesian non-parametric
mixture models. This chapter analyses the online learning forobot manipulation
tasks with Bayesian non-parametric mixture models under smia variance asymptotics
[Tanwani 2016¢ Tanwani 20160. The analysis gives ascalable online sequence cluster-
ing (SOSC) algorithm that is non-parametric in the number of clusters and the subspace
dimension of each cluster. SOSC groups the new datapoint itsi low dimensional subspace
by online inference in a non-parametricmixture of probabilistic principal component ana-
lyzers (MPPCA) based on Dirichlet process, and captures the state fansition and state
duration information online in a hidden semi-Markov mode(HSMM) based on hierarchical
Dirichlet process. Task-parameterized formulation of ourapproach autonomously adapts
the model to changing environmental situations during manpulation. We apply the algo-
rithm in a teleoperation setting to recognize the intention of the operator and remotely
adjust the movement of the robot using the learned model. Thegenerative model is used
to synthesize both time-independent and time-dependent beaviours by relying on the
principles of shared and autonomous control. Experiments ith the Baxter robot yield
parsimonious clusters that adapt online with new demonstréions and assist the operator
in performing remote manipulation tasks.

demonstrations SOSC model motion synthesis

non-parametric online learning

U N N NN
SN\ NN

=1 K=3 K=3 K=3 K=3
d={1} d={1,1,0} d=1{2,1,1} d=1{2,21} d={2,2,1}

Figure 5.1: SOSC model illustration with Z-shaped streamig data composed of multiple
trajectory samples. The model incrementally clusters the dta in its intrinsic subspace.
It tracks the transition among states and the state duration steps in a non-parametric
manner. The generative model is used to recognize and syntsize motion in performing
robot manipulation tasks.
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5.1 Background and Related Work

With the inux of high-dimensional sensory data in robotics, an open challenge is to
compactly encode the data online so that the robots are ableat perform under vary-
ing environmental situations and across range of di erent isks. Online/Incremental
learning methods update the model parameters with streaming data, vihout the need to
re-train the model in a batch manner Neal 1999 Song 2005 Incremental online learning
poses a unique challenge to the existing robot learning metids with high-dimensional
data, model selection, real-time adaptation and adequate @uracy or generalization af-
ter observing a fewer number of training samples. Non-paraetric regression methods
have been commonly used in this context such as locally weitgd projection regression
[Vijayakumar 2005], sparse online Gaussian process regressidaijgberts 2013 and their
fusion with local Gaussian process regressiomfuyen-Tuong 2009. Kulic et al. used
HMMs to incrementally group whole-body motions based on th& relative distance in
HMM space [Kulic 2008]. Lee and Ott presented an iterative motion primitive re ne ment
approach with HMMs [Lee 20104 Kronander et al. locally reshaped an existing dynamical
system with new demonstrations in an incremental manner whé preserving its stability
[Kronander 2015. Hoyos et al. experimented with di erent strategies to inaementally
add demonstrations to a task-parametrized GMM Hoyos 2016. Bruno et al. learned
autonomous behaviours for a exible surgical robot by onlire clustering with DP-means
[Bruno 2014.

Bayesian non-parametric  treatment of the HMMs/HSMMs provides exibility in model
selection Igy maintaining an appropriate probability distribution over parameter values,
P({) = P( )P()d. They automate the number of states selection procedure by
Bayesian inference in a model with in nite humber of states Beal 2002 Johnson 2013
Niekum et al. used the Beta Process Autoregressive HMM for leaing from unstructured
demonstrations Niekum 2013. The authors in [Garg 2016 Krishnan 2018 de ned a hier-
archical non-parametric Bayesian model to identify the trarsition structure between states
with a linear dynamical system. Figueroa et al. used the trasformation invariant co-
variance matrix for encoding tasks with a Bayesian non-pararatric HMM [ Figueroa 2017.
Inferring the maximum a posteriori distribution of the parameters in non-parametric mod-
els, however, is often di cult. Markov Chain Monte Carlo (MC MC) sampling or variational
methods are required which are di cult to implement and often do not scale with the size
of the data. Although attractive for encapsulating a priori information about the task, the
computational overhead of existing sampling-based and véational techniques for inference
limit the widespread use of these maodels.



100 Chapter 5. Bayesian Non-Parametric Online Generative Mod els

Recent analysis of Bayesian non-parametric mixture modelsnder small variance asymp-
totic (SVA) limit has led to simple deterministic models that scale well with large size
applications. For example, as the variances of the mixture mdel tend to zero in
a GMM, the probabilistic model converges to its determinisic counterpart, k-means,
or to its non-parametric Dirichlet process (DP) version, DP-Means Kulis 2012]. SVA
analysis of other richer probabilistic models such as depeent DP mixture models
[Campbell 2013, hierarchical Dirichlet process (HDP) [Jiang 2013, in nite latent feature
models Broderick 2013, Markov jump processes Huggins 201%, in nite hidden Markov
models Roychowdhury 2013, and in nite mixture of probabilistic principal componen t
analysers (MPPCA) [Wang 2019 leads to similar algorithms that scale well and yet retain
the exibility of non-parametric models.

This chapter builds upon these advancements in small variase asymptotic analysis of
Bayesian non-parametric mixture models. We present a non-pametric online unsu-
pervised framework for robot learning from demonstrations which scales well with se-
guential high-dimensional data. We formulate online infeence algorithms of DP-GMM,
DP-MPPCA, and HDP-HSMM under small variance asymptotics. We then learn a task-
parameterized generative model online for encoding and mioin synthesis of robot manip-

ulation tasks.

In this chapter, we seek to incrementally update the parametrs with each new observa-
tion .1 without having to retrain the model in a batch manner and store the demonstra-
tion data. We present an online inference algorithm for clutering sequential data, called
scalable online sequence clustering (SOSC). SOSC increntaly groups the streaming data

in its low-dimensional subspace by online inference in the ifichlet process MPPCA under

small variance asymptotics, while being non-parametric inthe number of clusters and the
subspace dimension of each cluster. The model encapsulatihg state transition and the

state duration information in the data with online inference in an HSMM based on HDP.
A task-parameterized formulation of the model is used to adpt the model parameters to
varying environmental situations in a probabilistic manner [Tanwani 20164. The proposed
approach uses the learning from demonstrations paradigm téeach manipulation tasks to

robots in an online and intuitive manner. We show its applicdion in a teleoperation

scenario where the SOSC model is built online from the demotrations provided by the

teleoperator to perform remote robot manipulation tasks (®e Fig.5.1 for an overview of
our approach). The chapter contains the following,

Online inference algorithms for DP-GMM, DP-MPPCA and HDP-HSMM under
small variance asymptotics,
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Non-parametric SOSC algorithm for online learning and moton synthesis of high-
dimensional robot manipulation tasks,

Task-parameterized formulation of the SOSC model to systemtically adapt the
model parameters to changing situations such as positionfientation/size of the
objects,

Learning manipulation tasks from demonstrations for semiautonomous teleopera-
tion.

5.2 Problem Formulation under Small Variance Asymptotics
(SVA)

indices at time t, and the observation ; is drawn from a multivariate Gaussian with
mixture coe cients ¢ 2 R, mean ; 2 RP and covariance ¢ 2 RP P attime t.

We seek to update the parameters online upon observation of @ew datapoint ,;, such
that the datapoint can be discarded afterwards. Small varimce asymptotic (SVA) analysis
implies that the covariance matrix t; of all the Gaussians reduces to the isotropic noise
2 ie., ¢ lim 2 o 21 [Kulis 2012, Broderick 2013 Roychowdhury 2013. Note that
if the covariance matrices +; of all the mixture components in a GMM are set equal to the
isotropic matrix 21, the expected value of the complete log-likelihood of the da a.k.a.
the auxiliary function, Q( omm; Q9v) = E 10gP( zij ovmm) i o 9y . takes the
form [Dempster 1977
]
i k%
2 2

X D k
PGj ; Q4) log i Elogz 2 t (5.1)

i=1

Applying the small variance asymptotic limit to the auxiliary function with
K2

lim 2, 0Q( omm; 4y ). the last term k‘—zz“ﬁ dominates the objective function and

the maximum likelihood estimate reduces to thek-means problem! i.e.,

maxQ( owm; Suw)=argmink ; K3 (5.2)
Zt; ¢

1SVA analysis of the Bayesian non-parametric GMM leads to the DP-means algorithm [Kulis 2012].
Similarly, SVA analysis of the HMM yields the segmental k-means problem [Roychowdhury 2013].
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Figure 5.2: SOSC parameter representation using non-paragtric HSMM with non-
parameter MPPCA as observation distribution given the streaming data ; »;::: ;.

By restricting the covariance matrix to an isotropic/spherical noise, the number of pa-
rameters grows up to a constant with the dimension of datapait D. Although attractive
for scalability and parsimonious structure, such decouphtg cannot encode the important
motor control principles of coordination, synergies and ation-perception couplings as we
have seen in the previous chapter. Consequently, we furtheassume that thei® output
Gaussian groups the observation , in its intrinsic low-dimensional a ne subspace of di-

mension d;; at time t with projection matrix g}” 2 RP i such that dii <D and

ti = g}” g}” + 2| . Under this assumption, we apply the small variance asympttic
limit on the remaining (D dt;) dimensions to encode the most important coordination

patterns while being parsimonious in the number of parametes.

In order to encode the temporal information among the mixture components, leta; 2
RK K with aj , P(z = jjz 1 = i) denote the transition probability of moving from
state i at time t 1 to state j at time t. The parametersf £; g represent the mean
and the standard deviation of stayings consecutive time steps in state estimated by a
GaussianN (sj &; £). The hidden state follows a multinomial distribution with z
Mult ( , ,) where , , 2 RX is the next state transition distribution over state z 1,
and the observation ; is drawn from the output distribution of state j, described by a
multivariate Gaussian with parametersf ;; ;g (see Fig.5.2for graphical representation
of the problem). The K Gaussian components constitute a GMM augmented with the
state transition and the state duration model to capture the sequential pattern in the
demonstrations.

The overall parameter set of SOSC is represented by tsosc =
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n 0k
v wifaimdh=1s &) & . .2 We are interested in updating the parameter
TR

set tsosc online upon observat_iclm of a new datapoint ;,,, such that the datapoint can
be discarded afterwards. We rst apply the Bayesian non-paraetric treatment to the
underlying mixture models and formulate online inference kyorithms for DP-MPPCA and
HDP-HSMM under small variance asymptotics. This results ina non-parametric online
approach to robot learning from demonstrations.

5.3 SVA of DP-GMM

In this section, we review the fundamentals of Bayesian nongrametric extension of GMM
under small variance asymptotics using the parameter subse gum = i; i; igiK:1 and
present a simple approach for online update of the parameter

5.3.1 Dirichlet Process GMM (DP-GMM)

Consider a Bayesian non-parametric GMM with Chinese Restaurant Proces§{CRP) prior
over the cluster assignment with PP as concentration parameter,zz  CRP( PP), and
non-informative prior over cluster means with% as small constant, ; N (0;%l p). The
likelihood function for a set of datapoints is evaluated as

. % W .
P(z; )= N i 2): (5.3)
i=1 t=1

The parametersz and are obtained by maximizing the posterior distribution

argmaxP(z; j )/ argmin logP( ;z; ): (5.4)

K;z;u K;z;u

Computing the joint posterior distribution and setting PP =exp( )

¥ ¥

P( 1z, )= P(4z; )P@)P( )= N (4 i 1) CRP(exp( 5—)) N (0;%Ip):
i=1 t=1

(5.5)

Taking the log of the joint posterior distribution and applying the SVA lim it lim 2, g yields
the DP-means algorithm [Kulis 2012]. The limit pushes the posterior mass on one of the
clusters leading to a deterministic assignment based on thdistance of the datapoint to

2with a slight abuse of notation, we represent the parameters with an added subscript t for online
learning. For example, «n denotes the parameters of 1 at time t.
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the nearest cluster. The resulting loss functionL (z; ) to optimize is given as

-
argmin lim  logP( {;z; ) argminL(z; )=argmin XX K ik§+ K: (5.6)
Kizzu 200 K;z;u Kiziu g =1
The algorithm is similar to k-means algorithm except that it is non-parametric in the
number of clusters. The algorithm iteratively assigns the @dtapoint(s) to its nearest cluster
center, and if any of the datapoints are farther away from thecluster center than a certain
threshold , a new cluster is created with the distant datapoints and a pealty added
to the loss function. The algorithm converges to a local mimhum just like the k-means
algorithm.

5.3.2 Online Inference in DP-GMM

In the online setting, we want to update the parameters gum With each new observation
t+1 such that the loss function in Eg. (5.6) is minimized. The update consists of the cluster
assignment step and incremental update of parameters step.

5.3.2.1 Cluster Assignment  zi41:

In the online setting, the cluster assignmentz;+; for new datapoint ., is based on the
distance of the datapoint to the existing cluster means. If he minimum distance is greater
than a certain threshold , a new cluster is initialized with that datapoint; otherwis e the
assigned cluster prior, mean and the corresponding numberf alatapoints Wi+1.7,, are
incrementally updated. We can thus write,

8
< 2. e
k ks if K
z41 = argmin Ot H J
jEliK +1 - : otherwise.

(5.7)
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5.3.2.2 Parameters Update t+1:GMM -

Given the cluster assignmentz+1; = i and the covariance matrix set to i = 2|, the
parameters are updated with

t+1;i = tgi+1

L
t+1
1

t+15i = Wi i v a1 (5.8)

where wy; is the weight assigned to thei-th cluster parameter set at time t to control the
e ect of the parameter update with the new datapoint at time t+1 relative to the updates

seen till time t (see next section for updates oW+ ).

Loss function L(Z+1; (412, ): The loss function optimized at time stept +1 is

L(Zt+1; (415200 ) = K + K (41 t+1;241 k% L (Zt+s1} 200 ) (5.9)

It can be seen that direct application of small variance asymtotic limit with isotropic Gaus-
sians severely limits the model from encoding important comlination patterns/variance
in the streaming data. We next apply the limit to discard only the redundant dimensions
in a non-parametric manner and project the new datapoint in alatent subspace by online
inference in a Dirichlet process mixture of probabilistic pincipal component analyzers.

5.4 Online DP-MPPCA

In this section, we consider the problem formulation with amixture of probabilistic principal
component analyzers(MPPCA) using the parameter subset mppca = f ;; }’ di giKzl.
We consider its non-parametric extension with the Dirichld process under small variance
asymptotics and present an algorithm for online inference.

5.4.1 Dirichlet Process MPPCA (DP-MPPCA)

The basic idea of MPPCA is to reduce the dimensions of the datahile keeping the observed
covariance structure. The generative model of MPPCA approinates the datapoint ; as
a convex combination ofK subspace clustersTipping 1999

X
P(4d mprca)= P@=0D)N(4j i & &+ 21y (5.10)
i=1
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where P(z; = i) is the cluster prior, f’ 2 RP d s the projection matrix with d < D

and d = d;, izl is the isotropic noise coe cient for the i-th cluster, and the covariance
structure is of the form ;= ¢ ?b + 2| .2 The model assumes that ;, conditioned on
z = i, is generated by an a ne transformation of d-dimensional latent variable f , 2 RY

with noise term " 2 RP such that

et fo N (Ol "N (0 A1) (5.11)

The model parameters of MPPCA are usually learned using an Bxectation-Maximization

(EM) procedure [Tipping 1999]. But in this case, both the number of clustersK and the
subspace dimension of each clustat need to be specied a priori, which is not always
trivial in several domains.

Bayesian non-parametric extension of MPPCA alleviates the ppblem of model selection
by de ning prior distributions over the number of clusters K and the subspace dimension
of each clusterd; [Zhang 2004 Chen 201Q Wang 2015. Similar to DP-GMM, a CRP prior

is placed over the cluster assignmengz; CRP( PP), along with a hierarchical prior over

the projection matrix }ji and an exponential prior on the subspace rankd;  r% where
r 2 (0;1). Applying small variance asymptotics on the resulting parially collapsed Gibbs
sampler leads to an e cient deterministic algorithm for subspace clustering with an in nite

MPPCA [Wang 2013. The algorithm iteratively converges by minimizing the loss function

X X
L(z;d; ;U)= K + ¢ di+ dist( ; ,;UD)3 (5.12)

where dist( ; Zl;Ugt)2 represents the distance of the datapoint ; to the subspace of
cluster z; de ned by mean , and unit eigenvectors of the covariance matrixU gt (see Eq.
(5.13 below), and ; 1 represent the penalty terms for the number of clusters and th
subspace dimension of each cluster respectively. The algitym optimizes the number of
clusters and the subspace dimension of each cluster while minizing the distance of the
datapoints to the respective subspaces of each cluster. Nothat the clustering objective is
similar to the DP-means algorithm except that the distance © the cluster means is replaced
by the distance to the subspace of the cluster and an added palty is placed on choosing
clusters with more subspace dimensions. In other words, DBMM is the limiting case of
DP-MPPCA with very large penalty on the subspace dimension.

3Note that MPPCA is closely related to MFA, and uses isotropic noise matrix instead of the diagonal
noise matrix used in MFA as we have seen in the previous chapte.
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5.4.2 Online Inference in DP-MPPCA

In the online setting, we seek to incrementally update the peameters tmppca ( wmpPPcA

at time t) with the new observation ;,; without having to retrain the model in a batch

manner and store the demonstration data. The parameters arepdated in two steps: the
cluster assignment step followed by the parameter updatestep.

5.4.2.1 Cluster Assignment  zj41:

The cluster assignmentz., of .,; in the online case follows the same principle as
in Eq. (5.7), except the distance is now computed from the subspace of aluster
dist( 115 ¢ ;Ug?i )2, de ned using the di erence between the mean-centered dataoint
and the mean-centered datapoint projected upon the subspadJ f'f' 2 RP % spanned by

the d; unit eigenvectors of the covariance matrix, i.e.,

. dt;i dt;i dt;i z

dist( (41 t;i,Ut;i )= (a1 t;i) iUt;i Ut;i ( t+1 t;i) 2; (5.13)
where 2!
k ik
i = exp t+1 bm i ™2
weighs the projected mean-centered datapoint according tthe distance of the datapoint
from the cluster center(0 < ; 1). Its e ectis controlled by the bandwidth parameter b,.

If by is large, then the far away clusters have a greater in uencegtherwise nearby clusters
are favored. Note that | assigns more weight to the projected mean-centered datapni
for the nearby clusters than the distant clusters to limit the size of the cluster/subspace.
Our subspace distance formulation is di erent from Wang 2019 as we weigh the subspace
of the nearby clusters more than the distant clusters. This Hows us to avoid clustering
all the datapoints in the same subspace (near or far) togethre The cluster assignment is
deterministically updated using

8
< g . N2, g
dist povia U )S ifi K
Zt41 = argmin (et il . (5.14)
i=1K +1 - otherwise.
5.4.2.2 Parameter Updates t+1 :MPPCA

Given the cluster assignmentz;+; = i at time t+1, the prior and the mean of the assigned
cluster are updated in the same way as DP-GMM (see Eq.58)). Depending upon the
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nature of the streaming data, wi+1:; can be updated as follows:

For stationary online learning problems where the data is sapled from some xed
distribution, we update the weight w1 ;i linearly with the number of instances be-
longing to that cluster, namely

Wiepsi = Wi +1; Wo;i =1: (5.15)

For non-stationary online learning problems where the distibution of streaming data
varies over time, we update the weight vector based on theligibility trace that
takes into account the temporary occurrence of visiting a peicular cluster.* The
trace indicates how much a cluster is eligible for undergoim changes with the new
parameter update. The trace is updated such that the weightsof all the clusters are
decreased by the discount factor 2 (0;1) and the weight of the visited cluster is
incremented, i.e., the more often a state is visited, the higer is the eligibility weight
of all the previous updates relative to the new parameter updte, namely

8

< . .
Wei +1; ifi= 2z
Wt+15i = I o ’ (5.16)
Wtis if i 6 Zt41:

For non-stationary problems where learning is continuous ad may not depend upon
the number of datapoints, the weight vector is kept constantw;+1 = Wy = w at
all time steps as a step-size parameter.

The covariance matrix could then be updated online as

Wr;i ' Wi
b —
Wi +1 ! (wyi +1)2

t+1i = (41 1) a1 1) (5.17)
However, updating the covariance matrix online in D-dimensional space can be pro-
hibitively expensive for even moderate size problems. To wate the covariance matrix
in its intrinsic lower dimension, similarly to [Bellas 2013, we computeg;, ; 2 RY% as the
projection of datapoint ., onto the existing set of basis vectors otJ f'f' . Note that the
cardinality of basis vectors is di erent for each covariane matrix. If the datapoint belongs
to the subspace olU ?}' , the retro-projection of the datapoint in its original space, as given
by the residual vector p,,;; 2 RP, would be a zero vector; otherwise the residual vector

belongs to the null space ofU ?}' , and its unit vector p,;.; needs to be added to the

“Eligibility traces are commonly used in reinforcement lear ning to evaluate the state for undergoing
learning changes in temporal-di erence learning [ Sutton 1998].
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existing set of basis vectors, i.e.,

dt;i >

Oeri = Uy (e ti);
dei _
Pter;i = (8 t+1 t;i) Ut;? Ota1:is
Poss . -
_ <ﬁ if Kpgsq;ik, > 0
Btt1:i = . 2 .
" Op; otherwise.

The new set of basis vectors augmented with the unit residualector is represented as

d; dei . .
Ut:l;i = [Ut;ti‘ y Pre1:i] Ry (5.18)

where Ry+1; 2 R(@&i *D) (& *1) js the rotation matrix to incrementally update the aug-
mented basis vectors.R 41 is obtained by simplifying the eigendecomposition problem

dti di dei ~ .
t+15i = Util;i §+If;gi) Util;i : (5.19)
dt;i

Substituting the value of +1;; from Eq. (5.17) and U} ; from (5.18) yields the reduced
eigendecomposition problem of sizédi; +1) (di +1) with

" (diag) # ) i
Wi ti Od‘?i + _ Wi O g>t+1;i iQt+1;i = Ryst i (diag) R>.. .-
Wi +1 Oy 0 (wgi +1)2 G 2 i1 Mg
(5.20)

where | = B i( 141 t+1+)- Solving for R+1 ;i and substituting it in Eq. ( 5.18 gives
the required updates of the basis vectors in a computationit and memory e cient manner.
The subspace dimension of the-th mixture component is updated by keeping an estimate
of the average distance vectoe; 2 R® whosek-th element represents the mean distance
of the datapoints to the (k 1) subspace basis vectors dﬂEi for the i-th cluster. Let
us denote ; as the vector measuring the distance of the datapoint ;,; to each of the
subspaces ofJ 't‘, for the i-th cluster wherek = fO:::(d;j +1)g, i.e.,

2
dist( 1415 t+1:U ?+1 ;i)2
= 5 . 5.21)
R dij +1
dlSt( t+1  t+1 (i ;U til i )2
where dist( {41 ; t+1;i;U§’+1;i)2 is the distance to the cluster subspace with0 dimension
(the cluster center point), diSt( {11; +1:: Utl+1;i)2 is the distance to the cluster subspace
with 1 dimension (the line), and so on. The average distance vect@. ;; and the subspace
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online DP-GMM
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Figure 5.3: Non-parametric online clustering of Z-shapedtseaming data under small vari-
ance asymptotics with: (top) online DP-GMM, (bottom) online DP-MPPCA.

dimension di+1 ; are incrementally updated as

Wei€ei + i (5.22)
(0]

di+1i =argmin - 1d+ €41 (5.23)
d=0:D 1

et+1.- =
3 \Altj + ]_ .

Given the updated set of basis vectors, the projection mats and the covariance matrix
are updated as

q_—
d +1i d +1 ;i di .
pe=ugn 9y (5.24)

— O di+1;i” 2.
t+l5i = t+1;i| t+1;i| + I (5.25)

dt+1 Zt+1

Loss function L (Zi+1;0t+1 2001 5 t+1:2001 > Uts1:20, )¢ THe lOss function optimized at time
stept+1 is

. i Gtz N : . o Gtz 2
L(Zzt+1: 0412001 5 t41 200 1Yt 20g ) = K+ 101200 Y AiSt( 115 412000 s YU et 7y )

LZ t+1 )

d
L (Zt+l ’ dt;2t+1 v 4Zt4+1 ’U t,Zt41
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The loss function provides an intuitive trade-o between the tness term
dist( t4q; t+1;zt+1;U?+t-;_1;;zzti+11 )2 and the model selection parametersK and di. In-
creasing the number of clusters or the subspace dimensiontble assigned cluster decreases
the distance of the datapoint to the assigned subspace at theost of penalty terms and

1. Parameters of the assigned cluster are updated in a greedyanner such that the
loss function is guaranteed to decrease at the current timetsp. In case a new cluster is
assigned to the datapoint, the loss function at timet is evaluated with the cluster having
the lowest cost among the existing set of clusters. Note thasetting di; = 0 by choosing

1 0 gives the same loss function and objective function as the tine DP-GMM

algorithm with isotropic Gaussians.

To illustrate the di erence of encoding between online DP-neans and online DP-MPPCA,
we evaluate the performance of the algorithms on a Z-shape@-dimensional stream of
datapoints with penalty parameters f = 35; 2 = 100g for online DP-GMM, and

f =14; 1 =2; 2=1;b, =1 10g for online DP-MPPCA. Fig. 5.3 shows that
online DP-GMM under small variance asymptotics fails to repesent the variance in the
demonstrations with d = 0, whereas the number of clusters and the subspace dimension
adequately evolves for online DP-MPPCA to model the underlyng distribution.

5.5 Online HDP-HSMM

We now consider the Bayesian non-parametric extension of HSM and present our in-
ﬁremental formulation to gitimate the parameters of an innite HSMM, , Hsum =

oonfamdlo; S8 o where the output distribution of i-th state is represented
by a parsimonious multivariate GaussianN ( ;; % % + 2|). Compared to the previ-
ous section, transition probabilities and an explicit state duration model for each state are
introduced as additional parameters.

5.5.1 Hierarchical Dirichlet Process HSMM (HDP-HSMM)

Specifying the number of latent states in an HMM/HSMM is often di cult. Model selec-
tion methods such as cross-validation or Bayesian Informatin Criterion (BIC) are typically
used to determine the number of states. Bayesian non-paranmiét approaches compris-
ing of HDPs provide a principled model selection procedure yoBayesian inference in an
HMM/HSMM with an in nite number of states. Interested reade rs can nd details of
DPs and HDPs for specifying an in nite set of conditional transition distribution priors in
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[Teh 2004.

HDP-HMM [ Beal 2002 Van Gael 200§ is an in nite state Bayesian non-parametric gen-
eralization of the HMM with HDP prior on the transition distr ibution. In this model, the

state transition distribution for each state follows a Dirichlet processG; DP( PP:Gy)

with concentration parameter PP and shared base distributionGg, such that Gy is the

global Dirichlet processGo DP( PP;H) with concentration parameter PP and base
distribution H . The top level DP enables sharing of the existing states witta new state
created under a bottom level DP for each state and encouragessiting of the same con-
sistent set of states in the sequence. Let denote the weights ofGg in its stick-breaking

construction [Sethuraman 1994, then the non-parametric approach takes the form

j DP GEM( DP);
ij DP; DP( DP; ),
f ;o Wdg H;
z; Mult ( 2 ,);
dze NCCp B A
where GEM represents the Gri ths, Engen and McCloskey distribution [ Pitman 2002], and
we have used the parsimonious representation of a Gaussiaor the output distribution of
a state without loss of generality.

Johnson et al. presented an extension of HDP-HMM to HDP-HSMMby explicitly
drawing the state duration distribution parameters and precluding the self-transitions
[Johnson 2013 Other extensions such as sticky HDP-HMM Fox 2004 add a self-
transition bias parameter to the DP of each state to prolong he state-dwell times. We
take a simpler approach to explicitly encode the state duraibn by setting the self-transition
probabilities to zero and estimating the parametersf S; Sg empirically from the hidden

Note that learning the model in this Bayesian non-parametricsetting involves computing
the posterior distribution over the latent state, the output state distribution and the tran-

sition distribution parameters. The problem is more challeging than the maximum likeli-
hood parameter estimation of HMMs and requires MCMC samplig or variational inference
techniques to compute the posterior distribution. Performing small-variance asymptotics
of the joint likelihood of HDP-HMM, on the other hand, yields the maximum aposteriori
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estimates of the parameters by iteratively minimizing the bss functior?

X
L(z;d; ;U;a)=  dist( ; ,;U%)%+ (K 1)
t=1
X k1 X
+ 1 d 2 log(az:z., )+ 3 (i 1)
i=1 t=1 i=1
where ,; 3 > 0 are the additional penalty terms responsible for prolongig the state
duration estimates compared to the loss function in Eq. $.12. The , term favours the
transitions to states with higher transition probability ( states which have been visited more
often before), 3 penalizes for transition to unvisited states with ; denoting the number
of distinct transitions out of state i, and ; 1 are the penalty terms for increasing the
number of states and the subspace dimension of each outputate distribution.

5.5.2 Online Inference in HDP-HSMM

For the online setting, we denote the parameter set ysym at time t as  tpysum - Given
the observation .,;, we now present the cluster assignment and the parameter uade
steps for the online incremental version of HDP-HSMM.

5.5.2.1 Cluster Assignment  zi41:

The datapoint ., is assigned to clusterz., based on the rule

8
, o _ : §
dist( {415 tis U t;;’ )2 2log a7, i if fagz,.i > 0,1 Kg
(5.26)
T i:?:K+1 k=1 Crzek t1
(5.27)
1 .
2logP— + 3 otherwise, (5.28)

k=1 Ctzek +1

where ¢ is an auxiliary transition variable that counts the number of visits from state
i to state j till time t. The assignment procedure evaluates the cost on two main t¢eria:
1) distance of the datapoint to the existing cluster subspaes given by dis{ (.1, ¢; Ug} ),
and 2) transition probability of moving from the current state to the state a;,,i. The

5Setting di = 0 by choosing 1 0 gives the loss function formulation with isotropic Gaussia n under
small variance asymptotics as shown in [Roychowdhury 2013].
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procedure favours the next state to be one whose distance frothe subspace of a cluster
is low and whose transition probability is high, as seen in Eq(5.26). If the probability
of transitioning to a given state is zero, an additional pen#ty of 3 is added along with

a pseudo transition count to that state 21— . Finally, if the cost of transitioning

k=1 Ctz k +1 ’
to a new state at subspace distance in Eg. (5.298 is lower than the cost evaluated in Eq.

(5.26 and Eq. (5.27), a new cluster is created with the datapoint and default paameters.

5.5.2.2 Parameter Updates t+1 ;HSMM

. . . . dt:i
Given the cluster assignmentz;+; = i, we rst estimate the parameters .1 4;U 1 5 Gesa i

and 41 following the update rules in Eqgs 6.8), (5.18), (5.23 and (5.25, respectively.
We update the transition probabilities via the auxiliary tr ansition count matrix with

Ct+1;z0;2001 = Ctzeszean T 1; (529)

X
A+lizizn = Qtlizoza = Glizoke (5.30)
k=1

To update the state duration probabilities, we keep a count 6 the duration steps s; in
which the cluster assignment is the same, i.e.,

8

< .
st+1; if zey1 = zt;
St = t t+1 t (5.31)
-0 otherwise.

Let us denoten;,, as the total number of transitions to other states from the shte z; till

time t. When the subsequent cluster assignment is di erentz;+1 6 z;, the duration count is
reset to zero,si+1 = 0, the transition count to other states is incremented,nt+1 -z, = Ntz +1,
and the duration model parametersf ;.,; 1,9 are updated as

S
S _ s (st £2.)
t+1;z¢ = tz¢ + 7nt;2t " 11 y (532)
8+1z = €z +(St ts;zt)(st tS+1;zt); (5.33)
€41z, .
B = (5.34)
Nt;z,

dt+1 Zt+1

Loss function L (Zt+1;0t+1 2001 5 t+1:2001 3 Ytsl 210y o+ Qi+l 52020, ) THE parameters updated
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at time step t + 1 minimizes the loss function

dt+1 Zt+1

L (Zt+1 ; dt+1 Zte1 0 t+l 1Zt+1 ;U t+1 ;241 1 At+1 5737041 ) = (K 1) + 1dt+1 1Zt+1 2 Iog(aZt 1Zt+1 )
. ) ) O+1 Zt+1 \2
t o3 ozt d'St( t+1  t+1;Z¢41 0 U t+1;z¢41 )

iz 4y

L (Zt+1 ;dt;zt*'l ; tZt+1 ’U ,Zt+1 ;at;zt;zt+1 ): (535)

A decrease of the loss function ensures that the assigned star parameters are updated
in an optimal manner. In case a new cluster is assigned to theatlapoint, the loss function
at time t is evaluated with the cluster having the lowest cost among tk existing set of
clusters.

Remark: Note that » encourages visiting the more in uential states, and 3 restricts
creation of new states. We do not explicitly penalize the demation from the state dura-
tion distribution in the cluster assignment step or the lossfunction, and only re-estimate
the parameters of the state duration in the parameter updatestep. Deviation from the
state duration parameters may also be explicitly penalizedas shown with small variance
asymptotic analysis of hidden Markov jump processesHuggins 2015.

5.6 Scalable Online Sequence Clustering (SOSC)

SOSC is an unsupervised non-parametric online learning abgithm for clustering time-
series data. It incrementally projects the streaming data m its low dimensional subspace
and maintains a history of the duration steps and the subsegent transition to other sub-
spaces. The projection mechanism uses a non-parametric Bily linear principal component
analysis whose redundant dimensions are automatically dimrded by small variance asymp-
totic analysis along those dimensions, while the spatio-taporal information is stored with
an in nite state hidden semi-Markov model. During learning, if a cluster evolves such that
it is closer to another cluster than the threshold , the two clusters are merged into one
and the subspace of the dominant cluster is retained. The ovall algorithm is shown in
Alg. 5.

The algorithm yields a generative model that scales well in igher dimensions and does
not require computation of numerically unstable gradientsfor the parameter updates at
each iteration. These desirable aspects of the model comesaacost of hard/deterministic
clusters which could be a bottleneck for some applicationsNon-parametric treatment aids
the user to build the model online without specifying the nunber of clusters and the sub-
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Algorithm 5  Scalable Online Sequence Clustering (SOSC)
Input: < ;15 2 3 %bg >
procedure SOSC
1: Initialize K :=1;fdox; Cokk ; gk NoK; & g:=0
2: while new .., is addeddo
3:  Assign clusterz4; to .1 using cases in Eq. %.26), Eq. (5.27) and Eq. (5.28

4:  if zz+1 = K +1 then

5: K:=K+1;, 1k = ¢ w1k = 2

6: fd+1:k 5 etk 5 (?Id;K s N1k s €+1:k9:=0

7. else

8: Update ,;.,,, using Eq. (5.8

9: SolveRy41 :7,,, , Update U?ﬁzl‘;zﬂ using Eq. (5.19

10: Update d;+1:7,,, using Eq. (6.23

11 Update +t+1:7,, using Eq. (5.29

12:  endif

13: Update Ci+1 ;252001 5 41520200 using Eq. 6291 (53@
14: if zi+1 = z then

15: St+1 = St t+1
16: else
17: St+1 =0 Nt+1:7, = Niz, 1

18: Update 2., using Eq. (5.32
19: Update e+1-7, using Eq. (6.33
20: Update 2., using Eq. (6.34 for ny,, > 1

21:  endif

22: Zt = Zt41

23: fori:=1to K do

24: if K (412, ri K2 < then {i 6 z.1}
25: Merge_Clusters(zi+1 ;i)

26: end if

27:  end for

28: end while
20: return o = 5 wisfag 9l B SO




5.6. Scalable Online Sequence Clustering (SOSC) 117

N\

K=1 =3 —3
d={1} d=1{1,1,0} d={2,1,1}
K=1 =3 K=14
d={1} d=1{1,1,0} - {1,1,1,1}

Figure 5.4. Non-parametric online clustering of Z-shapedtseaming data under small vari-
ance asymptotics with di erent ordering of data on top and batom can lead to di erent
models.

space dimension of each cluster, as the parameter set growsttwthe size/complexity of
the data during learning. The penalty parameters introducel are more intuitive to specify
and act as regularization terms for model selection based othe structure of the data.
Note that the order of the streaming data plays an important role during learning, and
multiple starts from di erent initial con gurations may le ad to di erent solutions as we
update the model parameters after registering every new sante (see Fig.5.4). Alterna-
tively, the model parameters can be initialized with a batchalgorithm after storing a few
demonstrations, or the parameters can be updated sequentig in a mini-batch manner.
Systematic investigation of these approaches is subject thuture work.

5.6.1 Task-Parameterized Formulation of SOSC

Task-parameterized models provide a probabilistic formudtion to deal with di erent real
world situations by adapting the model parameters in accordnce with the external task
parameters that describe the environment/con guration/situation, instead of hard coding
the solution for each new situation or handling it in an ad hoc manner [Wilson 1999
Tanwani 20169d. When a di erent situation occurs (position/orientation of the object
changes), changes in the task parameters/reference framaee used to modulate the model
parameters in order to adapt the robot movement to the new sitiation.

For the online setting, we represent the task parameters wit P coordinate systems, de ned
by fA¢;; by ng:1 , WhereA¢; denotes the orientation of the frame as a rotation matrix and
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byj represents the origin of the frame at timet. Each datapoint , is observed from the
viewpoint of P di erent experts/frames, with ) = A'( ¢ by) denoting the datapoint

observed with respect to framﬂ The parameters of the task- parargeterlzed SOSC model

are dened by ytphsum = f ?,), E’l)gj _ifagm o1 S S L where E‘l) and

(’) de ne the mean and the covariance matrix ofi-th mixture component in frame j at
tlme t. Parameter updates of the task-parameterized SOSC algohim remain the same
as described in Alg.5, except the computation of the mean and the covariance matx is
repeated for each coordinate system separately.

In order to combine the output of the experts for an unseen sitation represented by the
framesf Ay ; By gjpzl, we linearly transform the Gaussians back to the global coatinates
with f A’y ; B gjp=1 , and retrieve the new model parameterg ~; ; ~¢; g for the i-th mixture
component by computing the products of the linearly transfemed Gaussians
.~ ¥ () : (i) -
N (~¢is Tei) / N Ay gt By ; A ti A-t;j : (5.36)
j=1

The product of Gaussians can be evaluated in a closed form stion with

. S 1
i <t At E;Ji)AW;j A (J) + By
j=1
0 1,
X DI
=@ At g At A (5.37)

Under the small variance asymptotics, the loss function at ime stept + 1 for the task-
parametrized SOSC model with the resultingN (~.1 .7,,, s “t+1:z., ) Yields

. . Git iz —
L (Zt+1 ) dE+1 Zt+1 v t+15Zi4r 0 U‘t+1 Zt41 ! ;41 Zt i Zt+1 ) - (K 1)+ 1dE+1 Zt+1 2 IOg(aZt;ZHl )

d{*'l Zt+1 \2
+ 3 zi+1 + dlSt( t+1 y T+l Z[+1 ’ t+1 Zi+1 )

iz 41
L (Zt+l ’ dE;ZH.l ’ ~t;zt+1 ’Utzt+1 ’ tZt Zt+1 )

Giet iz44q

t+1:7.,, COITEsponds to the basis vectors of the resulting t+1:z,,, and Gt+1.2,,, =

where O
min; dﬂr)l 2.1 » 1-€., the product of Gaussians subspace dimension is de déby the minimum
of corresponding subspace dimensions of the GaussiansRnframes for the z;+; mixture

component.
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5.7 Experiments, Results and Discussions

In this section, we rst evaluate the performance of the SOSCmodel to encode the syn-
thetic data with a 3-dimensional illustrative example followed by its capabilty to scale in
high dimensional spaces. We then consider a real-world apphtion of learning robot ma-
nipulation tasks for semi-autonomous teleoperation with he proposed task-parameterized
SOSC algorithm. The goal is to assess the performance of th€®©SC model to handle noisy
online time-series data in a parsimonious manner.

Figure 5.5: Online streaming data generated from a left-rigt cyclic HSMM on top and

encoding with the SOSC model on bottom: (left) K = 4, d¢ is randomly chosen,t =

1:::250Q (middle) K =4, d¢ = D dg, t =2501:::500Q (right) K =6, dg is the same
as before,t =5001:::7500Q
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Figure 5.6: Evolution of K and dx with number of datapoints.

5.7.1 Synthetic Data

5.7.1.1 Non-Stationary Learning with 3-Dimensional Data

We consider a3-dimensional stream of datapoints , 2 R® generated by stochastic sampling
from a mixture of di erent clusters that are connected in a left-right cyclic HSMM. The
centers of the clusters are successively drawn from the imeal [ 5;5] such that the next
cluster is at Ieast4IO D units farther than the existing set of clusters. Subspace diension
of each cluster is randomly chosen to lie up tdD 1) dimensions (a line or a plane for
3-dimensions), and the basis vectors are sampled randomly ithat subspace. Duration
steps in a given state are sampled from a uniform distributio in the interval [70; 90] after
which the data is subsequently generated from the next clugr in the model in a cyclic
manner. A white noise ofN (0; 0:04l ) is added to each sampled data point. Model learning
is divided in three stages: 1) for the rst 2500instances, the number of clusters is set td
and the subspace dimension of each cluster is xed, 2) for theubsequent2500instances,
we change the subspace dimension of each cluster@@ dy) for k =1 :::K (for example,
a line becomes a plane), while keeping the same number of dess, and 3) two more
clusters are then added in the mixture model for the next2500 instances without any
change in the subspace dimension of the previous clustersh& parameters are de ned as
f =36, 1=0:35 ,= 3=0:025 2=0:15h, =50g. The weights of the parameter
update are based on eligibility traces as in Eq.%.16) with a discount factor of 0:995

Results of the learned model are shown in Fig5.5. We can see that the SOSC model is
able to e ciently encode the number of clusters and the subspce dimension of each cluster
in each stage of the learning process. The model projects dadatapoint in the subspace of
the nearest cluster, in contrast to theK -means clustering based on the Euclidean distance
metric only. The model is able to adapt the subspace dimensioof each cluster in the
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Figure 5.7: (left) Learned HSMM transition matrix and state duration model representa-
HSMM

tion with s™® = 150, (right) rescaled forward variable,hif" = p -t sampled
' k=1 tk

from initial position.

Figure 5.8: SOSC model evaluation to encode synthetic higbimensional data. Results are
averaged overlOiterations. Black dotted lines indicate the reference value (top-left) silhou-
ette score (SS),(top-middle) normalized mutual information score (NMI), (top-right) time

in seconds,(bottom-left) average distance between learned cluster means and groundith,
(bottom-middle) number of clusters, (bottom-right) average subspace dimension across all
clusters.
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second stage of the learning process and subsequently inporate more clusters in the
nal stage with the non-stationary data. Fig. 5.6 shows the evolution of the number of
clusters and the subspace dimension of each cluster with th&treaming data. Note that
the encoding problem is considerably hard here as the modelasts with one cluster only
and adapts during the learning process. Clusters that evolyto come closer than a certain
threshold are merged during the learning process. Figh.7 shows the graphical model
representation of the learned HSMM with the state transitions and the state duration
model, along with a sample of the forward variable generatedrom the initial position.

5.7.1.2 Stationary Learning with High-Dimensional Data

In this experiment, we sample the data from a stationary distibution corresponding to
the rst stage of the previous example whereK =4 and the subspace of each cluster does
not change in the streaming data. Dimensionality of the datais successively chosen from
the set D = f10;25;50; 759, and the number of instances are varied for each dimension
from the set T = f100Q250Q500Q 7500y. Parameter is experimentally selected for
each experiment to achieve satisfying results, and the wetigs of the parameter update are
linearly incremented for each cluster. Fig.5.8 shows the performance of the SOSC model
to encode data in high dimensions averaged ovelO iterations. Our results show that the
algorithm yields a compact encoding as indicated by high vales of the averagesilhouette
score (SS)2 and the normalized mutual information (NMI) score,’” while being robust to
the intrinsic subspace dimension of the data and the number foclusters.

5.7.2 Tracking Screwdriver Target and Hooking Carabiner Ex amples

We are interested in learning the task-parameterized SOSC atdel online from the tele-
operator demonstrations and provide a probabilistic formdation to predict his/her in-
tention while performing the task. The model is used to recogize the intention of the

5Silhouette score (SS) measures the tightness of a cluster riative to the other clusters without using
any labels,

b a |
maxfai;bg’
where a; is the mean distance of ; to the other points in its own cluster, and b is the mean distance of

i to the points in the closest ‘neighbouring' cluster.

"Normalized mutual information (NMI) is an extrinsic inform  ation-theoretic measure to evaluate the

alignment between the assigned cluster labelsZ and the ground truth cluster labels X,

1(Z;X) )
[H(Z)+ H(X)]=2"

SS, SS2[ 1;1];

NMI(Z;X) , NMI (Z;X) 2 [0; 1];

where | (Z; X) is the mutual information and H (X) is the entropy of cluster labels X.
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Figure 5.9: Semi-autonomous teleoperation with the Baxter obot for guided assistance of
manipulation tools: (left) screwdriving with a frame attached to the movable target,(right)
hooking a carabiner with a frame attached to a rotatable rod. The target for screwdriver
is a given pose, while the carabiner can be hooked anywhereoal the rod from di erent
initial conditions.

Figure 5.10: Joint distribution of the task-parameterized SOSC model for guided assis-
tance in the screwdriving task (left) and hooking a carabiner task(right) . For each task,
demonstrations and model with respect to the input part of the coordinate system or(left),
and with respect to the output part of the coordinate system m (right) .
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Figure 5.11: Semi-autonomous teleoperation for a new targjpose with a screwdriver(left)

and a carabiner (right) . For each task, the shared control example is oifleft) and the

autonomous control example is or(right) . In the shared control example, the teleoperator
demonstration (in red) strays away from the target pose, whie the corrected trajectory
(in blue) reaches the target pose. Desired state is shown inupple, teleoperator state in
red, and predicted state in green. In the autonomous controexample, the arm movement
is randomly switched (marked with a cross) from direct contol (in red) to autonomous
control (in purple) in which the learned model is used to geneate the movement to the
target pose.

Figure 5.12: HSMM graphical model representation §"® = 150) on (left) along with evo-
lution of the rescaled forward variable on (ight). The left two gures are for screwdriving
task and the right two gures are for hooking a carabiner task
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teleoperator, and synthesize motion on the remote end to p&rm manipulation tasks in a
semi-autonomous manner. Two didactic examples of maniputen tasks are incrementally
learned for guided assistance: target tracking with a scredriver and hooking a carabiner.
The tasks are selected to re ect typical constraints encoutered in daily life. The screw-
driver task requires the robot to be invariant to the target pose, while the carabiner can
be hooked anywhere along the rod (see also our work oHgvoutis 2014 for application to
hot-stabbing task akin to peg-in-a-hole task).

We represent the state of the environment as , = " oo - with } 2 R7and ¢ 2 R’
representing respectively the state of the teleoperator an and the state of the teleoperator
arm observed in the coordinate system of the target pose of eéhtool (screwdriver/carabiner).
The state of the teleoperator arm is represented by the posibn x{’ 2 R3 and the orientation
"0 2 R4 of the teleoperator arm end-e ector in their respective coadinate systems with
D =14. We attach a framef A 1;b:.1g to the target pose of the tool. Note that the frame
has two components, the input component represents the tetgerator pose in the global
frame corresponding to , while the output component maps the teleoperator state wih
respect to the target pose corresponding to¢ .

Based on the learned joint distribution of the task-parameteized SOSC model, we seek to
recognize the intention of the teleoperator and subsequelyt correct the current state of
the teleoperated arm by estimating the conditional distribution P( ¢j ). The intention
here refers to the cluster or the mixture component to which he teleoperator belongs.
The correction is time-independent and control is shared bween the teleoperator and the
remote arm. In case of communication disruptions, we solitithe model to generate the
movement on the remote arm in a time-dependent autonomous nmmer. After the task is
completed, the arm comes back to the desired position as estated under shared control.
We provide the details of shared and autonomous control formlations of the generative
model in the next chapter.

We collect 6 kinesthetic demonstrations for screwdriving with the initial pose of the target
rotated/translated in the successive demonstrations, andperform 11 demonstrations of
hooking a carabiner at various places on the rod foB di erent rotated con gurations of
the rod segment. Demonstrations are subsampled around Hz and limited to 200 data-
points for each demonstration. The parameters are dened a6 =0:65 ;1 =0:03 ;=
0:00L 3=0:04 2=2:5 10 4 2=0:01g.

Results of the task-parameterized SOSC model for the two t&s are shown in Fig.5.10
We observe that the model exploits the variability in the demonstrations to statistically en-
code di erent phases of the task in the joint distribution. D emonstrations corresponding to
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Table 5.1: Performance comparison of the SOSC model againparametric batch HSMM

models using number of parameterdN,, and the endpoint error between the teleoperated
arm and the target. Teleoperation modes are direct control PC), shared control (SC) and

autonomous control (AC). Errors are reported in meters.

DC SC AC
Error Error Error
screw-driving task ( K =3;D =14)

0:095 0:038
FC-HSMM 372 0:025 |25 10 °

0:094 0:037

Model Np

ST-HSMM 2951 130 0:026 | 1:8 10 °
MFA-HSMM g7 | 017 [ 0:099 0.037

(dg = 4) 0:022 |77 10°6
SOSC 211 0.084 0:043

(dk = 3:67) 0018 | 1:3 104

hooking carabiner task ( K =4;D =14)
0:081 0:099

FC-HSMM 500 0:056 0:068
0:082 0.022
ST-HSMM 332 0:10 0058 |26 104
MFA-HSMM 360 | 0062 [ 0.08 0.037
(d¢ = 4) 0:.056 |88 104
SOSC 318 0.08 0.073 \

(dg = 4:25) 0.056 |37 10
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the input component of the frame encode the reaching movemero di erent target poses
with the screwdriver and the carabiner in the global frame, vhile the output component
of the frame represents this movement observed from the vigeoint of the target (respec-
tively shown as converging to a point for the screwdriver ando a line for the carabiner).
The learned model for the screwdriving task contains3 clusters with subspace dimensions
f4; 3;4g, while the carabiner task model contains4 clusters with subspace dimensions
f5;5; 4; 30.

Fig. 5.11 (left) shows how the model adjusts the movement of the teleoperatdased on
his/her current state in a time-independent manner. When the teleoperator is away from
the target, the variance in the output conditional distribu tion is high and the desired state
is closer to the teleoperator as in direct teleoperation. Ashe teleoperator moves closer to
the target and visits low variance segments, the desired sta moves closer to the target
as compared to the teleoperator. Consequently, the sharedontrol formulation corrects

the movement of the teleoperator when the teleoperator is saying from the target. Table

5.1 shows the performance improvement of shared control over wict control where the

endpoint error is reduced from0:3 to 0:084 meters for the screwdriving task, and from0:1

to 0:08 meters for the carabiner task. Error is measured at the end ofhe demonstration

from the end-e ector of the teleoperated arm to the target ofthe screwdriver, and to the

rod segment for hooking the carabiner.

To evaluate the autonomous control mode of the task-parametrized SOSC model, the
teleoperator performs6 demonstrations and switches to the autonomous mode randoml
while performing the task. The teleoperated arm evaluatestie current state of the task and
generates the desired sequence of states to be visited foethext T steps using the forward
variable of HSMM (see Fig.5.12). Fig. 5.11(right) shows that the movement of the robot
converges to the target from di erent initial con guration s of the teleoperator. The ob-
tained results are repeatable and more precise than the dictand the shared control results,
as shown in Table5.1. Moreover, the table also compares the performance of the ST
algorithm against several parametric batch versions of HSMIs with di erent covariance
models in the output state distribution, including full cov ariance (FC-HSMM), semi-tied
covariance (ST-HSMM), and MFA decomposition of covariancd MFA-HSMM). Results of
the SOSC model are used as a reference for model selectiontwd batch algorithms. We can
see that the proposed non-parametric online learning modejives comparable performance
to other parametric batch algorithms with a more parsimoniaus representation (reduced
number of model parameters).
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5.8 Conclusions

Non-parametric online learning is a promising way to adapt he model on the y with new

training data. In this chapter, we have presented online leming algorithms for Bayesian
non-parametric mixture models under small variance asympitics. The resulting scalable
online sequence clustering algorithm, obtained by onlinenference in HDP-HSMM with DP-

MPPCA as output state distribution, incrementally groups t he streaming data with non-
parametric locally linear principal component analysis aml encodes the spatio-temporal
patterns using an in nite hidden semi-Markov model. Non-paametric treatment gives the

exibility to continuously adapt the model with new incomin g data. Learning the model
online from a few human demonstrations is a pragmatic apprazh to teach new skills to
robots. The proposed skill encoding scheme is potentiallypplicable to a wide range of
tasks, while being robust to varying environmental conditons with the task-parameterized
formulation. We showed the e cacy of the approach to learn manipulation tasks online

for semi-autonomous teleoperation, and assist the operatowith shared control and/or

autonomous control in performing remote manipulation tasls.
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This chapter exploits the use of task-parameterized genetize models for providing as-
sistance to the teleoperator in performing remote manipuldon tasks. We presenttime-
independent shared controland time-dependent autonomous controformulations of the hid-
den semi-Markov model that captures the intention of the tekoperator and subsequently,
provides manipulation assistance to the teleoperatorffanwani 2017. In the shared control
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mode, the model corrects the remote arm movement based on theurrent state of the
teleoperator; whereas in the autonomous control mode, the adel generates the movement
of the remote arm for autonomous task execution. We show theofmulation of the model
with well-known virtual xtures [Abbott 2007] and provide comparisons to benchmark our
approach. Teleoperation experiments with the Baxter robot eveal that the proposed
methodology improves the performance of the teleoperatorral caters for environmental
di erences and communication delays in performing remote ranipulation tasks.

We are interested in performing dexterous manipulation taks in remote challenging un-
derwater environments within the DexROV project [Gancet 2013. Large communication
delays with satellite communication render direct teleopeation infeasible, thereby, requir-
ing semi-autonomous capabilities of the remotely operatedrm to carry out manipula-
tion tasks. The operational costs are signi cantly reducedby moving the teleoperation
personnel from the vessel to operate the vehicle from a remmtfacility. We use the two-
armed Baxter robot as a mock-up of the teleoperation system,&., one arm becomes the
input device for the teleoperator, and the other one is usedof performing the manipu-
lation task. The operator controls/teleoperates the remoe arm with a simulated delay
using the other arm by getting visual feedback from the remae arm. A set of kines-
thetic demonstrations of the teleoperator is used to teachhe robot how to perform each
task. We seek to leverage upon our previous work on probabdlic generative models
[Tanwani 20163 Tanwani 2016¢ Tanwani 20161 to understand the intention of the tele-
operator and assist the movement on the robot side under vaigg environmental situations.

6.1 Teleoperation Scenario - An lllustrative Example

Consider a simple task of grasping an object on the remote @thy teleoperation. The
task is demonstrated on the teleoperator site from di erentinitial con gurations of the
arm and the object. After learning the model from a few demonsations, the model
parameters are passed to the remote site during the start ofhie mission (implemented as
a ROS service). During teleoperation, the teleoperator arndata is continuously streamed
to the remote site, while the remote robot arm data and the obgct description (reference
frames described as task parameters) are sent back to the &perator side. To simulate
communication latency in teleoperation, data is bu ered onboth the teleoperation and
the remote sites. Fixed time delays of up to2 seconds are introduced, under which the
teleoperator perceives the object with delayed feedback.

The teleoperator has two modes of assistance as illustrateth Fig. 6.1 1) shared con-
trol, and 2) autonomous control. Shared control continuou$y adjusts/corrects the robot
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Figure 6.1: Semi-autonomous teleoperation framework: Spel) the teleoperator provides
a few demonstrations of the manipulation task under di erert object positions shown in
green (the green targets depict the end of the demonstrati®); Step 2) a task-parameterized
HSMM is learned, with the input frame of reference represeimg the demonstrations in
the global coordinate system, and the output frame of refenece representing the demon-
strations in the coordinate system attached to the object (Gussian depicted as an ellipse
represents the emission distribution of a state; the graplual representation of HSMM shows
transition among states and the state duration modeled witha Gaussian); Step 3)left) the
teleoperator performs the imprecise movement (in orange)a grasp the perceived object in
green,(right) the shared control mode corrects the movement of the robot (i blue) locally
in accordance with the actual object position on the remote ite, while the autonomous
control mode generates the movement to the object (in dark rd) after the teleoperator
switches to the autonomous mode (marked with a cross). Noteh@at the output frame
component adapts the model locally in accordance with the gject.

movement given the teleoperator arm data based on the learmemodel that locally adapts
according to the object position Mogel 201§. The model exploits the variability observed
in the teleoperator demonstrations. Where the variance is lgh such as away from the ob-
ject, the correction is mild, whereas for low variance regios close to the object, the model
strongly corrects the remote arm to track the object. Superisory control gives the robot
more autonomy as the model detects the state of the task and gerates the remote arm
movement to accomplish the task. Fig.6.2 shows the setup used to deploy the proposed
semi-autonomous teleoperation of ROV in real underwater enronments.
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Figure 6.2: Teleoperation setup to control ROV: (left) exoskeleton and the virtual reality
headset worn by the teleoperator,(middle) third person view of the teleoperator in the
virtual reality environment, (right) ROV with manipulator controlled by the teleoperator.

6.2 High Level Architecture

Our high level architecture of controlling distant robots by semi-autonomous teleoperation
consists of two modules:cognitive engine and proxy cognitive engine . The cognitive

engine provides a method for teleoperation to cope with londgransmission delays while
assisting the teleoperator in performing remote manipulabn tasks. The engine is com-
prised of a library of task models. The model parameters of eh task are learned from
the demonstrations provided by the teleoperator. The set otask models are concatenated
together and used during the mission and in subsequent missns to provide assistance
to the teleoperator in performing remote manipulation tasks. The aim is to reduce the
cognitive load of the teleoperator for repetitive or well stuctured tasks, while also increas-
ing e ciency and accuracy by closing a local sensory feedb&coop. The cognitive engine
is split between the teleoperator site and the remote site, elscribed using the following
subsystems:

6.2.1 Cognitive Engine

The cognitive engine resides on the teleoperator site. It isnainly responsible for handling
the input provided by the teleoperator. Within the DexROV pr oject, the teleoperator's
input comes from external interfaces, namely the exoskeleh and the virtual reality envi-
ronment used to immerse the teleoperator with the remote ervonment.

The cognitive engine has two phases of operation: a model ledng phase, and a semi-
autonomous teleoperation phase.
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6.2.1.1 Model Learning

The model learning phase is o ine. In this phase, the teleopeator provides demonstrations
of the task to be performed. The environmental setup of eachask is either physically
constructed or simulated in the virtual reality in which the teleoperator can interact with
the object(s) in the environment. The teleoperator perforns a few demonstrations of the
underlying task, and the cognitive engine learns a task-pameterized generative model
used online during the mission. Task by task a library is buil that can serve multiple
future missions. Before the start of a new mission, the telearator loads the model of the
task from the library which has already been performed. The mtocol of the teleoperator
is de ned as follows.

The teleoperator prepares for a new mission by de ning all tie important coordinate sys-
tems/frames of reference in the environment. The frames desbe the coordinate systems
with respect to which the movement needs to be adapted. For eh task, the teleoperator
provides the task description by de ning the task hame input and output components of the
frame relevant for the task. After initializing the task, th e teleoperator typically performs
4 10 demonstrations each containing50 200 datapoints. The operator learns a task-
parameterized HSMM from the demonstrations and veri es theshared and autonomous
control modes of teleoperation. If the teleoperator is sati ed with the assistance behaviour
of the model, he/she can save the model in the database. Altaatively, he/she can either

add more demonstrations or change the hyperparameters of ¢halgorithm. If the model

and/or the demonstrations are not satisfactory, the teleogerator may delete the model. The
saved models are associated with a unique task id which can Beaded again for future
missions.

6.2.1.2 Manipulation Assistance

The learned model is used to assist the teleoperator onlinehite performing remote manip-
ulation tasks. The cognitive engine receives the teleopetar input from external sources
such as the exoskeleton and the virtual reality environmentat each time step. The model
recognizes the intention of the teleoperator and provides ssistance in performing remote
manipulation tasks in a time-independent shared control ortime-dependent autonomous
control manner.
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Figure 6.3: Cognitive engine on(left) is used for handling input demonstrations from the
teleoperator and proxy cognitive engine on(right) locally adjusts the teleoperator input
to provide assistance in performing remote manipulation taks. The top gure shows
the teleoperator and the remote control sites, the middle gire shows the control panel,
whereas the bottom gure displays the congitive engine simlator instance in autonomous
mode.

6.2.2 Proxy Cognitive Engine

As the name indicates, the proxy cognitive engine is a copy dahe cognitive engine that
resides on the remote site. Prior to the start of the missionthe model parameters are
transmitted from the cognitive engine to the proxy cognitive engine on the remote site. The
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perception system on the remote site locally updates the ceodinate systems to describe
the environmental situation and transmits this information back to the cognitive engine
over satellite communication. The proxy cognitive engine eceives delayed input from the
teleoperator site about the current state of the teleoperabr which is locally adjusted in
accordance with the task model to provide manipulation asstance in performing remote
manipulation tasks. Fig. 6.3 shows a minimalist cognitive engine simulator interface sig

into the cognitive engine side on left and the proxy cognitie engine on right. During
autonomous mode, the simulator displays the trajectories fothe teleoperator and the robot
arm on the cognitive engine and the proxy side, respectively

6.2.3 Communication Interfaces

The communication between the cognitive engine, proxy cogtive engine and external in-
terfaces is done using ROS messages and services. Big.summarizes the communication
interfaces for the cognitive engine. An example of the commication interfaces for the
valve turning task is shown in Fig. 6.5.

3D Environment
Model

Learned Models

\ 4
/model parameters
Cognitive ltask parameters
Engine Irecognized skill
‘} /activation weights

A

Proxy Cognitive
Engine

/desired end-effector state
/acceptable variability
/skill to be executed

2

/Exoskeleton State
IVR State

Remote
manipulation controller

Figure 6.4: ROS based system representation of the cognitvengine.

6.3 Intention Recognition and Manipulation Assistance

h [
We denote an observation of the teleoperator arm as; 2 RP with = | ¢
where | and ¢ respectively represent the pose of the end-e ector of the teoperator

arm at time t in a global coordinate system and the same pose observed witlespect

>
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Cognitive Engine Publishers:
(1) Proxy Cognitive Engine
- model_parameters:
(Gaussians in each frame, transferred as ROS Service at start of mission)
- exoskeleton end-effector state: geometry_msgs/Pose and geometry_msgs/Twist

Cognitive Engine Subscribers:
(1) 3D Environment

- relevant objects: [Valve centroid position and orientation 0, ]

- landmarks/points of interest: [Valve corner points for length/shape of valve]
(2) Teleoperator Exoskeleton

- exoskeleton: end-effector state: geometry_msgs/Pose and geometry _msgs/Twist

- Remote robot_arm end-effector state: geometry_msgs/Pose and geometry_msgs/Twist

Proxy Cognitive Engine Subscribers:
(1) Cognitive Engine
- model_parameters:
(Gaussians in each frame, received as ROS Service at start of mission)
- exoskeleton end-effector state: geometry_msgs/Pose and geometry_msgs/Twist

Proxy Cognitive Engine Publishers:

- robot_arm, desired end-effector state:

(desired position and velocity with 3D position and quaternion)
- robot_arm, task variability / coordination / precision:

(full covariance matrix including coordination information)
- task currently executed

(for example, [0 1 0 0 0 0] with 1 corresponding to valve opening task)

Figure 6.5: ROS publishers and subscribers for valve opergntask encoded with1 frame
and 2 mixture components. h; and h, respectively denote the activation weights of the
mixture components based on the current position of the robbarm.

to another coordinate describing the current context or sitiation (superscripts: and o
represent the input and the output components). The aim of agmenting the teleoperator
pose with di erent coordinate systems is to couple the moverant of the teleoperator arm
with external environmental variables, i.e., we learn the napping between the teleoperator
pose in two reference frames: in a global frame and in the olgeframe, modeled as a
joint distribution. We assume that the reference frames arespeci ed by the user, based on
prior knowledge about the carried out task. Typically, refeence frames will be attached
to objects, tools or locations that could be relevant in the &ecution of a task.

The pose of the teleoperator arm describes the positior? 2 R® and the unit quaternion
orientation "P 2 S3 of the end-e ector (D = 14 with 7 dimensional pose of the input
dimension and7 dimensional pose of the output dimension observed with reget to task
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parameters). We represent the task parameters withP coordinate systems, de ned by
the reference framesfAj;bjg.; where A; denotes the orientation of the frame andby
represents the origin of the frame. The framd A ; b; g is described by

2 3 2 3
1" 0 0 0

A =80 R{ og;b,-:ﬁpjog; (6.1)
0 0 F° 0

where p? 2 R3, RP 2 R3 3, E° 2 R4 4 denote the Cartesian position, the rotation matrix
and the quaternion matrix of the j -th frame, respectively.

The observation sequencé .gl-, of T datapoints, observed from the perspective of di er-
ent coordinate systems, forms a third order tensor datasdt E‘)ggj;zl with 9): A 1, by).

This dataset is used to traiﬂ a task-parameterized HSMM withK tgdden states represented
K

by the parameter set , = i;fapm gy f i(j); i(j)gjpzl; S, S o The parameter set
can be learned in a batch manner as in Chap3 or in a non-parametric online manner as
in Chap. 5. Additionally, the data can be modeled in latent space to avid over tting and

exploit coordination patterns based on statistical decompsition of the covariance matrix

as seen in Chap.4.

In the reproduction phase for a given environmental situaton represented by the frames
fA; D gjpzl, the resulting model parametersf ~;; ~;g are obtained by rst linearly trans-
forming the Gaussians in theP frames with
). <)y _ - . iy
N EN A D DA (62)

and then computing the products of the linearly transformedGaussians for each component
with

Y _ .
- ~(0)
N(~;~0) 1 NP~y (6.3)
j=1
0 1,
» ) ) 1 ]
- ~() . . ~()
i = @ i A ~i i i ~i(”
j=1 i=1

We now present the details of two formulations of the learnedmodel to assist the tele-
operator in performing remote manipulation tasks: 1)time-independent shared contrgl 2)
time-dependent autonomous control
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6.3.1 Time-Independent Shared Control

In shared control, we seek to continuously correct the moveent of the robot arm accord-
ing to the learned model given the input data from the teleopeator. We approximate
the conditional probability distribution of the teleopera tor pose in each output frame com-

ponent given the current teleoperator pose a®( {'j {) N (~';~;'), based on the
joint distribution of the linearly transformed Gaussians N (=; ~1)). Denoting the block

decomposition of the joint distribution as,
" Ij n ~!o J

j i ~@)
~i(J) = ; ; iJ = ~FI3I i IOJ' ; (64)

1
~1

op .
[ [ [

the conditional output distribution N (~2'; ~¢') is approximated using Gaussian mixture
regression Ghahramani 1994,

[o]] X( Oj
~01 = hi( 1) (1), (6.5)
i=1
. X rol o .
TCE M) AP0 (6.6)
i=1
. NCH =50
with  hi( })= p— i 17 . 6.7
0 TR OUNCH =) o
= S T N 6.8)
AO; _Oj _olj i 1 _10;
S et Al L N (6.9)

The conditional probability distribution N (~f’j ; *fj) predicts the teleoperator pose ac-
cording to the learned model and the uncertainty associatedvith the pose in the given
frame fA;j;0;0. The conditional probability distributions in all the fram es are com-
bined using the product of Gaussians to yield the desired pesat each time instant,
NG ) 1 T N (= ~.') (see Eq. 6.3)). Note that the variance of the resulting
product of Gaussians determines the trade-o between dirdcteleoperation and correction
applied by the model. If the variance is low, the correction $ strong and the robot arm
follows the model better than the teleoperator. A similar vaiance based shared control
architecture has also been adopted by authors inAbi-Farraj 2017].
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6.3.2 Time-Dependent Autonomous Control

Continuously operating the remote arm for routine tasks carbe cumbersome for the teleop-
erator, especially in the presence of communication lateryc In such a situation, the teleop-

erator may switch at any point in time t, to the autonomous control mode upon which the

robot arm recursively re-plans and executes the task for thaext T steps. When the task

is accomplished or the communication channel is re-estaklied, the operator switches back
to the direct/shared control upon which the robot arm returns to the desired teleoperated
state.

The input part of the learned model is used to recognize the ngi likely state of the task at
to given the teleoperator pose ;. The desired movement sequence is then computed with
the help of the forward variable of HSMM as seen in Sec3.2.3 The forward variable is
initialized with the current state of the task , using Y™ = p iN:N“EjN‘;:i?Nk),
subsequently used to plan the movement sequence for the neYts;:alps Withtot =k(’to+1) T
This is used to retrieve a stepwise reference trajectoril (*; ") from the state sequence

and is

z; computed from the forward variable, with
zZ=argmax [P A= ~9: M= 7o (6.10)
[

The desired pose in the shared control mode or the stepwise sleed sequence of poses in
the autonomous control mode is respectively followed with @ in nite or a nite horizon
discrete-time linear quadratic regulator, see Sec.3.3.2 for details. The cost function
minimized during tracking with our de ned state variables is expressed as

X

ol pu)= (¢ Qi O+ UiRwg
t=to

.4 I — ! .

h iy h i
starting from the initial va#ue to = w to g ,with =} LT, =
h L |t 1 _ o .

N O, AgE 0 | and By = q Solving the dynamic Riccati equation

backwards in time gives the optimal control input u, 2 R’. For the in nite horizon case
in shared control with Q; = Q;T!1 and the desired pose*, = ", the control law is
obtained by eigendecomposition of the discrete algebraici€cati equation. The resulting
path ' smoothly follows the desired pose/trajectory”; and the computed gains stabilize
i along ' in accordance with the precision required during the task. Te tracking force

on the remote armF, 2 R® is computed with a proportional-derivative (PD) controller
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using xed poseK P2 R® 7 and twist gains K Y2 R® 7,

Fr

KPC o'+ oset ) KY o (6.11)

Or ‘J>QrF"+ | J>qu¥,> ka(qneu ar) kqvq;;

where . Maps the desired pose in the workspace of the remote arm,; . 2 R’ is the
pose and twist of the end-e ector of the remote arm,J o 2 R® 7 is the Jacobian of the
remote arm that maps the tracking forceF , to the joint torques ¢ 2 R’. (I J5d gf
is the null space of the Jacobian with right pseudoinverse ér =35 qd%) ! that keeps
the joint con guration of the remote arm g, 2 R’ similar to the neutral starting position
Oneu 2 R7 with tracking gain Kg- The last term kq,q, dampens the joint velocities of
the remote arm by gainkg,. The two arms are clutched during teleoperation, and the
remote arm is teleoperated under unilateral control mode,.&., no force is fed back to the
teleoperator. Using a haptic interface to feed back interation forces on the teleoperation

site is subject to future work.

6.4 Comparison with Virtual Fixtures

Virtual xtures or virtual guides are used to constrain the movement of the remote arm
to follow a desired trajectory [Rosenberg 1993Abbott 2007]. In [Raiola 2015, the end-
e ector of the teleoperator arm is virtually coupled to the desired trajectory by a spring
damper system. Like a cart being pulled on a rail, the teleop@ator arm movement induces
the motion of the remote arm along the trajectory (see Fig.6.6 for the use of virtual
guided xtures in teleoperation). The desired remote arm pae along the trajectory ¢
is speci ed by the phase variables,,, with s,;,, = 0 at the beginning of the trajectory,
sym = 1 at the end of the trajectory, and "¢ = Js,, Sym WhereJs,, 2 R is the
mapping Jacobian. The teleoperator arm movement} induces the dynamics on the phase
variable with

K (} "en)*B o (6.12)

Svm

B Js., I

a— >
m = J Svm

Svm

%

whereK and B de ne the stiness and the damping of the virtual xture.

A task-parameterized HSMM can be used as a virtual xture by aigmenting the teleopera-
tor data with the phase variable s,, during the demonstrations step. In the teleoperation
phase, the desired remote arm pose is retrieved by Gaussiaoralitioning on the phase
variable (see Eq. 6.5) with P("g _jsym) N (~¢; ~f) while the JacobianJs,, is ob-
tained by evaluating the analytical derivative of Eq. (6.5) with respect to s,,. Note that
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Figure 6.6: Virtual guided xtures for teleoperation. The teleoperator end-e ector (in
red square) is virtually connected to the remote arm end-e etor (in blue square) with
a spring-damper system. The movement of the teleoperator ar guides the remote arm
along the desired trajectory. The desired trajectory is adated locally according to the
remote situation.

the input component here iss,, and the output component N (~¢; *?) gives the desired
pose”g —~and its uncertainty, along with the Jacobian Jyn that governs the evolution of
the phase variable in Eg. 6.12) to guide the arm along the trajectory.

In virtual xture control, the teleoperator arm movement go verns the evolution of the
phase variable and Gaussian conditioning on the phase vatie gives the desired pose of
the remote arm; whereas in shared control, Gaussian condining on the teleoperator arm
pose gives the desired pose of the remote arm. In our implemation of virtual guides, we
used the logistic function for the phase variable (instead bthe linear ramp function) to
slow down the cart at the beginning and at the end of the trajetory. The transformation of
the phase variable is important to limit injection of arbitr arily high velocities in Eq. (6.12.
Alternatively, the trajectory length can also be used as antput variable to normalize the
Jacobian and control the velocities of the cart in the bounday conditions [Raiola 2013.
Moreover, more datapoints are typically required than in stared control to ensure smooth
evolution of the phase variable during teleoperation.

6.5 Experiments, Results and Discussions

In this section, we evaluate our semi-autonomous teleopetian framework for reaching a
movable screwdriver target (see Sec5.7.2 and opening a valve (see Sec3.4) with the
Baxter robot. Our experimental protocol remains the same as éscribed in Sec6.1.

Reaching a Movable Object: The objective of this task is to reach a target point
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Figure 6.7: Reaching a movable target (in green squares) facrew driving: (left) demon-
strations and model shown in the input frame;(center-left) demonstrations and model in
the output frame; (center-right) the teleoperator demonstration (in red) is corrected under
shared control (in blue) to reach a new target location shownn green; (right) the teleoper-
ator switches from direct control to autonomous control moat (marked with a cross) after
which the movement is autonomously generated to the new tawgf location.

with a screwdriver while adapting the movement for di erent target con gurations. We
describe the task with a single framef A 1; b;g attached to the target and collect 6 kines-
thetic demonstrations (4 for training and 2 for testing) with the initial pose of the target
rotated/translated in the successive demonstrations. Radts of the joint distribution with

2 mixture components for di erent target poses are shown in Fj. 6.7. Demonstrations
for the input frame represent the movement of the end-e ecto of the teleoperator's arm
to di erent target poses, while the output frame maps the denonstrations to a pose as
observed from the target perspective.

Opening a Valve: The goal of this task is to bring the valve in an open position fom
di erent initial con gurations of the valve [ Tanwani 20164. The task is described by two
frames, one with the observed initial con guration of valvef A 1; b;g and the other with the
desired end con guration of the valvef A »; bog. The changing con guration of the valve is
tracked using an augmented reality (AR) tag with a Kinect 2:0. We record 8 kinesthetic
demonstrations (6 for training and 2 for testing) with the initial con guration of the valve
corresponding to f 180 135 90; 45; 157.5; 1125; 67:5; 22:5g degrees with the haorizontal in
the successive demonstrations. Results of the learned mddeith 2 frames and7 mixture
components are shown in Fig.6.8. The input components of both frames represent the
demonstrations identically in global coordinates. The ouput components of the frames
depict high variability in reaching the valve and coming badk to the home position, whereas
there is no variation in grasping/turning and stopping the valve in their respective coordi-
nate systems. This allows the robot arm to reach the valve frm di erent con gurations,
grasp the valve and turn it to the desired open position.

All the demonstrations are collected with a controller comgensating for the e ect of gravity
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Figure 6.8: Open valve (in gray) from di erent initial con g urations A(l') to nal con gu-
ration A,: (top) learned model in the input and the output frames, and left-rght HSMM
with state transition and state duration model (s™® =100); (bottom) the teleoperator per-
forms the task (in red) with respect to the perceived valve ca guration on the left, where
the di erent control modes assist the remote arm (in blue) to perform the task with ac-
tual valve con guration. The spring displayed in bottom rig ht inset represents the virtual
xture between the teleoperator pose and the desired pose ahg the trajectory.

by a human operator who is familiar with the robot, but not an expert in teleoperation. We
evaluate the performance of our approach using three di enet criteria: 1) task performance
error, 2) environmental di erences, and 3) execution time.

6.5.1 Task Performance Error

Our objective is to assist the teleoperator to perform remo¢ manipulation tasks in a
repeatable and precise manner while reducing the workloadf dhe teleoperator. Results
of the shared and autonomous modes of assistance for targetaching task are shown
in Fig. 6.7. In shared control, the model corrects the movement of the tieoperator in

accordance with the output component of the model that adaps locally to the target. If

the variance of the resulting conditional distribution is low, the correction is stronger and
vice versa. While demonstrating autonomous control, the tkeoperator tests the system by
randomly switching between control modes during the task. k. 6.7 (right) shows how
the movement of the robot converges to the target from di ereat switching instants, while

being repeatable and more precise than the direct and the shed control results.
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Table 6.1: Performance comparison of the teleoperation mas$ with direct control (DC),
shared control (SC), autonomous control (AC), and virtual xture control (VFC). Nj is
the number of parameters of the model, and the errors represt average mean squared
errors between the demonstrations and the model predictian (in centimeters).

SC AC VFC
Train | Test Train | Test Train | Test

valve opening ( K =7, DC Train = 1:412 1.20, DC Test = 1:.261 113

0:717 0:67| 0721 0:68] 0:737 0:62 | 0:464 0:33 | 2:.836 2:07 | 2011 0:83

target snapping ( K =2, DC Train = 1:954 204, DC Test = 1.959 1.81)
0:23 0:25 | 0:31 0:26 | 0:109 0:08 | 0:178 0:09 | 0:183 0:12 | 0:311 0:27

6.5.2 Robustness to Di erent Environments

Performance of the teleoperator is typically a ected by the environmental di erences be-
tween the teleoperator and the remote sites. Such di erenceexist as streaming full Oc-
toMaps over satellite communication for updating the remot environment on the teleop-
erator site are only possible at a very low frequency. In Fig6.8, we compare di erent
assistance approaches to handle these discrepancies bytisgt di erent con gurations of
the valve on the teleoperator and the remote end. We can see dih the task-parameterized
model successfully adapts to the external situation on thedleoperator and the remote site,
thereby, mitigating the di erence of environmental situation on the two sites. The teleoper-
ator performs the movement according to the perceived valveon guration or switches to
the autonomous mode while performing the task, and the genated movement is adapted
locally with shared, autonomous or virtual xture control.

Table 6.1 summarizes the results of di erent control modes to mitigae imprecise teleop-
erator movements with our model. For each target or valve comuration in the training
or testing set, all the demonstrations in the training and testing sets are treated in a
given control mode and compared with the human demonstratio for that particular tar-
get. Mean-squared endpoint errors for target tracking and rean-squared trajectory errors
for valve opening tasks are averaged over all demonstratiesnand for all target or valve
con gurations. The results show that the autonomous contrd gives the most repeatable
and precise assistance among di erent teleoperation modesMoreover, we observe high
performance errors of the virtual xture control on valve opening task as change of move-
ment directions in the teleoperator demonstration tends toinduce remote arm movement
in the reverse direction along the trajectory, often resuling in an unsuccessful trial.
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Table 6.2: Average execution time of performing a manipuldbn task in seconds under
di erent teleoperation modes.

\ Task [ DC | SC | AC | VFC || Preferred Mode |
| valve opening || 182 | 136 | 12:3 | 131 || AC \
| target snapping || 72 | 43 | 51 | 56 | SC \

6.5.3 Execution Time

In order to evaluate the e ect of teleoperation mode on the tak execution time, the
human operator performs the task5 times for each teleoperation mode from di erent
initial conditions. At the end of all trials, the operator re veals the preferred mode of
assistance for each task. Results in Tablé.2 suggest performance improvement in task
execution time using the learned model as compared to the dict teleoperation mode.

6.6 Conclusion

In this chapter, we used the task-parameterized HSMMs for smi-autonomous teleoperation
of remote manipulation tasks. The HSMM clustered the demongations into meaningful
segments/primitives and encoded the transition patterns anong the segments. Using the
methodology, we presented our approach to assist the teleepator using the learned model
by: 1) continuously correcting the movement of the remote am given the teleoperator arm
data based on shared control, or 2) generating the movementf the remote arm based on
autonomous control. We compared our approach with virtual xtures to benchmark the ma-
nipulation assistance methods in teleoperation. We estaldhed the merits of our approach
by: 1) allowing the teleoperator to perform the task locally with respect to the perceived
environment(often delayed/inconsistent compared to the atual remote environment), and
adapting the movement locally with the actual situation using the task-parameterized for-
mulation, 2) improving the task performance of the teleopeator by mitigating the e ect
of imprecise movements using time-independent shared cont and/or time-dependent au-
tonomous control, and 3) reducing the average execution tim of performing a remote
manipulation task.






Chapter 7

Concluding Remarks and Future
Directions

Robotics is entering in a golden age where machine learning becoming well poised to
tackle large scale real world problems. In this thesis, we h& explored several frontiers
in imitation and reinforcement learning for acquiring manipulation skills in robots. We

summarize the ndings of the thesis in this chapter and provide an outlook to the future

directions.

Is reinforcement learning from scratch practical for skill acquisition in real
world ?

Our work on actor-critics with experience replay for modelfree reinforcement learning
shows high sample complexity for simulated running of halheetah and reaching of octopus
arm tasks Wawrzynski 2013. Learning from scratch on real world tasks in a model-free
manner is often dangerous due to the explicit noise added dumg exploration, along with
the high sample and time complexity required to nd a reasondle control policy. Model-
based methods avoid the problem of explicit exploration bymproving the models estimate
for a given policy, but often require good initial model to start learning. Using human
demonstrations to seed the initial policy/value-function/dynamics model gives promising
results for a variety of tasks [fanwani 20133 Tanwani 2014. Note that the deep learning
variants of these algorithms are also gaining popularity fo learning directly from images
[Mnih 2013] and for bridging the gap between simulation and reality forskill acquisition
[Rusu 2014.
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How is inverse reinforcement learning useful in learning fr om demonstra-
tions ? Does learning multiple reward functions help in lear ning bet-
ter/richer control policies ?

Inverse RL aims to recover the unknown reward function that & being optimized in the
human demonstrations. It remains an ill-posed problem as may reward functions are op-
timal for a given set of demonstrations. This requires a lot dengineering e ort in setting
up the features of the reward function as there is no direct amespondence between the
reward function features and the policy samples. Although eame e ort has been employed
in learning reward function directly from images and/or reinterpreting the reward function
as a sub-goal or a trajectory, solving the reward function peameters in its original formu-
lation remains a di cult problem at this stage for learning n ew skills where the dynamics
model, reward function and optimal policy are all unknown. To mitigate the ill-posed na-
ture of the problem, our e orts have been on learning multipke reward functions that can
instead encapsulate a set of useful behaviours in the demdregtions while using transfer
of knowledge to bootstrap the learning processThnwani 20134. This primarily relaxes
the strict assumption of demonstrations being optimal with respect to a particular reward
function and allows the demonstrations to be unstructured ly being optimal with respect
to multiple reward functions.

What are the promising ways of teaching new skills to robots f rom human
demonstrations ?

Considering the sample and time complexity of (inverse) RL ¢ learn new manipulation
tasks, robot learning directly from human demonstrations § a promising way to acquire
new skills. Most of this work has been on direct trajectory larning in a supervised man-
ner using DMPs or dynamical systems in general. In this thesi we have emphasized
learning manipulation skills from human demonstrations inan unsupervised manner using
a family of hidden Markov models by sequencing the atomic movement segments or
primitives [ Tanwani 2016a Tanwani 20164d. Recently, several other approaches are being
proposed for deep imitation learning from images directly sch as Generative Adversar-
ial Imitation Learning [ Ho 2014, one-shot imitation learning [Duan 2017 Finn 2017, and
time contrastive networks [Sermanet 201T. Further work will be required to combine these
di erent learning strategies and determine in which settings they can be applied.

Why are generative models useful in learning robot manipula tion skills ?

Generative models typically learn the probability density function of the demonstrations
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in order to regenerate new samples from the model. This is inonitrast to discriminative
models that would typically model the target variables directly by regression. While dis-
criminative training has arguably been performing better over the years, the generative
models encapsulate complex relationships between targehd observed variables and pro-
vide a direct way to evaluate the model with the regenerated amples. Common generative
models include Gaussian mixture models, hidden Markov mod& latent Dirichlet alloca-
tion, variational autoencoders, restricted Boltzmann maclines, and generative adversarial
networks. In this thesis, we have built upon a family of hidden Markov models, namely
hidden semi-Markov models , for acquiring manipulation tasks from human demonstra-
tions. Hidden semi-Markov models posit a duration intervalfor each state/action, thereby,
segmenting the demonstrations into sub-goals that are se@mced together in performing
manipulation tasks [Tanwani 20164. We have presented several of its variants in this thesis
and demonstrated its use for learning robot manipulation taks from a few demonstrations
with no labeled examples. In comparison to inverse reinfomment learning approaches,
the models are straightforward to use and require consideldy less time in training and
validating the model.

What is the role of task-parameterized models? How did the ta sk-
parmeterized formulations of the hidden semi-Markov model s help in
learning robot manipulation tasks ?

Task-parameterized models encapsulate the invariant resentations of the task by adapt-
ing the model parameters with respect to the changing task pameters describing the
environmental situation. The task parameters refer to the oordinate systems that, for
example, can move with the position/orientation of objects or scale with the size of the
objects of interest in the environment. Capturing such invaiant representations has allowed
us to compactly encode the task variations than using a starard regression problem. We
have presented their formulation and applications with hidden semi-Markov model and
its variants for latent space and Bayesian non-parametric oline learning of robot manip-
ulation skills [Tanwani 20163 Tanwani 2016¢ Tanwani 2017. An important direction of
future work is to not rely on specifying the task parameters nanually, but to infer them
simultaneously from demonstrations.

How did these task-parameterized hidden semi-Markov model s scale with
high-dimensional data and limited number of demonstration s ?

Modeling probabilistic distributions in high-dimensional spaces is a challenging problem.
We advocate learning in latent spaces to exploit the structwe of the problem in order
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to overcome this problem with generative models. In this theis, we have widely ex-
ploited two basic latent space representations in our formiations: 1) Mixture of factor
Analyzers (MFA) or mixture of probabilistic principal comp onent analysis (MPPCA), 2)
semi-tied model parameters. MFA/MPPCA gives a separate lowank decomposition of
each covariance matrix in the mixture model fanwani 2016k Tanwani 2016d; whereas the
semi-tied representation shares a set of basis vectors assoall the mixture components
[Tanwani 20164d. The latent space representations allow the model to genalize better and
exploit coordination patterns with noisy and/or insu cien t training data. Our experiments
yield comparable or better performance in latent space re@sentations with much less pa-
rameters than mixture models with full covariance matrices A systematic investigation of
the e ect of number of basis vectors in these latent space maals is a promising direction
of future work (see extended maximum likelihood linear trarsform (EMLLT) [ Olsen 2004,
and multiple linear transforms (MLT) [ Goel 2001 for reference). Our other promising
direction of future work is to exploit the structural constr aints of the data (quaternions,
tensors) and/or the model parameters (symmetry, orthogondty, low-rank) in learning the
mixture models (see Jaquier 2017 for example).

How did the Bayesian non-parametric formulations of the mod el perform
in learning manipulation skills online from human demonstr ations ?

Bayesian non-parametric mixture models avoid problem in modl selection which is re-
quired for online learning problems. Computational overhad of existing sampling-based
and variational techniques led us to present online formulaons of Bayesian non-parametric
mixture models under small variance asymptotics Tanwani 2016H. The resulting scalable
online sequence clustering algorithm incrementally clugrs the streaming data with non-
parametric locally linear Dirichlet process MPPCA and encales the temporal information
in an in nite hierarchical Dirichlet process hidden semi-Markov model. The non-parametric
skill encoding scheme can encode a wide range of tasks, wHhileing robust to environmen-
tal situations with the task-parameterized formulation [Tanwani 20164. In future work,
we plan to bootstrap the online learning process with the bath algorithm after a few initial
demonstrations of the task. We would like to use the initialzed model to make an educated
guess about the penalty parameters for non-parametric ontie learning.

Teleoperation vs shared autonomy vs full autonomy? How does the role
of human operator vary in performing manipulation tasks ?

Human-in-the-loop robot learning is going to speed up the pscess of making robots an
everyday reality. On one end of this spectrum, we have diredieleoperation where a human
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operator directly commands the robot to follow in joint space/task space in performing an
underlying task, and on the other hand of the spectrum is the dill autonomy where the

robot gathers the intent of the teleoperator and autonomouly executes the task without
any human intervention [Tanwani 2017. The shared autonomy lies in between the two
ends and provides manipulation assistance as a virtual gualto the teleoperator from the
learned model of the task. Semi-autonomy instead of full athomy is desirable where full
autonomy is too hard to provide satisfying results (e.g., diving assistance vs self-driving
cars). Semi-autonomous manipulation allows the operator d reach distant hazardous
environments and gain con dence in controlling the systemwhich is a potential barrier in

several real world applications.

How feasible is it to perform remote manipulation tasks over satellite
communication in the presence of delays? How the generative models
helped to perform remote manipulation tasks in the context o f DexROV
?

Performing remote manipulation tasks over satellite commuication is di cult because of
the delays introduced in the transmission and the feedbackfahe signals. In naive imple-
mentation, the teleoperator typically has to resort to a piecewise move-and-wait strategy
in order to wait for the remote arm to catch up with the teleoperator. Within DexROV, we
have designed and developed a cognitive engine to mitigatéé e ect of delays in perform-
ing remote manipulation tasks. The cognitive engine compised of the task-parameterized
generative models recognizes the intention of the telopertor on one hand and adjusts
the movement of the robot arm to assist the teleoperator in pdorming remote manipula-
tion tasks using the same model. We have seen how the shareddaautonomous control
modes of the cognitive engine reduce task errors and the exgon time, while handling
di erences of contexts between the teleoperator site (vinial reality environment) and the
remotely operated vehicle site Tanwani 2017. In our future work, we plan to test the
models with large communication delays over satellite comomication in real underwater
environments.

Where does the eld of robot learning stand today ? What are th e next
milestones in robot learning from demonstrations ?

Robot learning is increasingly gaining more interest from @rious scientic communities
including neuroscience, machine learning, arti cial intdligence, computer vision, control
systems and human-computer interaction. There is a globalansensus that robots need to
learn and adapt their skills to pave their way into the real wald. The main prospective
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Figure 7.1: Spectrum of related robot learning directions.

directions of research and development in robot learning & somewhat varied depending
upon the scientic community and the application scenario. In Fig. 7.1, we have out-
lined a broad spectrum of research directions related to ouwork in this thesis. The
discretion is made on the basis of: 1) skill acquisition metbdology whether the skills
are pre-programmed, learned from human demonstrations ardr acquired with reinforce-
ment learning; 2) state mapping whether the state of the emironment is mapped to
low-level actions, segments/sub-goals, rewards or a higlevel symbolic planner; 3) input
data whether the state of environment is described by trajectories/poses, images/videos,
speech/text and/or haptic feedback; 4) demonstration intefaces what interfaces are used
for collecting data from user such as IMU, motion capture makers (mocap), kinesthetic
demonstrations or using wearables such as exoskeleton aniitual reality headsets. A gen-
eral trend of advancement with deep learning techniques halseen to encompass the right
end of the spectrum with abstract state representations, mliiple interface modalities, and
using high performance computing resources to deal with |lge scale sensory data. Nev-
ertheless, the real world applications of robotics today a& more concentrated on the left
end of the spectrum. One of the main challenges to resolve ggj forward is to standardize
the datasets, algorithms, architectures, simulators, lowlevel/high-level primitives and the
hardware platforms. Having a library of standardized segmets such that the appropriate
segments can be sequenced together in a given situation is awerful way of performing
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complex manipulation tasks. This will help to plan over muchlonger time horizons than
managed with current robot learning methodologies. Unsupwised learning is well-suited
for dealing with copious amounts of unlabelled sensory datan future. Although, it seems

not clear at this stage what internal predictive representdions need to be acquired of the
objects (and their relationships with other objects) in the environment so that the robots

can learn and reason about what to do in a given situation in ader to interact with humans

in everyday life tasks.

The main take away message of the thesis is that robot learnmnfrom humans is a promis-
ing way to acquire new skills. Generative mixture models areiseful for learning from a few
examples that are not explicitly labelled. The contributions are inspired by the need to
make generative mixture models easy to use for robot learninin a variety of applications,
while requiring considerably less time in implementation.We have presented formulations
for learning invariant task representations with hidden seni-Markov models for recognition,
prediction, and reproduction of manipulation tasks; learring in latent space for robust pa-
rameter estimation of mixture models with high-dimensiona data; and learning online with
Bayesian non-parametric mixture models under small variane asymptotics for streaming
data. The cognitive engine based on these generative mixtarmodels is used for recogniz-
ing the intention of the user and providing assistance to rerately perform manipulation
skills by semi-autonomous teleoperation. As a result, the meration costs of teleoperating
dexterous remotely operated vehicles are reduced and the eiency of the teleoperator is
improved in performing remote manipulation tasks.
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