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Abstract
Human ability to coordinate one’s actions with other individuals to perform a task together

is fascinating. For example, we coordinate our action with others when we carry a heavy

object or when we construct a piece of furniture. Capabilities such as (1) force/compliance

adaptation, (2) intention recognition, and (3) action/motion prediction enables us to assist

others and fulfill the task. For instance, by adapting the compliance, we not only reject un-

desirable perturbations that undermine the task but also incorporate others’ motions into

the interaction. Complying with partners’ motions allows us to recognize their intention and

consequently predict their actions. With the growth of factories involving humans and robots

working side by side, designing controllers and algorithms with such capacities is a crucial step

toward assistive robotics. The challenge, however, is to attain a unified control strategy with

predictive/adaptive capacities at the task, motion, and force-level which ensures a stable and

safe interaction. To this aim, this thesis proposes a state-dependent dynamical system-based

approach for prediction and control in physical human-robot interactions.

In the first part of this dissertation, we focus on the human capacity to predict their part-

ners’ motion. More specifically, we investigate mechanisms of spatio-temporal coordination

between two partners. We employ a simple scenario called “the mirror game” where two

individuals (human, robot, or avatar) imitate each other’s motions. Our empirical assessment

reveal that the intention-based prediction of the leader’s motions allows the follower to com-

pensate for perception-action delays and to improve the tracking performance in terms of

temporal coordination and confidence.

In the second part of this dissertation, we propose an adaptive mechanism that enables the

robot to recognize the intention of a human user. We utilize state-dependent dynamical sys-

tems for motion planning and impedance control to deliver safe and compliant human-robot

interaction. We consider a series of tasks (possible human intentions) encoded by dynamical

system. Applying a similarity metric between the real velocities (induced by the human) and

desired velocities generated by the dynamical systems, the robot is thus able to recognize the

human’s intention and switch to the intended task. We provide a rigorous experimental and

analytical evaluation of our method yielding an interaction behavior that is safe and intuitive

for the human.

Finally, we tackle the compliance adaptation capability. We propose an admittance controller
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Abstract

that reacts only when human-intentional forces are detected. Intentional and accidental

forces are distinguished by measuring the persistency of the external forces, through a com-

putation of the autocorrelation/energy of the force patterns. The overall controller exhibits

variable stiffness where high stiffness allows the robot to reject the external disturbances and

execute the task autonomously whereas low stiffness enables the robot to comply with human

intentional forces. We demonstrate that our control architecture is effective in delivering

satisfactory tracking and compliant behavior through a series of robotic experimentations.

Keywords: Physical human-robot interaction, intention recognition, task adaptation, motion

prediction, compliance and motion control, dynamical systems, impedance and admittance

control.
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Résumé
La capacité humaine de coordonner nos actions avec celles des autres pour mener à bien une

tâche ensemble est fascinante. Par exemple, nous coordonnons nos actions avec les autres

lorsque nous transportons un objet lourd ou lorsque nous devons assembler un meuble. Les

capacités de (1) adaptation des forces/compliance, (2) reconnaissance de l’intention et (3)

prédiction du mouvement/des actions nous permettent de porter assistance aux autres et de

réaliser la tâche. Par exemple, en adaptant la compliance, nous pouvons non seulement rejeter

les perturbations indésirables qui pourraient compromettre le succès de la tâche, mais aussi

incorporer les mouvements des autres dans l’interaction. S’adapter de manière souple aux

mouvements du partenaire nous permet de reconnaître ses intentions et par conséquent de

prédire ses actions. Avec l’avènement des usines où humains et robots travaillent côte à côte, la

mise en place de contrôleurs et d’algorithmes qui incluent de telles capacités apparaît comme

une étape cruciale vers la robotique d’assistance. Le défi consiste à atteindre une stratégie

de contrôle unifiée avec des capacités de prédiction/adaptation au niveau de la tâche, du

mouvement et des forces qui garantisse une interaction stable et sécurisée. Dans ce but, cette

thèse propose une approche basée sur les systèmes dynamiques invariants pour la prédiction

et le contrôle dans les interactions physiques humain-robot.

Dans la première partie de cette thèse, nous explorons la capacité humaine de prédire les

mouvements d’un partenaire. En particulier, nous étudions les mécanismes spatio-temporels

de coordinations entres deux partenaires. Nous exploitons un scénario minimaliste appelé

le Jeu du Miroir, où deux individus (humains, robots ou avatars) imitent réciproquement

leurs mouvements. Notre évaluation empirique révèle que la prédiction des mouvements du

meneur, basée sur l’intention, permet au suiveur de compenser les délais de perception-action

et d’améliorer les performances de suivi en termes de coordination temporelle et de confiance.

Dans la seconde partie de cette thèse, nous proposons un mécanisme d’adaptation qui permet

au robot de reconnaître l’intention d’un utilisateur humain. Nous exploitons les systèmes

dynamiques invariants pour la planification du mouvement et le contrôle d’impédance pour

fournir une interaction humain-robot sécurisée et souple. Nous considérons une série de

tâches (ou intentions humaines possibles) encodée par des systèmes dynamiques. En appli-

quant une métrique de similarité entre la vitesse réelle (causée par l’humain) et la vitesse

désirée générée par les systèmes dynamiques, le robot est alors capable de reconnaître l’in-

tention du partenaire humain et de passer à la tâche correspondant à cette dernière. Nous
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Résumé

fournissons une évaluation expérimentale et analytique rigoureuse de notre méthode, qui

permet d’obtenir un comportement sécurisé et intuitif pour l’être humain.

Enfin, nous abordons la capacité d’adaptation de la compliance. Nous proposons un contrô-

leur d’admittance qui réagit uniquement lorsque des forces d’origine humaine sont détectées.

Les forces intentionnelles et accidentelles sont distinguées en mesurant la persistance des

forces externes, par un calcul de l’autocorrélation/énergie des motifs de forces. Le contrôleur

final dispose d’une rigidité variable. Une rigidité importante permet de rejeter les perturba-

tions externes et d’exécuter la tâche de manière autonome, alors qu’une rigidité faible permet

au robot de s’adapter en souplesse aux forces humaines volontaires. Nous démontrons que

notre architecture de contrôle est efficace pour fournir un suivi satisfaisant et un comporte-

ment adaptatif lors d’une série d’expériences robotiques.

Mots-clés : Interaction physique humain-robot, reconnaissance d’intention, adaptation à

la tâche, prédiction de mouvement, compliance et contrôle de mouvement, systèmes dyna-

miques, contrôle d’impédance et d’admittance.
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1 Introduction

History is on the cusp of a robotic revolution. It is estimated that it will transform the global

economy over the next 20 years. By physically collaborating with humans, robots aim at re-

ducing human effort further in performing repetitive and cumbersome tasks. Many domains

will benefit from such assistance offered by robots: manufacturing, home applications, as

well as medical and social services. Manufacturing is a particular domain where such repet-

itive and cumbersome tasks are ubiquitous; e.g., pick-and-place, polishing, brushing, and

transferring heavy loads. However, until the last decade, robots were designed only to operate

autonomously with minimum human interaction in an isolated workspace. Therefore, the

collaboration between industrial robots and humans was limited. For instance, an industrial

robot is indeed able to lift and orient a heavy object to be operated by a human worker; e.g., to

be polished or welded. However, the safety and performance of such systems are limited as

traditional robots do not react or adapt to human behavior. This excludes many collaborative

tasks which, as humans, we perform through physical interactions with one another. To over-

come this, in the last two decades, tremendous amount of work was dedicated by roboticists

toward collaborative robots.

In contrast to industrial robots, the new generation of robots aim at physically interacting with

humans in a shared workspace; i.e., to interact in direct contact with humans or via a jointly

manipulated objected. These collaborative robots are often referred to as cobots or co-robots.

The capacity to interact physically with humans allows cobots to be adaptive and reactive

toward the human user. For example, by following the human guidance, a robot can orient

and position a heavy object as intended by the human user. The ability to react to human

guidance and to continuously rely on human leadership enables the robot to perform complex

tasks. In this fashion, the human supervises the execution of the task and modifies the robotic

behavior. Consider an example where a human supervises a robot polishing a surface and

changes the polishing patterns by physically demonstrating his/her desired behavior. This

leaves the repetitive and cumbersome aspects of the task to the robot while the human acts

as a leader on a decision-making level. Given the multifarious applications of physically

interactive cobots, it is not a surprise that their popularity is on the rise. Robotic Industries
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Association (RIA) estimated that collaborative robots will make up about 34% of all robot sales

in 2025. Currently, it is only 3%. However, reaching an effective collaboration through physical

interaction imposes several challenges especially for control and motion-planning.

The safety of the human user is of paramount importance as collaborative robots are expected

to come into direct contact with human beings. The safety can be addressed both from a

mechanical design and a control perspective. Force-limited robots, equipped with force-

torque sensors, are designed to detect and react properly to abnormal interaction forces.

For instance, in coming into high-impact contacts with humans, the robot stops by sensing

an abrupt change in interaction forces. Moreover, to reduce potential mechanical impact,

cobots are designed to be lighter, with soft and round surface areas on the body parts. From a

control perspective, safety can be ensured through active compliance offered by the controller.

Traditionally, the sole purpose of a robot in an industrial setting was to precisely repeat a pre-

defined trajectory where high-gain position control is favored. Such control strategy is unsafe

in coming into contact with humans. Without any reactivity toward human, this strategy

is prone to generating high mechanical impacts due to heavy robotic arms and high speed

movements. As a solution, compliant control has been proposed to control the dynamics of the

interaction where the robot appears as a mass-spring-damper to the external world. Instead

of solely minimizing the tracking error, this controller minimizes a combination of tracking

error and applied forces to the environment. Therefore, compliant control allows for safe

interaction with a human-user while executing a reference trajectory; i.e., the robot moves in

the direction of human applied-forces and smoothly returns to its reference trajectories when

human retreats. However, this compliant behavior is limited to the force-level. The human-

induced motions are damped and “forgotten” as the human retreats from the interaction. This

turns the robot into a passive follower toward human guidance. Advanced motion-planners

with prediction and adaptive capabilities can overcome this limitation and extend the robotic

compliant behavior to the motion and task-level. In this manner, the robot also complies to

human-intended motions and tasks which renders the robot as a proactive follower.

Cobots are aimed to be versatile in terms of number of tasks that they can perform. This

is considered in their flexible design which allows to use different end-effectors and tools.

For instance, the robot can perform pick-and-place using a gripper and change its tool to a

polisher for polishing tasks. This enables cobots to be used in diverse locations and setting;

both stationary or with mobile platforms. Therefore, it is necessary for the robot to be able

to learn new tasks in a simple and efficient way. Learning from demonstration is a suitable

approach where the robot learns new tasks from human-guided motions. The literature of

robot learning offers an abundance of machine learning techniques to encode such desired

motions into a motion-planner. Having learned a new task and using compliant control, the

robot can physically collaborate with its human partner. Yet, it is another challenge for the

robot to modify its task or switch across tasks during the interaction. This is a crucial step

toward proactivity; i.e., the robotic capability to recognize the human intentions and comply

to human desired behaviors by adapting robotic motions and tasks. In this line of thought,

the proactivity is achieved through adaptation of different components; i.e., force-generation,
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motion-generation, and task-selection. Such adaptation toward human intention remains

an unsolved challenge, specially due to environmental uncertainties. Cobots are expected to

operate in natural environments, which compared to the highly controlled industrial settings,

elicit a higher level of uncertainties. The human behavior can be the main source of such

uncertainties. For instance, the human motions might be noisy and not a clear representative

of the intended task. In some cases, the human intention might abruptly change or the applied

forces might be accidental and detrimental to the stability of the task. Therefore, a seamless

robotic interaction requires a control architecture which accounts for all these situations. This

thesis tackles these challenges by providing solutions toward human-intention recognition,

motion and task-adaptation, and intentional forces recognition.

Proactivity can be achieved in two forms. In the first form, the robot adapts its task according

to the human interaction; namely motion-adaptation. In the other form, the robot adapts

its task by means of switching to another task that resembles the human input; namely task

adaptation. Both forms impose new challenges for stable and efficient motion planning. For

instance, a parameterized motion-generator that is adaptable and remains stable under the

variation of its parameters. It is also required that the motion generator encodes for different

tasks and allows for smooth and stable transition across them. Given the adaptability of the

motion-generation, human-intention recognition is still required for a meaningful adaptation

toward an assistive behavior. The robotic literature offers methods to identify the underlying

intention of an observed motion. Reviewing this literature in Section 2, we point out that such

proposed methods are often offline whereas the intentions are required to be recognized online

as the human physically interacts with the robot. In short, online intention-recognition along

with task-adaptation and motion-adaptation are the key challenges in reaching a proactive

robotic behavior.

The recent advancements in motion-planning and control are significant contributions in

achieving robotic proactive behavior. For instance, state-dependent Dynamical Systems (DS)

offers a powerful tool for motion-planning aspects of the interaction. Khansari-Zadeh and

Billard (2011b) proposed a learning approach for encoding demonstrations in a DS in a stable

manner; i.e., avoiding spurious attractors and divergent behavior. The first advantage of

this approach is its generalization to unseen contexts. For example, the robot can perform a

reaching motion from an unseen initial condition. The other advantage is the reactivity of the

motion planning which arises from the state-dependency of DS. Upon perturbations, instead

of returning to the initial planned trajectory, the robot re-plans with respect to the new state.

This enables the robot to intelligently reacts to human interactions. This approach is also

suitable for incremental learning methods where the robot gradually learns a new task during

the interaction. As exploited in this thesis, DS-based motion planning lays a strong foundation

for further development with regard to adaptive behavior.

To address the compliant-control aspect of the interaction, compliant control strategies are

of great interest. The impedance control has been proposed by Hogan (1988) in order to

achieve compliant interaction with the environment. The robot can track a given trajectory
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while exhibiting a compliant behavior toward external perturbations. Indeed, the robot might

deviate from the original trajectory, but in the absence of perturbations, the robot can execute

its task autonomously. Furthermore, without a desired trajectory, the robot follows human

forces acting as a passive follower. Having a dynamical system (as a motion-planner) and

an impedance controller in the control loop allows for a reactive motion planning. This has

been shown by Kronander and Billard (2016) to lead to a reliable passive interaction with the

environment. The robot acts as an active leader that allows for physical interaction with the

human as the follower. As demonstrated in this thesis, by adding adaptive capabilities, the

impedance and admittance can be utilized to reach proactive behavior in physical interactions.

The goal of this thesis is to provide a unified control framework that understands the human co-

worker intention and adapts to it through physical interaction; more specifically, a framework

which addresses intention recognition, task and motion adaptation, and compliant interaction

with humans. In our first endeavor toward intention recognition, in Chapter 3, we study the

human-follower behavior at the kinematic level in a leader-follower setting. We use the Mirror

Game framework proposed by Noy et al. (2011) where one individual leads the task by creating

his/her own desirable motions while the other individual is instructed to follow the leader’s

motion synchronously. Our investigations confirm that the follower proactive behavior can

be explained by an adaptive dynamical system. Therefore, in the follow-up contributions, we

extend this adaptation property to physically interactive robots. More specifically, we extend

the DS-impedance control framework to reach motion and task-adaptation capabilities. In

Chapter 4, we propose a DS formulation that allows the robot to modify its task through trans-

formations such as translation, rotation, and scaling. Through an adaptive mechanism, the

robot captures the human intended motions during the physical interaction and proactively

executes them. In Chapter 5, we propose another DS formulation that encodes for several

tasks with stable and smooth transition properties. Beside versatile motion-generation, this

formulation also allows for intention recognition. Through human-induced motions, the

robot recognizes the human-intended task and proactively executes it. Furthermore, we tackle

another challenge in reaching a robust adaptive behavior for physically interactive robots

with regard to disturbances and unintentional forces. In chapter 6, we offer an algorithm

that distinguishes between intentional and accidental forces; allowing the robot to reject

undesirable disturbances and adapt to intentional inputs. Each contribution is illustrated by

a conceptual graph in Fig. 1.1. Such motion and compliance adaptation allows the robot to

change roles from a stiff leader to a compliant leader, and to a passive or proactive follower;

see Evrard and Kheddar (2009) as pioneer work for role adaptation.

In the following, we present the outline of the thesis along with the contributions. Later in

Section 1.2, we introduce further the approaches taken in this thesis.
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Figure 1.1 – An abstract illustration for the main contribution of each chapter. a) In Chap-
ter 3 we show that an adaptive dynamical system can account for human proactive motion
coordination. b) In Chapter 4, we implement such adaptive behavior where robot modifies
the DS with respect to human interactions. c) In Chapter 5, we introduce another adaptive
mechanism where the robot switches between tasks in order to comply with human intended
task. d) In Chapter 6, we introduce a detection and reaction strategy toward human guidance
based on an admittance control approach.

1.1 Main contribution and thesis outline

Here, we present the outline and briefly list the main contribution of this dissertation. Fig. 1.2

summarizes the outline and the main key points of each chapter in relation to one another. In

Chapter 2, we review the state of art and we provide a series of mathematical formulations

used in this thesis. Chapter 3 focuses on non-physical interactions between human subjects

where we mainly focus on understanding and modeling human following capacities. We

confirm that individuals follow a prediction of their leaders’ motions rather than the current

observation. Specifically, we show that using an adaptive dynamical system as the predictive

model can explain the follower’s behavior. Moreover, we show that the capacity to recognize

the leader’s intention improves the tracking behavior.

To put our findings from the human studies in practice, in Chapter 4, we propose an online

motion-adaptation for robotic task using dynamical systems. This method allows a human

user to modify a robotic task encoded by DS through physical interaction. Moreover, in Chap-
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Figure 1.2 – Thesis structure with key point of each chapter.

ter 5, we offer a task-adaptation mechanism enabling the robot to switch across dynamical

systems in order to comply to human intentions. We provide rigorous mathematical anal-

ysis and experimental evaluation for our methods in terms of stability, convergence, and

optimality.

In Chapter 6, we introduce a novel algorithm to distinguish between human intentional forces

and accidental disturbances. Moreover, we present and evaluate a DS-based admittance

control with regard to stability, passivity and adaptability toward human intention. The last

chapter provides a brief discussion for limitations and possible future research.

1.1.1 Publications

Main portion of this dissertation has been published in peer-reviewed journals and confer-

ences. The studies on human following behavior presented in Chapter 3 has been published

in Khoramshahi et al. (2014), Khoramshahi et al. (2016), and Khoramshahi et al. (2015). The
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motion-adaptation method presented in Chapter 4 has been published in Khoramshahi et al.

(2018). The task-adaptation method in Chapter 5 has been published in Khoramshahi and

Billard (2018). The content of Chapter 6 is under review in a robotic journal at the time of this

writing.

In collaboration with other colleagues, the author shared authorship of several peer-reviewed

publication during his PhD. Tangential to Chapter 3, social motor coordination of schizophre-

nia patients has been studied and published in Cohen et al. (2017b), Słowiński et al. (2017), and

Cohen et al. (2017a). Human perception toward their robotic partners has been presented in

Raffard et al. (2018). Realism and efficacy for robotic facial expressions has been investigated

and published in Raffard et al. (2016). Moreover, compliant in catching flying objects was

explored and published in Salehian et al. (2016).

1.2 Approach

In the section, we detail further on the approach taken in this thesis. The main aspect of our

approach is the usage of state-dependent dynamical systems; to model and understand the

human behavior, to provide compliant behavior, to achieve adaptive motion-planning, and

recognition and reaction to the intentional human-guidance.

1.2.1 Underlying mechanisms in Human following behavior

Inspiration from human studies can be of great value in designing new controllers and al-

gorithms for robots that are aimed to physically interact with us and assist us with our daily

tasks. To understand the underlying mechanisms of human proactive following behavior,

we initially focus on human-human motion coordination. We studied scenarios where one

participant is designated to lead the motion and the other is instructed to synchronize with

the leader. Our data analysis confirms that an adaptive dynamical system can explain the

proactivity in the follower’s behavior. More specifically, by adapting the dynamical system to

the leader’s motions, the follower can predict the leader’s actions. This allows the follower to 1)

compensate for his/her sensory-motori delays, and 2) be a proactive follower; i.e., following

the predicted motions rather than following the delayed observations.

Furthermore, through an avatar-human mirror game experiment, we study the effect of

intention-recognition on motion-planning. In this experiment, an avatar-leader systematically

switches between different tasks. We show that when human-followers are provided with

cues about the leader’s intention, they deliver a better tracking performance. In short, two

main mechanisms are involved for proactive following behavior. First, the adaptive capacity to

modify the task at hand to accommodate for the leader’s modifications. Second, the capacity

to smoothly switch to another task that resembles the leader’s behavior. Inspired by these two

studies, we propose two different formulations for dynamical systems for adaptive motion-

generation in pHRI.
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1.2.2 Compliant interaction using dynamical systems

As humans, we benefit from compliance in our interaction with one another. This compliance

enables us to communicate our intention through motions that we induce to our partners.

Sebanz and Knoblich (2009) suggest that the human follower complies with the actions of

others which allows intention recognition, and subsequently, action coordination. Due to the

follower’s compliant behavior, the leader is able to communicate his/her intention through

interaction-forces (van der Wel et al., 2011; Sawers et al., 2017) and movements (Sartori et al.,

2011). Similarly, compliant behavior, ranging from passive (due to the mechanical design)

to active (due to the control design), is a key requirement for robots to interact with humans

(Billard, 2017). Active compliance has been of particular interest to engineers for achieving

safe and intuitive physical interaction (De Santis et al., 2008). To have a clearer definition of

compliance in this thesis, consider the general control feedback loop depicted in Fig.1.3. In

this hierarchical feedback loop, the robot can exhibit compliant behavior at different levels.

These levels are as follows:

1. Compliance at the force-level: the robot is designed to fulfill a particular motion, how-

ever, it remains compliant toward small perturbations due to the external forces; e.g.,

impedance and admittance control (Hogan, 1988).

2. Compliance at the motion-level: the robot is designed to execute a particular task,

however, it allows for variation of motions that still fulfill the task; e.g., the reactive

motion planning using DS and impedance control proposed by Kronander and Billard

(2016).

3. Compliance at the task-level: the robot switches or adapts to a task that complies with

the intention of its human partner; see Bussy et al. (2012a).

Decision
Making

Motion
Planner

Controller Env.

Task Motion Force
Human

Perceptual input

Figure 1.3 – A generic control design approach to physical human-robot interaction where,
based on a decided task, corresponding motions are generated, and consequently, correspond-
ing forces are applied. Each block takes proper perceptual input into consideration to achieve
a desirable behavior.

As mentioned, having DS and impedance control in the main loop (as proposed by Kronander

and Billard (2016)) naturally provides compliance at the motion-level; i.e., if the robot’s state

is perturbed, the state-dependent DS re-plans the desired motion. This property allows the
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human to temporarily modify the robot’s motions. Nevertheless, such modifications are lost as

the human retreats from the interaction as the DS is not adapted accordingly. An incremental

learning approach has been proposed to accommodate for online demonstrations of the

human user; see Kronander et al. (2015) where the DS is locally modulated (i.e., scaling and

rotation) using Gaussian process. Such methods are efficient in an off-line setting as they

treat the new demonstrations as a batch. However, in an on-line setting, the robot requires

to constantly adapt to changes in the leader’s motion or intention. To overcome this, we

propose a globally modulated DS where rotation, scaling, and translation are possible. Using

a simple adaptation mechanism for modulation parameters, the robot exhibits compliance at

the motion-level; i.e., the robot instantly adapts the target location of a reaching motion or

adapts the polishing patterns on a surface.

Having several homogeneous models encoding for different tasks not only improves the

robot’s versatility (as the robot can execute several tasks) but also allows for task-identification

as the robot can infer the underlying task for a given observed motion. Recently Maeda

et al. (2017b) proposed a probabilistic model that encodes for different tasks and acts as

an inference tool for intention recognition. Nevertheless, such methods are required to

perform motion-generation and intention-recognition simultaneously during the physical

interaction with human. To tackle this limitation, we propose a DS formulation for encoding

several tasks with the possibility of smooth transitions. Moreover, we propose an adaptive

mechanism to recognize the human intention and smoothly switch to the most similar task.

Preserving the passivity properties of the DS-based impedance control, the human user can

physically interact with the robot and demonstrate his/her intentions. In this formulation, the

dynamical systems are used both for motion-generation and intention-recognition resulting

in an intuitive and seamless interaction. This extends the DS compliant capabilities to the

task-level where the robot switches to the human-intended task. We evaluate our adaptive

approaches mathematically and experimentally.

1.2.3 Adaptability in dynamical systems

As mentioned earlier, we employ state-dependent dynamical systems for motion-generation

to perform a specific task. It has been shown by Khansari-Zadeh and Billard (2011b) that

such models can be leaned efficiently from demonstrations. The generated motions using

the learned models are guaranteed to be smooth and stable; i.e., converging to the designated

attractor or limit cycle. Moreover, such models exhibit generalization to the unseen contexts;

i.e., intra/extrapolating the demonstrations over the state-space. Furthermore, Kronander and

Billard (2016) show that having the DS-based motion-generator inside the control loop leads

to reactive motion planning. This enables the impedance-controlled robot to comply with

external forces and re-plan the motion based on the human interactions. In order to extend

the compliance capacities of dynamical system, as introduced in the previous section, we take

an adaptive approach in thesis. However, endowing motion-generators with adaptive capacity

introduces new challenges relevant and crucial to physical human-robot interaction. It is
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important to guarantee the performance of the control loop under the variation of the adaptive

parameters. In the following, we introduce these concerns from control theory perspective.

Smoothness: To avoid abrupt and jerky motions that might endanger the safety and the

quality of the interaction, the generated motions are ought to be smooth. In an adaptive

scenario, we need to ensure that the generated trajectories remain smooth in two distinct cases:

1) under arbitrary values for the adaptive parameters and 2) under the time-variation of the

parameters. To preserve the original smoothness of the dynamical system, we limit our global

modulation to diffeomorphisms; see Neumann and Steil (2015) and Perrin and Schlehuber-

Caissier (2016) for similar approaches in using diffeomorphism for motion-generation. In

the case of the task-adaptation, we use a weighted combination of several dynamical systems

where the smoothness is guaranteed under arbitrary variation of the coefficients. Similar

linear combination of primitive dynamics has been used widely in the literature of motion-

generation; see Thoroughman and Shadmehr (2000) and Lim et al. (2005).

Stability: Beside smoothness, it is crucial to guarantee that the generated motions are not

divergent under arbitrary variations of the adaptive parameters. However, such stability

analysis is not straight-forward for the general case; see Daafouz and Bernussou (2001) for

the Lyapunov analysis of a linear system with time-varying parametric uncertainties. Unlike

general cases, it is unnecessary to assume that the parameters are uncertain as they are

governed by the adaptive mechanism. With such consideration, we derive the necessary

conditions for the stability of the motion-generation.

Convergence: Given a human interaction over a time-period, it is desired to observe a

converging behavior for the adaptation parameters; e.g., the parameters asymptotically con-

verge to a fix-point. It is trivial to see that unnecessary fluctuations or diverging behavior

lead to an undesirable motion-generation. In the context of pHRI, we investigate whether 1)

the parameters change properly with respect to the adaptation signal and 2) they converge

to a fixed-point after the human retreats from the interaction. Considering the adaptation

dynamics, the converge is often subjected to the quality of the adaptation signal; i.e., human-

induced error in this thesis. In other word, the human demonstration is required to be rich

enough to lead to a proper adaptation; e.g., in the case of task-adaptation, a switching occurs

if the human demonstration differs from the current task and resembles another. This is

often formulated as persistent excitation condition; see Åström and Wittenmark (2013) for

mathematical formulations.

Optimality: Furthermore, it is vital to show that the converged parameters are optimal; i.e.,

with respect to a cost function that accounts for some aspects of the interaction. Oftentimes,

the adaptive law is derived from a cost-function such as energy or tracking error. In this

thesis, we relate our adaptation mechanism to cost functions concerned with human-induced

errors; i.e., the difference between the planned velocities by the robot and the demonstrated

velocities by the human-user. In other words, by reducing the human-induced error through
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parameter adaptation, we capture the human-intention allowing the human to retreat from

the interaction.

Passivity: As the human physically interacts with the robot and injects energy, the passiv-

ity of the system becomes crucial. The passivity of DS-based impedance control has been

throughly investigated by Kronander and Billard (2016). Following the same lines, we ensure

the passivity of our control architectures in this thesis; see also Shahriari et al. (2017) for similar

approaches in ensuring the passivity under the parameter adaptation.

Human effort: In the evaluation of our adaptation methods, we consider the human effort

required to demonstrate his/her intention to the robot through the physical interaction. As the

robot is controlled compliantly, the observed stiffness and damping by human influence the

required effort for physical interaction. To decrease this effort, we propose an approach based

on variable-admittance control to lower the stiffness toward human guidance. Therefore, we

develop an algorithm to detect intentional human-guidance forces.

Tracking behavior: To execute a task, it is necessary to track the generated motions by the

DS precisely. This applies when the human is not present in the interaction as the robot

requires to comply with human forces which induces tracking error. Unfortunately, in DS-

based impedance control, both tracking performance and compliant behavior are controlled

using the same impedance gain; i.e., the damping term. High gains favor tracking precision,

and low gains are suitable for human interactions. We show that our proposed DS-based

admittance control with human-guidance detection can be a solution for this case.

1.2.4 Admittance control for compliance and tracking decomposition

As mentioned earlier, the impedance gain in DS-based impedance control leaving us with a

trade-off; i.e., high gains lead to higher precision preferable for execution of the task, while

low gains lead to lower stiffness behavior agreeable for the human user. It is clear to see

that a seamless interaction requires both behaviors; i.e., to be a stiff leader and reject the

disturbances and to be compliant toward other intentions. To overcome this, we propose

a novel control architecture to provide proper compliance and motion-control based on

the human guidance. We assume that the robot is controlled in velocity (either using pure

high-gain velocity controller or via velocity-based impedance controller), and position and

force feedback are available. In order to obtain reactive motion planning, we employ our

state-dependent dynamical systems. Using the admittance block, we compute the velocities

resulting from the external forces. In doing so, we allow for a variable admittance ratio. This

controller structure can be seen as an interplay of two separated control loops: one which aims

to provide precise tracking behavior, and another which aims to provide proper compliance

behavior; i.e., to reject the disturbances using lower admittance ratios or to allow for human

interaction using higher ratios.
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1.2.5 Recognition of intentional vs. accidental forces

To benefit from variable-admittance control introduced in the previous section, we adapt the

admittance ratio according to the nature of the external forces. Intuitively speaking, accidental

forces need to be rejected (in order to fulfill the task autonomously) while intentional forces

must be incorporated into the robotic behavior; e.g., complying to the human intention

to switch from one task to another. Therefore, the challenge is to distinguish between the

forces intended by human and undesirable disturbances. We use a similar approach to those

proposed in the literature to distinguish between intended and unexpected contacts; see

Haddadin et al. (2008); Berger et al. (2015); Kouris et al. (2018). Following the same line of

thoughts, we rely on the persistency of interaction forces to detect the human guidance. This

shows an analogy to the literature of collision avoidance where 1) high-frequency components

in the haptic channel (e.g., sudden changes in forces) can contribute to a safe interaction with

the environment, and 2) low-frequency components (e.g., persistent forces) can be utilized for

human-guidance detection, role distribution, and human-intention detection.

This eventually brings us a seamless interaction using two robotic behaviors: the leader role

where the robot rejects the external perturbations and focuses on the autonomous execution

of the task, and the follower role where the robot ignores the task and complies to human

intentional forces. An example of such interactions is illustrated in Fig. 1.4 where the robot is

initially executing a reaching task autonomously and maintaining the target position. In doing

so, the robot is a non-compliant/stiff-leader so as to reach a desirable tracking performance

and rejecting the undesirable disturbances. Detecting human guidance, the robot becomes

compliant in selective directions, allowing the human to modify only locally its motion. As

such, the robot appears as a compliant leader, as it still carries on with the initial task. If

the human guidance persists, the robot increases its compliance until it becomes a passive-

follower. This allows the human to take over the leadership of the task which subsequently

allows the human to demonstrate a desired behavior to the robot. Next, the robot starts to

follow a prediction of the human intention which renders the robot as a proactive-follower.

The human, accepting the robot’s prediction and proactivity, retreats from the interaction

allowing the robot to become autonomous (stiff-leader) and to focus on tracking behavior.
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Figure 1.4 – An illustration of human robot collaboration where the robot reacts intelligently to
external perturbation. In the first scenario, the robot rejects the undesirable disturbances for
a better tracking performance; i.e., to maintain the drilling point and to avoid damaging the
object and the tool. In the second scenario, the robot detects and complies with the human
guidance; i.e., the robot becomes compliant and passive where the human can easily move
the tool and demonstrate his/her intention. Moreover, the robot recognizes the intention and
moves to the next drilling point to perform the task autonomously.
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2 Background and related work

As introduced in the previous chapter, the goal of this thesis is to endow physically collabora-

tive robots with proactive behavior toward their human coworkers. This chapter provides a

review on the state-of-the-art and technical preliminaries necessary to establish and define

fundamental concepts for the solutions proposed in the following chapters of this thesis.

The literature on human-robot interaction is interdisciplinary and ranges from engineering

and computer science to neuroscience, cognitive science, and other social sciences and hu-

manities (psychology, ethics, and philosophy). This literature is strongly inspired by the ways

humans interact with one another, especially non-verbally. In this thesis, we focus in particular

on the motion coordination and control aspects of human-robot interactions. We primarily

concentrate on related works which helps us with the design of proactive robotic behavior;

i.e., recognizing the human intention, predicting the future actions, and providing assistance.

Interaction between a human and a robot includes several mechanisms responsible for deci-

sion making, motion-planning and control; both on human and robot-side. Understanding

the mechanisms involved in the human-side and exploiting recent advancements in robotic

and control are of particular importance to this thesis. For such mechanism, consider the

generic model for physical human-robot interaction (pHRI) illustrated in Fig. 2.1. In this

figure, the human and the robot are jointly acting on the environment to bring about their

desired changes. The human acts based on a mental state; i.e., the desired goal or task which

is determined by the “internal drives” or affected by the intention of others. The action coordi-

nation mechanism plans and applies the proper actions. To better coordinate, the forward

model enables the human to predict the future state and actions of other. On right-side of

the figure, the robotic behavior is primarily governed by the task which is concerned with

safety, assistance and the intentions of the human partner. In a feedforward manner, the task

translates into motions and consequently into forces that are applied to the environment.

However, in a feedback fashion, each block is affected by the sensory inputs and recognized

intentions of the human partner. The following sections of this chapter are dedicated to

provide reviews on related work specific to each component of this schema. More specifically,

the related work is organized as follows:
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Figure 2.1 – A generic model for physical human-robot interaction. The human-side of the
model is adopted from Oztop et al. (2005). In Section 2.1, we review the related works on
human mechanisms involved for interaction and coordination with others. In Section 2.2, we
review the literature of pHRI related to mechanisms and concepts illustrated on the robot-side
of the model.

• Human-side: In Section 2.1, we summarize the works dedicated to a better understand-

ing of human capacities for motion coordination. These studies are mostly concerned

with human-human interactions. This body of work is related in particular to the dy-

namical system model for human following behavior that we introduce in Chapter 3

and later use in Chapter 4.

• Robot-side: In Section 2.2, we present methods for compliant and proactive human-

robot interactions. We review in particular methods for control, motion planning,

prediction, and intention recognition which are related to the robotic implementations

in Chapters 4, 5, and 6.

In each part, we situate our approach, presented in Section 1.2, in relation to the state-of-the-

art. Finally, in Section 2.3, we present the technical preliminaries necessary for analyses and

designs presented in proceeding chapters.

2.1 Inspirations from human proactive following behavior

Social motor coordination has received much interest in the recent years as a central part of

social interaction; see Schmidt et al. (2011) as a review. It refers to our ability to coordinate our

movements with other individuals to perform a task in the context of a joint action as opposed

to an individual action. Sebanz et al. (2006) define a joint action as “any form of social inter-

action whereby two or more individuals coordinate their actions in space and time to bring

about a change in the environment”. Moreover, the cognitive and socio-psychological aspects

of such coordination have been studied thoroughly; see Sebanz et al. (2006) and Knoblich et al.

(2011). Interpersonal coordination provides an important foundation for social interaction.

For instance, Hove and Risen (2009) show that the degree of interactional synchrony of bodily

movements of co-actors during social interaction is a significant predictor of subsequent
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affiliation ratings and cooperation between individuals. Performing tasks with others often

requires recognizing what they intend, predicting their next actions, and adapting one’s behav-

ior accordingly. To better understand the mechanisms at the basis of joint action, cognitive

and neural scientists have mostly studied the underlying processes separately, including those

responsible for joint attention (Tomasello, 1995), action observation/prediction (van Schie

et al., 2008; Sebanz and Knoblich, 2009), action coordination (Marsh et al., 2009), synchrony

(Valdesolo et al., 2010), and task sharing (Sebanz et al., 2005). Supported by a vast literature

on psychology and neuroscience, Sebanz et al. (2006), Vesper et al. (2010) and Vesper et al.

(2017) proposed architectures in which these mechanisms enable individuals to coordinate

with others. In the following, we review such mechanisms in relation to the work developed in

this thesis.

• Task-sharing: In an interaction, individuals require to have a representation of the task.

Tasks are often identified by their end-goal and a set of possible actions. A goal is a

specific state of the environment and actions are the means by which the environment

can be changed; e.g., motions and forces. To coordinate efficiently, it is important for an

individual in an interaction to infer the others’ intended goals. For instance, we convey

our intentions to other using gaze (Kourtis et al. (2014) and Brennan et al. (2008)).

• Role-Assignment: Knowing the task, the individual can take on different roles. For

example, one individual can be responsible for early part of the motion while the rest

is performed by the other; see Reed et al. (2006b). Negotiations over such roles or

distribution of task-load can be perform through the interaction as it is reviewed in later

sections. We also exhibit the ability to continuously adapt our roles between leader and

follower as suggested by Konvalinka et al. (2010). Furthermore, dyads can reach a state

where both parties follow and lead at the same time; see Sebanz et al. (2006).

• Task-monitoring: This process monitors if the actions are taken as planned and to what

extent the goal of the task is achieved. Monitoring is crucial to detect deviations from

the intended goal so that partners can quickly react and adapt. Furthermore, large

deviations from a task can serve as an indicator when the intended goal changes.

• Action-observation: For a successful interaction, it is necessary for an individual to

observe the actions of his/her partner. Action observation enables us not only to predict

the future actions but also to recognize the intended task/goal of our partners. We often

communicate our intention through subtle kinematics changes (Sartori et al., 2009,

2011) or through the haptic channel (Takagi et al., 2017).

• Action-prediction Knowing what our partners will do allows for precise temporal co-

ordination (Vesper et al., 2010) and proactive coordination (Pickering and Clark, 2014).

Several internal forward models were proposed to explain the human capability to

predict other’s actions. In the following sections, we review these works in further de-

tails. Recognizing other’s intentions and goals facilitates action-prediction. Sebanz

17



Chapter 2. Background and related work

and Knoblich (2009) argues that this mechanism can be just a by-product of prediction

about others’ goal.

• Action-coordination Knowing the intended task and its representation along with the

current state and prediction of our partner’s action, we adjust our actions in time and

space to get closer to the final goal. Moreover, we choose actions that are

– Assistive: actions that result in a lower effort, and to a greater extent, a lower need

for coordination.

– Predictable: actions that are less variable and easier to predict for others.

– Expressive: actions that express new intentions or other changes in the interaction.

Vesper et al. (2010) refer to these aspects as coordination smoothers and explain that

synchrony can serve as a smoother. Moreover, human dyads control their compliance

for stability of the interaction (Ganesh et al., 2014). Proper compliant behavior and

haptic communication allow the partners to negotiate their roles and goals (Melendez-

Calderon, 2012; Takagi et al., 2017; van der Wel et al., 2011).

Inspired by these mechanisms, we take a dynamical system approach toward physical human-

robot interaction (pHRI). Robotic tasks in pHRI can be encoded using dynamical systems

which allows for task-monitoring, intention recognition, and task switching. Through adap-

tation in dynamical systems, the robot can predict human actions and reach a proactive

behavior. Finally, through DS-based compliant control, the robot coordinates its action in an

assistive manner.

2.1.1 Intention recognition

We mentioned previously that an efficient interaction requires a model for the task; see Sebanz

and Knoblich (2009). Using such a model, the individual can predict the motions of their

partners and act proactively. Nevertheless, in a realistic multi-task/goal scenario, it is crucial

to infer the intended task/goal of others. Our ability to infer the intention of others from

contextual information is fascinating. To name a few, we rely on gaze cues, gestures, facial

expressions, kinematics, and haptics. In the following, we provide a brief review for those

mechanisms.

An essential contextual cue that humans exploit for intention recognition is the gaze behavior.

The ability to follow another’s gaze is central to the joint action (Volcic and Lappe, 2009)

via its roles in joint attention (D’Entremont et al., 1997) and action observation (Flanagan

and Johansson, 2003). The cooperative eye hypothesis (Tomasello et al., 2007) suggests that

the visual characteristics of human eyes, such as the shape and color of the sclera, iris, and

pupil, evolved to make it easier to follow others’ gaze directions. According to this hypothesis,

evolution enhances cooperative social interactions by providing a new social function; i.e.,

using gaze as a means to share our intentions. A growing number of studies have investigated
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the use of gaze as a form of non-verbal communication in a variety of social interactions;

e.g., to complement speech (Kendon, 1967), and as a mechanism to orient others’ attention

(Frischen et al., 2007). The ability to orient and follow other’s gaze-direction enables joint

attention (Emery et al., 1997), which plays an important role in our social cognition (Tomasello,

1995). Recent neurological studies have revealed that some visual cells are sensitive to gaze

direction (Perrett et al., 1985); these cells overlap with neural pathways representing facial

expression (Engell and Haxby, 2007). Moreover, eye contact modulates the activation of the

social brain (Senju and Johnson, 2009). This suggests that the ability to generate gaze patterns

and respond to gaze as a means of conveying intentions recruits common neural substrates

(Itier and Batty, 2009; Bavelas et al., 2002). It has also been reported that gaze behavior is crucial

for joint action (Sebanz et al., 2006; Sebanz and Knoblich, 2009). Orienting the gaze at the right

location at the right time improves coordination with other individuals. Furthermore, gaze

direction is necessary in establishing a closed-loop dyadic interaction, which enables a better

coordination in joint actions (Volcic and Lappe, 2009). In Chapter 4, we use simulated gaze

cues of an avatar in a leader-follower setting to study the human gesture following behavior. In

this approach, we investigate how intention recognition affects motion coordination. Through

quantitative assessments, we show that the human ability to proactively coordinate with a

leader relies on the recognition of the intended task.

Intentions can be recognized by observing other’s actions in terms of movement. In an early

work, Johansson (1973) propose a method to study the perception of bodily movements where

they use point-lights to represent important joints of a moving person. They show that 10 to 12

points are adequate to evoke the impression of a human walking, running, or dancing. Follow-

up studies show that even gender (Richardson and Johnston, 2005), emotion (Atkinson et al.,

2004), and identity (Loula et al., 2005) of the actor can be inferred from such low-dimensional

kinematic data. Furthermore, in joint-action scenarios where two agents are represented by

light-points, observers can recognize the task and predict the actions; see Manera et al. (2010)

and Manera et al. (2011b). The underlying neural mechanism for this capacity is controversial,

as two main hypotheses are competing. One group of researchers argue that observed actions

are simulated by the motor cortex (more specifically by the mirror-neuron system) to infer the

intention; see Fogassi et al. (2005). Others (Brass et al., 2007) explain intention-recognition via

areas outside the motor cortex which are often considered as responsible for theory of mind

and mentalization; i.e., the capacity to infer the latent mental state of others. Ansuini et al.

(2014) and De Lange et al. (2008) argue that the two views are intertwined, and intentions

become visible – as opposed to latent – in the kinematic behavior.

Individual can facilitate the interaction by predicting and communicating their intention using

the kinematics behavior. Sartori et al. (2009) show that individuals change their kinematics

when they intend to communicate their intention in a simple reaching task. Becchio et al.

(2008) also demonstrate that acting socially or individually affect the kinematics. Sartori

et al. (2011) and Manera et al. (2011a) show that subjects can distinguish between different

intentions behind a reaching motion; namely, to cooperate, to compete, or to perform an

action individually. Frith and Frith (2006) postulate that, at the most basic level, we can
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predict how a movement will finish. Therefore, we can infer the intended end-goal of an

observed movement. Wolpert et al. (2003) argue that such early prediction about other’s

intention are tested as the motion progress. Becchio et al. (2012) and Lewkowicz et al. (2013)

go one step further and propose that early intention recognition affects the motion planning

in joint actions. In Chapter 5, we take a similar approach to intention recognition in pHRI. The

robot relies on kinematics information provided by the human-user. By simulating different

dynamical systems, each encoding for a specific task, the robot forms a prediction for the

human-intended task. Such predictions are immediately reflected in the motion-planning

allowing for intention communication and convergence to the intended task.

2.1.2 Action prediction and the role of internal predictive models

As mentioned, action prediction plays a crucial part in the ability to be proactive. Predicting

what others are going to do next allows individuals to adjust their actions accordingly. One

line of research has been dedicated to internal forward models to explain such prediction

capabilities. Internal models, as proposed by Prinz (1997), allow an individual to predict

the consequences of his/her own actions. Wolpert et al. (2003) proposed an approach in

which the internal models are used for motion control purposes. In their model, both self-

action production and others-action understanding are explained by the same mechanism.

Therefore, such internal models (which were initially proposed to predict the consequence

of one’s own action) were used for action understanding. Townsend et al. (2017) proposed

a computational model where internal models are used to infer the intention of other from

their movements. Sebanz and Knoblich (2009) argue that individuals in an interaction also

acquire a forward model for the joint performance. They further explain that, in presence

of such joint models, the error during the interaction can be processed efficiently; i.e., they

can help distinguishing between errors occurring at the level of the task and at the level of

individual motions.

Several other studies (Wolpert et al., 1998; Krakauer and Mazzoni, 2011) have suggested that

the main role of a forward internal model might be to overcome time delays from decision

making, perception and action. Furthermore, results from Foulkes and Miall (2000) and Miall

and Jackson (2006) also suggest the presence of a delay component in the internal process for

motion generation. Moreover, they provide estimations for this sensory delay and its effect on

motion-coordination. Smith predictor (Smith, 1959) is one such mechanism which maintains

an internal model of the dynamics combined with an estimate of sensory delay. Haken et al.

(1985) uses such delay to explain the fact that in their finger-tapping experiments, anti-phase

motion falls into synchronized motion after a certain frequency. Haken et al. (1985) study was

limited to individual-action settings where the subject is required to coordinate between left

and right index fingers. However, in the last decade, such phenomena are studied in joint-

action as well. Thus, the idea of synchrony as solution to compensate for delays is extended to

joint-action scenarios. For instance, Naeem et al. (2012) show phase and frequency locking

behaviors even in the absence of visual feedback. They suggest that individuals acquire a
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model for the interaction which enables them for such synchronous behavior.

In summary, this literature pinpoints that human proactive behavior requires prediction

capacities which entail internal forward models. A long-standing goal in pHRI is to endow

robots with similar prediction capacities as to reach robotic proactive behavior. Therefore,

a relevant approach is to draw inspiration from human and develop predictive models for

physically collaborating robots. In this thesis, we take this approach by leveraging state-

dependent DS. Thus, to reach robotic proactivity, we tackle the two following challenges.

First, we investigate whether state-dependent DS can account for such internal forward

models. More precisely, whether human proactive behavior can be explained by an adaptive

DS. Second, we employ an adaptive state-dependent DS both as the motion-planner and the

forward internal model for robotic proactivity toward human-users.

In Chapter 3, we investigate the first problem. We take the established delayed-internal-

model hypothesis and we use tools from adaptive control and dynamical systems to realize

our interaction model. Our model is consistent with the hypothesis that the adaptation in

motor behavior is a direct result of updates in the internal model; see Krakauer and Mazzoni

(2011). In other words, in a leader-follower setting, the follower incrementally builds a model

of the leader’s motion and executes its own motion by using forward prediction based on the

internal model; i.e., proactive following behavior. Chapter 4, we tackle the second challenge.

We implement an adaptive DS for a robotic arm to reach proactivity in interaction with a

human-user; i.e., the robot gradually adapts the DS based on the human motion. Therefore,

instead of passively following the human motions, the robot execute the generated motions

based on the adapted DS.

Finally, motivated by the view developed in Wolpert et al. (2003) that action production and

action observation are performed by the same mechanism, we propose a unified dynamical

system approach for both motion generation and task identification in Chapter 5. In this case,

the observed actions of the human is interpreted using the same dynamical system as for

motion planning. As proposed by Sebanz and Knoblich (2009), the interaction errors between

a robot and a human are interpreted based on the dynamical model representing the task;

i.e., small errors are treated as tracking error and covered by the compliant control, and large

errors are considered as a change in the human intention and compensated by the adaptation

mechanism.

2.1.3 Physical interaction and the role of haptic and compliant behavior

Many coordination tasks require the individuals to be physically coupled to each other. In

such condition, each partner perceives the forces exerted by the others. It has been shown that

tasks can be completed faster when two humans physically interacts; see Reed et al. (2004) and

Reed et al. (2006a) for reaching and Gentry et al. (2005) for periodic tasks. Moreover, Sallnäs

and Zhai (2003) show that error rate decreases for virtual hand-overs when haptic feedback

is present. Similarly, Groten et al. (2010) show that tracking performance for a carrying task
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improves when haptic feedback is provided to the partners. Moreover, the desired forces can

be tracked more precisely as investigated by Masumoto and Inui (2013). Several other works

argue that such advantage are not always present and might be affected by other aspect of the

interaction. For instance, Takagi et al. (2016) demonstrate that the force reproduction accuracy

is strongly biased by facing the partner. Takagi et al. (2018) also reveal that the performance

is affected by both the coupling stiffness and the partners’ individual skills. Furthermore,

Skewes et al. (2015) suggest that the overall performance is affected by adaptability of the

partner; i.e., humans coordinate better with adaptive but irregular partners than predictable

but non-responsive partners indicating that adaptability is more important than predictability.

Forces applied by partners are not always in agreement. Madan et al. (2015) categorize them

into 1) harmonious, 2) conflicting, and 3) passive behavior. One reason for conflicting forces

is to reject disturbances as proposed by Reed et al. (2005) and Reed and Peshkin (2008).

Melendez-Calderon et al. (2015) show that dyad increase their oppositional forces when they

are faced with perturbations. However, beside using this haptic feedback to control the final

desired force and reject disturbances, individuals might use this modality for other purposes.

van der Wel et al. (2011) suggest that dyads amplify their forces to generate a haptic information

channel where they can communicate their intentions. More specifically, Sawers et al. (2017)

and Takagi et al. (2017) demonstrate that individuals communicate their movement goals

through forces. Chauvigné et al. (2017) also argue that the follower in interaction infers

the intended motions based on the forces applied by the leader. Furthermore, Ranasinghe

et al. (2015) show that, beside goals and motions, the individual communicate their level

of confidence by modulating their impedance. For instance, a passive behavior can be an

indicator that the follower is not confident in his/her prediction about the leader intention.

Several studies indicate that haptic channel is also used to negotiate over roles and strategies.

For example, Oguz et al. (2010); Stefanov et al. (2009) demonstrate that partners use conflicting

forces to negotiate over the roles. Likewise, Groten et al. (2009) show that dyads negotiate over

a fair distribution of the required effort. Using the notion of game theory, Braun et al. (2009)

also argue that individuals agree upon their roles and task distribution through force exertion;

i.e., to reach a Nash equilibrium. It has been shown by Ganesh et al. (2014) that individuals

adapt their behavior toward each other when physical interaction is mutually beneficial. For

instance, the partner with lower-force variability produces stronger forces for better force

tracking performance as investigated by Masumoto and Inui (2015). Moreover, Reed et al.

(2006a) demonstrate that dyads develop a strategy where one contributes to acceleration and

the other to deceleration of a carried object. In a similar work, Reed et al. (2006b) show that

dyads develop a temporal strategy where one performs the early parts of the motion and the

other the late parts. They discuss that such strategies reduce the variability and make the

partners more predictable to each other.

Recent development in robotic platform enable the researchers to investigate human arm

impedance properties; see Mussa-Ivaldi et al. (1985); Shadmehr and Mussa-Ivaldi (1994);

Burdet et al. (2001). Ikeura and Inooka (1995) demonstrate that human behavior can be

22



2.1. Inspirations from human proactive following behavior

represented by an impedance model where the damping parameter is variable; i.e., low for

slow movement and high for fast movements. Todorov and Jordan (2002) and Franklin et al.

(2008) show that in interaction with a passive environment, humans apply forces in order to

minimize a combination of tracking error and effort. This naturally leads to an impedance

control, as proposed by Burdet et al. (2014) and Yang et al. (2011). Wang et al. (2008) use a

human haptic model to implement an impedance controller. Jarrassé et al. (2012) extend this

framework to multi-agents settings where individuals share the cost and agree upon a fair

task-distribution. Therefore, human physical interaction is often regarded as two parts: 1) an

adaptive planner that generates reference trajectories and set-points 2) a compliant controller

(such as impedance) that generates proper forces to track the reference trajectories while

allowing for perturbations.

In summary, we benefit from compliant behavior in our physical interaction with others. The

compliance enables action perception, intention recognition, and adaptation in humans.

For instance, due to the follower’s compliant behavior, the leader is able to communicate

his/her intention through interaction-forces and movements. Moreover, the human follower

complies with the actions of others (i.e., compliance at the motion and force-level) which allows

intention recognition and subsequently action coordination (i.e., compliance at the task-level).

In consistency with the literature, in Chapter 4 and 5, we propose compliant controllers

with adaptive motion-planner. More specifically, we show that DS-based impedance control

along with adaptive dynamical system is efficient in recognizing the intention of a human-

user through the physical interactions. In Chapter 6, we take a similar approach to the

reviewed works indicating that individuals communicate and infer each other’s goal through

interaction forces. Thus, to distinguish between intentional and accidental forces, we simulate

the intended movement behind a perceived external force. Observing a persistent simulated

movement, the robot complies to the external forces.

2.1.4 The mirror game as a framework to study human motion coordination

Despite the fundamental finding of the previous studies on human motion control, they are

limited to single human setting; i.e., a single subject coordinating its action with an external

signal such as an audio beat. Joint activities have been rarely studied, mainly due to the lack

of an experimental paradigm. Noy et al. (2011) adapted the mirror-game - a fundamental

practice in improvisational theater - as an experimental system for studying joint interactions

between two subjects. In this game, two or more players imitate each others’ motions with

or without a designated leader. In their first study, two players imitate each other’s motions

along one-dimensional parallel tracks (Noy et al., 2011). Therefore, the dynamics of the two

players can be investigated quantitatively through their kinematic recordings. Using this setup,

they showed that players exhibit moments of “togetherness” by generating complex, smooth,

synchronized motions without a designated leader.

After its debut in 2011, the Mirror Game has been widely used in the literature. Zhai et al. (2014)
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used this setup to design interactive virtual players for rehabilitation purposes. Gueugnon et al.

(2016) studied the acquisition of socio-motor improvisation. Slowinski et al. (2014) pointed out

the kinematic characteristics of the players. By comparing position and velocity distributions

of the motions, they showed that individuals move differently; i.e. with a specific motion

signature. Affiliation and attachment between individuals in relation to social interaction

using the mirror game was studied by Levy-Tzedek et al. (2017) and Feniger-Schaal and Lotan

(2017). Togetherness and other physiological markers in this game were investigated by Noy

et al. (2015) and Hart et al. (2014). Słowiński et al. (2017) and Cohen et al. (2017b) utilized

this framework to study motion-coordination in Schizophrenia and pin-point some of its

biomarkers. Himberg et al. (2018) examined the relationship between subjective sense of

connectedness in groups and motion synchronization in the mirror game.

The efficacy and simplicity of the mirror game in quantification of human interactions make it

a suitable tool for the first part of this thesis; i.e., investigation of proactive motion coordination

in humans. Thus, we selected this tool to investigate human following behavior in the context

of non-physical interactions. In Chapter 3, we use the mirror game setup in two studies. In the

first study, we develop a mathematical model that can explain the follower’s proactive behavior

in the context of a human leader-human follower interaction. In the second study, we explore

the effect of intention recognition on motion coordination in a mirror game between a human

follower and an avatar leader.

Finally, it is crucial to note that any physical interaction imposes a set of constraints on the

motion of each partner which we discussed in the previous subsection. Nevertheless, in the

mirror game setup used in Chapter 3, the motion of both the leader and follower are free

from any physical coupling/constraints. The motivation behind this choice is twofold. First,

the focus of this chapter is to investigate the follower’s prediction capacity (at the motion-

level) facing a leader who can create complex motions that are not limited to point-to-point

movements. Second, the offered models and frameworks in the literature (often derived

from theories on human arm movements such as the minimum jerk model) are limited to

point-to-point movements (with known initial and final positions) and do not scale to dyadic

interactions where the leader’s motions are unconstrained and unknown.

2.1.5 Avatars as programmable leaders for human-followers

We are currently witnessing a growing number of applications for humanoid robots, androids,

and computer simulated avatars in the context of social interactions; see Meadows (2007),

Ishiguro (2007), and Sakamoto et al. (2007). For instance, Sakamoto et al. (2007) suggest

that in telecommunication, androids can elicit a strong feeling of presence in the operator.

Furthermore, to enhance the social interaction with such artificial agents, researchers have

tried to improve both the visual and behavioral aspects of android and avatars; see Minato et al.

(2004). Among others, gaze behavior is an effective element to enhance social interactions

(Minato et al., 2005, 2006). By using an appropriate gaze behavior, a robot can establish the
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Figure 2.2 – Two subjects playing the mirror game in a leader-follower setup.

participants’ roles in a conversational setting and increase the sense of affiliation among the

individuals (Mutlu et al., 2009, 2012). Robotic gaze aversion (i.e., the intentional redirection

away from the face of the human partner in the interaction) is also perceived by humans as

intentional and thoughtful, which can effectively shape the interaction (Andrist et al., 2014).

Garau et al. (2001) and Garau et al. (2003) have also investigated different gaze behaviors in

avatars where inferred (from voice) gaze behavior enhanced the behavioral realism. It has also

been shown that the duration of a gaze cue, in a social interaction setting, plays a significant

role on the level of co-presence (Bente et al., 2007). Previous studies have shown that, during

verbal communication, active gaze behavior improves avatar liveliness and human-similarity;

see Garau et al. (2003), Bente et al. (2007), and Bailenson et al. (2006). For example, gaze

dynamics (shifts, aversion, and fixation) can influence the sense of affiliation (Mason et al.,

2005). In another study, human gaze has been tracked to orient the avatar gaze in order to

create eye-contact leading to the sense of awareness of others’ gazes in virtual interaction

settings (Steptoe et al., 2008). Moreover, responsive gaze behavior from an avatar can elicit in

a human partner the feeling of being looked at (Yoshikawa et al., 2006). Despite numerous

studies on the realism of avatars (MacDorman et al., 2009; Mori et al., 2012), and the realism of

simulated gazes in virtual environments (Garau et al., 2003), little is known about the effects

of avatar gazes in social motor coordination. In particular, it is unclear whether in joint action

settings, avatars can effectively simulate natural gaze behavior, and whether human partners

can benefit from it.

Similarity is believed to be an important factor for affiliation/attraction (Byrne, 1961; Lydon

et al., 1988). Thus, it would be interesting to see if the same principle can be applied to the

avatar-robot (or human-robot) interaction, where a different aspect of similarity – gaze cues

in our case – can boost affiliation. To increase realism in animated avatars, several models

of gaze have been proposed; see Ramaiah et al. (2013) as an example where the avatar head

moves between poses according to the desired gaze behavior. To create human-inspired
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interactions, the avatar gaze has been programmed to be reactive to the human gaze that is

tracked with wearable devices (Kipp and Gebhard, 2008) or cameras (Fu et al., 2008). Moreover,

as the avatar’s hand was used for the mirror game, models suggested for human eye-hand

coordination can be helpful in increasing behavioral similarity between avatars and humans.

However, such proposed models in the literature are highly task-dependent; see Liesker et al.

(2009) for search, Bowman et al. (2009) for sequential target contact, Coen-Cagli et al. (2009)

for drawing, and Lazzari et al. (2009) for rhythmical pointing tasks. Therefore, in Chapter 3,

to keep the analysis simple, robust, and interpretable, we limit our gaze-hand model to a

simple delay of 500ms. This model is indeed in line with previous findings in Volcic and

Lappe (2009) and Khoramshahi et al. (2014). The results of Chapter 3 confirm that gaze cues

preceding hand movements help the human partner with the action-prediction process which

consequently improves the coordination. Furthermore, and tangential to the mainline of this

thesis, in Appendix A, we show that such gaze behavior also helps the human partner with the

perception of human-likeness. This shows that similarity-affiliation effect persists in the case

of motor coordination with an avatar utilizing simple gaze behavior.

2.2 Intention recognition through physical human-interaction

The applications of pHRI are multifarious: carrying and installing heavy objects (Kim et al.,

2017a; Lee et al., 2007), hand-over (Strabala et al., 2013), cooperative manipulation and

manufacturing (Peternel et al., 2014; Cherubini et al., 2016), and assistive tele-operation

(Peternel et al., 2017a). While the field of pHRI is rapidly expanding, the role of most robots in

the interaction falls into two extreme cases:

1) Passive followers (PF): whereby reducing the interaction forces and spatial error (i.e., compli-

ance at the force-level), the robot provides a passive following behavior. This approach has the

advantage that the human can lead the task (i.e., decide on the desired trajectory), however,

the robot cannot provide power/effort in the direction of the uncertainties (i.e., due to the

human intentions). Carrying heavy loads in collaboration with human (Bussy et al., 2012b) is

the rudimentary example where the robot only provides support in the direction of gravity but

fails to assist in the human-intended direction of movement where it even increases the total

mass.

2) Active leaders (AL): where the robot executes a pre-defined task while allowing for safe inter-

actions with environment and tolerating for small perturbations; i.e., achieving compliance at

motion and force-level as proposed by Kronander and Billard (2016)), this approach has the

advantage of minimizing the human effort. Nonetheless, if the robot is pre-programmed to

accomplish only one task, any human efforts to perform a different task (in the course of the

interaction) will be rejected.

Evrard and Kheddar (2009) and Li et al. (2015) proposed different control architectures that

explicitly modulate the role of the robot (between follower and leader). However, one could
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aim for approaches that benefit from the advantages of both PF and AL. For example, the

robot passively follows the human guidance initially and predicts the future desired motions

by recognizing the underlying task. Then, the robot takes over the leadership by executing the

recognized task. This capacity to act upon predicted motions results in a proactive behavior

toward human leadership. To achieve this, many predictive models for human behavior have

been proposed. For instance, Petrič et al. (2016) proposed to use Fitts’ law to predict human

movements. As another case, Leica et al. (2017) suggested a model based on mechanical-

impedance that predicts human motions based on the interaction forces. Other approaches

were suggested to learn the dynamics of the collaboration (including control and prediction

dynamics) (Rozo et al., 2013; Ghadirzadeh et al., 2016). Moreover, most of the approaches in

the literature tackle the prediction problem in the framework of impedance control. In the

next section, we review the related literature on impedance control as we use this approach

throughout this thesis. Moreover, to reach proactive and adaptive behavior we address the

prediction capabilities at three different levels:

• Motion-level: In Chapter 4, we adapt the robotic motion (generated by DS) to those

demonstrated by a human user; i.e., the robot complies to the intended motions.

• Task-level: In Chapter 5, through physical interaction, we recognize the intended task of

a human-user; i.e., the robot complies to the intended tasks.

• Force-level: In Chapter 6, using admittance control and processing the external forces,

we distinguish between intentional and accidental forces; i.e., the robot complies to

intentional forces.

Regarding our approach toward proactivity in pHRI, in the following, we review the related liter-

ature for impedance control, DS-based motion planning, motion-adaptation, task-adaptation,

and human-guidance detection.

2.2.1 Compliant control: from passive-follower to compliant-leader

A conservative approach toward pHRI is to ensure a passive interaction; e.g., the kinetic

energy of the robot dissipates over time. The control strategies proposed by Hogan (1988)

provide straightforward formulations (impedance and admittance) for such passive and

compliant interactions. We review the technical details of impedance and admittance control

in Section 2.3. In its simple form, the robot renders a mass-spring-damper behavior around a

reference trajectory; e.g., a set-point with zero-velocity. Having proper parameters (i.e., inertia,

damping and stiffness matrix), one can achieve passive interaction with the environment.

Considering only the damping part allows the robot to passively follow the external forces;

i.e., passive-follower. This is useful for transportation tasks (especially for mobile platforms as

in Kang et al. (2010)) or manipulation tasks where a different and more suitable inertia and

damping is rendered for the human user as in Duchaine and Gosselin (2007). However, this
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way, the robotic behavior is limited to a passive-follower where the robot appears as a static

mass-damper or a mass-spring-damper.

Based on the advancement of variable impedance control (Vanderborght et al., 2013), many

approaches aim for the dynamic optimization of impedance parameters to achieve a desir-

able compliant behavior during human-robot interaction (Duchaine and Gosselin, 2007).

Duchaine and Gosselin (2007) show that varying the compliant behavior can improve the

interaction from the user point-of view. To go further and achieve a human-like compliant

behavior, Ganesh et al. (2010) proposed an adaptation method based on human motor behav-

ior which was shown to be effective in human-robot interaction settings by Gribovskaya et al.

(2011).

Instead of a set-point, the robot can exhibit the compliance behavior around a reference

trajectory; i.e., a compliant-leader in the interaction. This trajectory can be pre-computed

(Ferraguti et al., 2013), or can be generated reactively depending on the state of the robot

(Kronander and Billard, 2016). Beside the optimization of the impedance parameters, other

approaches aim to achieve a desirable behavior by optimization of the impedance set-points;

see Maeda et al. (2001) and Corteville et al. (2007). To be effective, this approach requires

motion estimation and planning under human-induced uncertainties which is tackled in the

literature by means of optimal and adaptive control (Medina et al., 2012; Li et al., 2016, 2017),

machine learning techniques (Calinon et al., 2014; Medina et al., 2011), and more specifically

reinforcement learning (Modares et al., 2016). These works, to some extent, rely only on a

local anticipation of human motions which, nevertheless, lowers the human effort (Evrard

and Kheddar, 2009) and increases transparency (Jarrassé et al., 2008). Regarding this literature,

human-intention recognition is only addressed at the motion and force-level (see Fig.1.3).

However, the proactivity of robotic systems can tremendously benefit from adaptation at the

task-level where the robot adapts its task to those intended by the human-user. In Chapter 5,

we contribute to this literature by recognizing and adapting to the human-intended task.

In Chapter 6, we explore the advantages of admittance control for pHRI application; i.e., the

robot senses the interaction forces and responds with proper velocities. This controller is

widely used in the literature of pHRI: collaborative assembly (Cherubini et al., 2016), insertion

tasks (Mol et al., 2016). By responding to human forces, the robot can provide a simple fol-

lowing behavior as in Duchaine and Gosselin (2007). Moreover, human trajectory estimation

can provide proactive following behavior (Jlassi et al., 2014). Duchaine and Gosselin (2009)

and Ranatunga et al. (2017) proposed a method to adapt to human stiffness as to generate

cooperative movements. Admittance control is also suitable for whole body control of robots

such as arm-based platform (Dietrich et al., 2012). Hashtrudi-Zaad and Salcudean (2001) argue

that performances of this controller depend on the stiffness of the environment and propose a

method to switch an impedance controller to have the accuracy of admittance control in free

motion with the robustness of the impedance controller. Campeau-Lecours et al. (2016) also

argue that admittance control is suitable to perceive the environment and human intentions

and to respond accordingly. They mention that the behavior is acceptable if the reference
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trajectories are highly dynamics. Moreover, the performance of impedance controller in terms

of tracking performance and compliant behavior is contradictory; i.e., high impedance gains

result in precise tracking performance but stiff behavior toward the environment whereas

low gains provide compliant interaction but poor tracking performance. However, in admit-

tance control, the tracking performance (often provided by high-gain velocity controller) and

compliant behavior (controlled by the admittance block) are decoupled and work in parallel.

Therefore, admittance control provides a simple solution toward compliant leader behavior:

the resulted velocities from the external force can be simply added to task-specific velocities.

This idea is used in Corteville et al. (2007) and Shahriari et al. (2017). In Chapter 6, we use the

same approach to combine task-specific motion planning with proper compliant behavior.

2.2.2 Reactive motion planning using dynamical systems

To endow robots with leader behavior, we employ state-dependent dynamical systems as

motion generators. Such DS can be learned through human demonstrations and provide stable

and convergent trajectories (Khansari-Zadeh and Billard, 2011b). The state-dependency of DS

provides a reactive behavior; i.e., the external perturbations to the state result in a different

desired velocity. Moreover, considering the storage-function related to the DS leads to simpler

design of passive interaction with the environment while performing a task (Kronander and

Billard, 2016). Furthermore, DS provides a strong framework for adaptive motion generation.

To do so, the dynamics can be modulated based on a external signals; e.g., Gribovskaya

et al. (2011) use external forces to perform a collaborative task, Sommer et al. (2017) use

contact information to avoid obstacle, Medina et al. (2016) use the load-share to obtain a fluid

hand-over, and Khoramshahi et al. (2018) use tracking error to refine a DS based on human

guidance. DS provide a computationally light motion planning which allows for smooth

transient behaviors. However, tracking a trajectory potentially undermines the passivity of the

system. Energy tank-based controllers were employed to relax the conservative condition on

the passivity (Ferraguti et al., 2015; Schindlbeck and Haddadin, 2015; Kronander and Billard,

2016); i.e., the robot can be temporally active and injects energy into the environment while,

on average-over-time, stays passive. Generating motion using dynamical systems with their

corresponding storage functions (as proposed by Kronander and Billard (2016)) allows us

to investigate and control the passivity of the whole system easier. Same approach is used

by Shahriari et al. (2017) to include the energy due to the motion planning using Dynamic

Movement primitives. The literature of robotic compliant control clearly shows the efficacy

of the proposed methods to generate a “single” desired behavior (e.g., compliant leader,

passive or proactive follower). However, it falls short from providing robots with intelligence

mechanism for detecting the proper behavior and switching mechanisms that are proved to

be safe and stable.

Taking advantage of state-dependency of such dynamical systems, we are able to propose three

different adaptive strategies in this thesis. In Chapter 4, by adapting DS parameter, encoding

for geometrical transformation, the robot complies to human demonstrated motions. In this
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case, the robot acts as an adaptive leader. In Chapter 5, we propose an adaptive mechanism

to switch smoothly from one DS to another, each encoding for a different task, to comply to

human interactions. During such adaptation, the robot acts as an proactive follower where, as

it complies to human forces, it forms prediction about human-intended task. In Chapter 6,

DS-based admittance control allows for transition between leader and follower behavior. In

presence of human-guidances, the robot acts a proactive follower whereas, in the absence of

such guidances, it acts as a leader with proper tracking performance and disturbance rejection

capabilities.

2.2.3 Motion-adaptation based on physical human-interaction

As mentioned before, the impedance parameters (e.g., inertia, damping, and stiffness) al-

low for adaptation methods to achieve various control objectives: to adapt to human forces

(Abu-Dakka et al., 2015), human compliant behavior (Ganesh et al., 2010), or human intended

set-point (Corteville et al., 2007). While these approaches are very effective to locally and

temporally adapt to the human physical-interactions, they are limited in adaptation to hu-

man intention with regard to the underlying task. On the other hand, incremental learning

approaches focus on the learning of a task as a whole through several interactions with the

environment or the human user; see Abi-Farraj et al. (2017), Maeda et al. (2017a), and Lee and

Ott (2010). Several techniques can be envisioned to accommodate the new experiences. For

instance reinforcement learning can be used to learn the dynamics of physical interaction with

human Ghadirzadeh et al. (2016), or learn to stay in contact with a surface properly (Hazara

and Kyrki, 2016). In Jlassi et al. (2014), optimal control is used to improve the trajectories for

heavy load-carrying with a human. These methods can learn from small corrections made

by the human during each interaction in order to achieve their goal; see Sauser et al. (2012).

These demonstrations can take place through physical interaction with the robot; see Cho

and Jo (2013), Ewerton et al. (2016), Tykal et al. (2016), and Lee and Ott (2011) for kinesthetic

teaching. However, the fact that in most current approaches the learning and execution phases

are disjoint and defined by the human supervisor limits reaching a seamless interaction.

The interaction can be more effective if the robot learns proper motion regarding different

human intentions and during the execution phase, the robot only adapts to the proper already-

learned motion based on human interaction. Simple robotic tasks, such as polishing and

pick-and-place, can be improved by adapting to the intention of the human user. For example,

adapting to the human desired forces can improve the quality of a polishing task as shown by

Kabir et al. (2017), Oba et al. (2016), and Schindlbeck and Haddadin (2015). This task can be

improved further by adapting to the human desired patterns. In another example, adaptive

behavior was provided for pick-and-place task where the target locations were determined

using visual guidance (Quintero et al., 2015) or natural language (Schulz, 2017). In Kastritsi

et al. (2018), use varying stiffness to reshape the movement primitives. In Chapter 4, we

propose adaptive motion planning for such tasks based on the physical interactions. To do so,

we employ parameterized dynamical systems (DS) which show flexibility toward numerous
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possible human-intentions. For instance, in Peternel et al. (2017b); Gams et al. (2014) the

parameters of a time-dependent DS are adapted to achieve a desired force during human-

robot interaction. However, an adaptive time-dependent DS captures only the temporal aspect

of the input signal (e.g., phase lags and offsets). In Chapter 4, to capture the spatial aspect

of the human intention (e.g., where to polish or pick/place), we employ state-dependent

dynamical systems (Khansari-Zadeh and Billard, 2011b). By treating the human as a state-

dependent reference model (with the intended parameters), we propose and analyze our

adaptive mechanism in Chapter 4.

2.2.4 Intention-recognition and task-adaptation

The amount of previous efforts addressing adaptation at a task level is sparse. Bussy et al.

(2012a) employed a velocity threshold to trigger a new task (e.g., switching from “stop” to

“walk” while carrying an object). As reported, such hard switching results in abrupt movements

which are required to be filtered to reach human-like motions. Pistillo et al. (2011) proposed

another framework (based on dynamical systems) where the robot switches between tasks if it

is pushed by its human-user to different areas of its workspace. Although this approach leads

to a reliable and smooth transition between tasks, such human-intention recognition strategy

(i.e., based on the location of the robot in the workspace) is not efficient; e.g., each task needs a

considerable volume of the workspace to be functional, and the robot cannot switch between

different tasks in the same area of the workspace. Moreover, there has been recent interesting

methods to encode several tasks in one model Ewerton et al. (2015); Calinon et al. (2014); Lee

et al. (2015), and disjointly, several works to recognize and learn the intention of the human

Aarno and Kragic (2008); Bandyopadhyay et al. (2012); Wang et al. (2018); Ravichandar and

Dani (2015). Only recently, Maeda et al. (2017b) and Tanwani and Calinon (2017) proposed

probabilistic models that not only encode for different tasks, but also act as an inference

tool for intention recognition. Furthermore, in another recent work, Noohi and Žefran (2017)

proposed a interaction model that allows for intention-recognition based on interaction forces.

However, they do not address the online and physical interaction between the human and

the robot. The goal of Chapter 5 is to address these issues and provide a smooth transition

between tasks with an efficient human-intention recognition strategy that allows for seamless

physical interaction between a human and a robot.

2.2.5 Human-guidance recognition

Human-guidance is a central topic in collaborative robots. The human can supervise the

robot task and through his/her guidances modifies the task. Nevertheless, for a robust collab-

oration, it is crucial for the robot to distinguish between human-guidances and other possible

disturbances. Human-guidance can be given through several modalities and contextual infor-

mation such as vision, natural-language processing, etc. However, in this thesis, we focus on

the haptic channel, namely relying on the external forces sensed by the robot, as literature

presented in Section 2.1.3 emphasizes the central role of the haptic channel in performing
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physical joint actions. Benefiting from human-guidances in collaborative robots imposes two

challenges. First, it is essential for the robot to distinguish between human-guidances and

other undesirable interaction forces. Second, a reaction strategy which ensures the stability

and performance of the system is crucial. Among solutions proposed in the literature, admit-

tance control is suitable to detect and react to human guidances while performing a task. This

controller can provide the proper behavior by filtering/modifying measured forces. This is not

the case in impedance control where the input is a displacement. The literature of collision

detection exploits this fact. The robot rejects small external forces and delivers a satisfactory

tracking behavior. It only reacts to forces detected as collision. Detection algorithms rely

on the assumption that collisions result in a fast rate of change in different quantities such

as input power (De Luca et al., 2006), generalized momentum (He et al., 2015) and external

forces (Haddadin et al., 2008; Cho et al., 2012). The collision is detected if the magnitude of

such signals surpasses a certain threshold. This threshold can be adapted over time based

on the evolution of the force signal as proposed in Makarov et al. (2014). More elaborated

methods use the difference between real and nominal dynamics (Landi et al., 2017). Kouris

et al. (2018) suggest to use frequency domain approaches to distinguish unexpected collisions

from voluntary contact during human-robot collaborations. Interestingly, they conclude that

admittance control provides the fastest reaction behavior. Reaction strategies are also of

interest to our work where the robot switches from active to passive mode; as in Li et al. (2018)

where the robot switches from position control to a passive torque-control upon collision with

a human user. In contrast, we use a unified control architecture (i.e., DS-based admittance

controller with human-guidance detection) which allows us to smoothly switch back and forth

between active and passive modes.

Even though detection of human-leadership is structurally similar to collision detection, there

are a few important differences. First, a human joining the interaction does not necessarily

result in high rate of changes in force or energy. Second, it is required to detect not only the

human joining the interaction, but also leaving it. Interactions with the environment are

usually considered passive while the human is an active agent who intends to inject energy

into the system. The literature on variable compliance control offers different approaches

where the controller adapts to detected human intentions (Lecours et al., 2012; Kim et al.,

2017b; Ranatunga et al., 2015; Corteville et al., 2007). However, such works are limited to a

single role for the robot, and human-interaction detection is not used to switch from leader

to follower. In Chapter 6, we assume human-guidance forces are consistent (as opposed to

noises, oscillations and short-lived disturbances like shocks). We rely on these properties

to detect human-guidance forces instead of fast rate of changes in the literature of collision

detection.

In Chapter 6, we tackle the problem of switching between leader and follower behaviors. In

a closely related work, Evrard and Kheddar (2009) propose to use a homotopy variable to

linearly combine the two behaviors. However, the authors do not offer a solution to adjust this

variable based on the contextual informations and to guarantee the stability. In a follow-up

work, Bussy et al. (2012a) utilize a manual switch from proactive follower to leadership. In
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this thesis, we combine the leader and follower behaviors through generated velocities by

dynamical systems and admittance loop. Furthermore, we provide an adaptation/estimation

for such homotopy variable while guaranteeing the stability of the system.

2.3 Technical preliminaries

We briefly review technical materials presented in this thesis. All reviewed materials are either

previously published or from standard text books. We start by defining dynamical systems

and their properties such as stability and passivity. Then, we discuss different configurations

where a DS can be used for motion planning in robotic application. Moreover, we quickly

present a learning to learn a DS from demonstration based on Gaussian Mixture Models. To

cover strategies for motion/compliance control, we present the dynamics of a generic robotic

manipulator, and we discuss impedance and admittance control. Furthermore, we review

the DS-based impedance control. Later, we present a short introduction to basic methods in

Adaptive Control. Finally, we review some performance measurement related to pHRI.

2.3.1 Dynamical systems

Dynamical systems (DS) are widely used in this thesis for motion planning, analysis of stability,

passivity, and convergence behavior. The materials presented here are adopted from Khalil

(1996); refer to the original textbook for further details. To have a clear definition for DS, let us

start with a general form as

ẋ = f (x, t ,u) (2.1)

where x ∈Rd represents the state of the system, t denotes time, and u is the control input. In

control input is designed as a combination between state-feedback and feed-forward signal;

i.e., u = u(x, t ). In this case, the closed-loop dynamics are

ẋ = f (x, t ,u(x, t )) = f̃ (x, t ) (2.2)

The general dynamics are explicitly time-dependent. However, in this thesis, we are concerned

only with state-dependent systems formulated as

ẋ = f (x) (2.3)

where f :Rd 7→Rd is a continuous function. Such DS are referred to as autonomous since

the evolution of the state (ẋ) only depends on the state itself (x). A state (x∗) is said to be the

equilibrium point if f (x∗) = 0. The stability of an equilibrium point over a region (D ⊆Rd )

can be guaranteed under a Lyapunov function (V (x) :Rd 7→R) with the following properties.

1. V (x) vanishes at the equilibrium point: V (x∗) = 0
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2. V (x) is continuous and positive definite in D: V (x) > 0 ∀x ∈D \ x∗

3. V̇ is negative definite in D: V̇ (x) < 0 ∀x ∈D \ x∗

In this case, x = x∗ is locally asymptotically stable.

A DS is called conservative if it is the gradient of a potential energy function as follows.

f (x) =−∇xV (x) (2.4)

where V (x) is a scaler positive definite function that vanishes at x = x∗. The stability of ẋ = f (x)

is immediate by considering V (x) as the Lyapunov function leading to V̇ =−||∇xV (x)||2. An

autonomous DS can expressed as

f (x) =−∇xV (x)+ f̃ (x) (2.5)

where f̃ represent the nonconservative part of f (x) that cannot be expressed based on the

gradient a potential function. The stability of the system using V (x) as the Lyapunov function

results in

V̇ (x) =∇xV (x)T ẋ =∇xV (x)(−∇xV (x)+ f̃ (x)) =−||∇xV (x)||2 +∇xV (x)T f̃ (x) (2.6)

The asymptotic stability can be achieved if ∇xV (x)T f̃ (x) < ||∇xV (x)||2.

For the notion of passivity, consider the following dynamical system.ẋ = f (x,u)

y = h(x,u)
(2.7)

In this system, u ∈Rm denotes the input, and y ∈Rm the output signal. The map u 7→ y is

passive if there exists a storage function W (x), bounded from below, such that∫ t

0
uT (s)y(s)d s >W (x(t ))−W (x(0)) (2.8)

The left-hand side can be considered as the energy supplied to the system and the right-hand

side the stored energy. The inequality shows that the part of input energy is dissipated and the

system does not generate energy by itself. Alternatively, one can ensure passivity by proving

Ẇ (x) ≤ uT y (2.9)

where W (x) requires to differentiable with respect to x. This is useful notion in pHRI as

the human injects energy into the robotic system and it is crucial to show that this energy

dissipates and does not lead to unstable behaviors. Typically in the analysis of passivity,

W is designed based on the mechanical energy of the robot. For further consistency, the

external forces applied to the robot are considered as the input u, the robot velocity as output
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configuration where motion-generation reacts to robot’s behavior.

y rendering uT y as the mechanical power.

2.3.2 Motion generation using dynamical systems

In this section, we focus on motion-generation for robotic application. Consider a stable DS f ,

and an initial condition xd (0). Using this DS, we can generate the desired trajectory by the

following forward integration.xd (t ) = xd (0)+∫ t
0 f (xd (τ))dτ

ẋd (t ) = f (xd (t ))
(2.10)

This numerical solution of initial initial value problem (the desired position xd ) is sent to a

position-controlled robot as depicted in Fig. 2.3. It is also possible to send (ẋd ) as the reference

if the robot is velocity controlled. Moreover, one can use both xd and ẋd as the reference. As

illustrated, the DS is used in a feedforward configuration in these cases; i.e., the state of the

system does not affect the motion generation process.

Fig. 2.3 also shows DS in a feedback configuration where the state of the system affects the

motion planning. The general equation for the closed loop system can be formulated asẋd = f (x)

ẋ = H(x, ẋ, ẋd ,ue )
(2.11)

where H represents the dynamics of the velocity-controlled system, and ue an external dis-

turbance. Having perfect tracking ẋ = ẋd (which often achieved by high-gain control) is

equivalent to feedforward configuration. However, in compliant scenarios where ẋ can de-

viate from ẋ, the two configurations are fundamentally different. In such scenarios, the DS

provides a reactive motion-planning based on the perturbed states (x) due to external forces

ue ; e.g., human interaction with the robot. One candidate for such compliant controller is

the impedance controller. Having DS (as the motion generator), impedance controller (as the

compliant controller), and robot dynamics in closed loop brings us to DS-impedance control

which we introduce later in the next section.
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The main challenge in DS-based motion planning is to design a DS such that it generates task-

specific motion. For example, consider reaching motions for pick-and-place with obstacle

avoidance where the robot is required to follow motions 1) starting from any initial condition

in a reasonable region, 2) avoiding the obstacle, and 3) converging to the target position.

Khansari-Zadeh and Billard (2011b) propose a method to learn such task by encoding a set

of demonstration in a stable dynamical system. In this method, to go beyond simplicity of

linear dynamical system and generate complex motions, we consider the following nonlinear

dynamical systems.

f (x) =
K∑

k=1
hk (x)(Ak x +bk ) (2.12)

where Ak ∈Rd×d represent the linear dynamics, bk ∈Rd an offset, hk (x) ∈R+ state-dependent

activation function. This nonlinear system is constructed by the linear combination of K

locally linear DS facilitating the stability analysis and the learning procedure. To have a stable

convergence for x∗, the following condition is sufficient.

Ak + AT
k ≺ 0 and bk =−Ak x∗ ∀k (2.13)

To obtain a learning process, we assume that the demonstrations (a pair of x and ẋ) are

sampled from the following Gaussian Mixture Model.

P (x, ẋ;µk ,Σk ) =
K∑

k=1
πkN (x, ẋ;µk ,Σk ) (2.14)

where N is a normal distribution with mean µk and covariance Σk , prior probability of πk .

Moreover, the means and covariances can be decomposed as follows.

µk =
(
µk,x

µk,ẋ

)
, Σk =

(
Σk,x Σk,x,ẋ

Σk,ẋ,x Σk,ẋ

)
(2.15)

Using this joint distribution, ẋ can be estimated based on x as the maximum posterior mean

of the conditional probability density:

˙̂x = argmax
ẋ

P (ẋ|x) =
K∑

k=1

πk P (x|k)∑K
i=1πi P (x|i )

(µk,ẋ +Σk,ẋ,x (Σk,x )−1(x −µk,x )) (2.16)

By comparison to 2.12, we can relate the GMM model to the DS model as
Ak =Σk,ẋ,x (Σk,x )−1

bk =µk,ẋ − Akµk,x

hk (x) = πk P (x|k)∑K
i=1πi P (x|i )

(2.17)

The GMM parameters can be initially guessed using Expectation Maximization and tune
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further to minimize the error between demonstrated and generated velocities. The reader is

referred to Khansari-Zadeh and Billard (2011a) for further details such as an alternative opti-

mization based on Cholesky decomposition of covariance matrices. Furthermore, Khansari-

Zadeh and Khatib (2017) propose another learning approach to learn the potential functions

directly suitable to to design conservative DS.

2.3.3 Robotic arm control

Let us begin with the dynamics of a N-DoF robotic manipulator specified in the joint state as

M(q)q̈ +C (q, q̇)q̇ + g (q) = τc +τe (2.18)

where q ∈ RN is the joint position and its time-derivatives q̇ and q̈ denote velocity and

acceleration respectively. M(q) ∈RN×N represent the inertia, C (q, q̇) ∈RN×N the coriolis and

centrifugal forces and g (q) ∈RN the forces generated by gravity. τc denote the control torques

exerted by the actuators, and τe the external forces applied by the environment; including

humans and other robots. Moreover, by compensating for gravity, we can write

M(q)q̈ +C (q, q̇)q̇ = τ̃c +τe (2.19)

where τc = τ̃c +g (p) with τ̃c being the new control input. In these dynamics, the inertia matrix

is positive definite (M Â 0) and Ṁ −2C is skew-symmetric.

The mapping from the joint-space (q ∈ RN ) to the task-space (i.e., the end-effector pose

x ∈R6) is given by the forward kinematics of the robot as x = G(q) where G is defined the

geometrical model of the robot. Therefore, the Jacobian of this mapping (J (q) ∈R6×N ) satisfies

ẋ = J (q)q̇ . Furthermore, the equation dynamics can be describe the in task-space as

Mx (q)ẍ +Cx (q, q̇)ẋ = Fc +Fe (2.20)

where Fc and Fe ∈R6 respectively represent the control and the external wrench applied to

the end-effector satisfying τ̃c = J T (q)Fc and τe = J T (q)Fe . Mx (q) ∈RN×N represent the end-

effector inertia, Cx (q, q̇) ∈RN×N the end-effector damping due to the Coriolis and centrifugal

forces. For derivation of Mx and Cx and further details on task-space formulation see Khatib

(1987). Furthermore, In this thesis, we assume that the actuator (Fc ), force-sensor (Fe ), and

motion-sensing (x) are co-located.

Impedance control

Impedance control is an efficient candidate to compliant control the desired robotic motions.

The general structure of this controller is depicted in Fig. 2.4. Consider the desired and real

trajectory xd and x, respectively with their time-derivatives. The tracking error is computed as

e = x −xd . The following impedance law considers a dynamical relation between the error (e)
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Figure 2.4 – Impedance and admittance control structure.

and external force (Fe ).

Md ë +Dd ė +Kd e = Fe (2.21)

To realize this impedance behavior for the robot’s dynamics in Eq. 2.20, we can use the

following controller.

Fc = (Mx M−1
d − I6)Fe − (Mx M−1

d )(Dd ė +Kd e)+Mx ẍd +Cx ẋ (2.22)

The force sensing is only required if we aim to render a different inertia matrix. In case of

Md = Mx , the impedance control simplifies to

Fc =−Dd ė −Kd e +Mx ẍd +Cx ẋ (2.23)

The passivity of this controller can be investigated by considering W = 1
2 ėT Md ė + 1

2 eT K e. The

rate of change of this storage function is

Ẇ =ėT (−Dd ė −Kd e +Fe )+eT K ė

=F T
e ė − ėT Dd ė

(2.24)

In this equation Dd Â 0. This shows that the system is passive with respect to the port (Fe , ė).

More precisely, from the controller point of view, the mapping ė 7→ Fe is passive. Note that in

impedance, the environment induce and error (ė) and robot response with a force (Fe ).

The impedance can be implemented at the velocity level where the error dynamics are de-

signed to be

Md ë +Dd ė = Fe (2.25)

leading to the following controller.

Fc =−Dd ė +Mx ẍd +Cx ẋ (2.26)

In this case, the passivity of ė 7→ Fe can be shown using W = 1
2 ėT Md ė.
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Admittance control

Admittance control is suitable for position/velocity-controlled robot; i.e., systems that are not

equipped with torque control. Thus, we assume that the robot is position control. The general

structure of this controller is illustrated in fig 2.4. In this case, an admittance block translates

the external forces into a proper deviation from the nominal trajectory; i.e., e = xa −xd where

xd is the desired reference trajectory and xa is the admittance-generate velocity sent to the

position controller. To satisfy the relation between Fe and e as in Eq.2.21, we need to compute

ẍa as

ẍa = ẍd +M−1
d (Fe −Dd (ẋa − ẋd )−Kd (xa −xd )) (2.27)

Having the desired acceleration, in an discrete implementation of admittance controller, we

update the admittance states by the following integration.

ẋa(t +∆t ) = ẋa(t )+ ẍa(t )∆t

xa(t +∆t ) = xa(t )+ ẋa(t )∆t
(2.28)

Gmerek and Jezierski (2012) use this implementation to control a 1-DoF robotic arm. Using

W = 1
2 ėT Md ė + 1

2 eT K e, one can similarly show that the mapping Fe 7→ ė is passive. This

controller can also be implemented in at the velocity level. Note that in the computation

of acceleration (ẍa), the desired trajectory is used; i.e., ẋd and xd . For simpler notation and

implementation, we can directly take e as the admittance state and integrated forward the

following dynamics

ë = M−1
d (Fe −Dd ė −Kd e) (2.29)

and send xa = e +xd as the desired reference. Moreover, similar to the impedance controller,

the admittance control can be implemented at the velocity level. It is crucial to note that the

admittance control introduce delays in the control loop due to the time-integrations. Ott et al.

(2010) discuss the the performances of the two controller and proposes a unified framework

for switching across the two modes. In short, impedance in suitable for interaction with stiff

environment but results in poor tracking performance in free motion whereas admittance

delivers better tracking performance but results in instability in contact with stiff environment.

DS-based impedance control

This controller can be seen as an velocity-based impedance controller where the reference

velocity is planned by DS. Consider the following implementation for the position of the

end-effector (x ∈R3)

Fc =−D(ẋ − f (x)) (2.30)
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where the damping matrix D ∈R3×3 is positive definite and f (.) :R3 7→R3 the state-dependent

dynamical system. Under this control, the overall dynamics of the robot become

Mx (q)ẍ + (D +Cx (q, q̇))ẋ −D f (x) = Fe (2.31)

This controller is proposed by Kronander and Billard (2016) and investigated in great details.

Here, we briefly overview some of the relevant properties of this controller relevant to this

thesis.

To show the passivity of the overall system, we assume that the DS is derived from a potential

function as follows.

f (x) =−∇xV (x) (2.32)

Furthermore, we assume that D f (x) = d f (x) where d ∈ R+; e.g., D has a eigenvector in

direction of f (x) with eigenvalue of d ∈R+. Note that this can be achieved by having D = dI3.

Nevertheless, we can design damping matrices where we have a different damping coefficient

for directions orthogonal to f (x). Mathematically speaking, Dv = d⊥v for non-zero v ∈R3

such that vT f (x) = 0 where d⊥ ∈R+ is the orthogonal damping coefficient.

Under aforementioned assumptions, we consider the following storage function to investigate

the passivity of the overall system.

W (x, ẋ) = 1

2
ẋT Mx ẋ +dV (x) (2.33)

The rate of this function is

Ẇ = ẋMx ẍ + 1

2
ẋT Ṁx ẋ +d∇xV (x)T ẋ

= 1

2
ẋT (Ṁ −2C )ẋ +F T

e ẋ − ẋDẋ + ẋT D f (x)−d∇xV (x)T ẋ

= F T
e ẋ − ẋT Dẋ +d ẋT f (x)−d f (x)T ẋ

= F T
e ẋ − ẋT Dẋ

(2.34)

which shows the mapping ẋ 7→ Fe is passive. Moreover, this analysis shows that the unper-

turbed system converges to the fixed point where W (x, ẋ) = 0. This is trivial to show that this

is the case for the attractor of the DS; i.e., V (x) = 0 and ẋ = 0.

The tracking performance of the impedance controller for execution of a task can be investi-

gated using Eq.2.31 as follows by defining the error as ė = ẋ − f (x).

ë = ẍ − f ′(x)ẋ

= M−1
x (Fe −Cx ẋ −Dė)− f ′(x)ẋ

(2.35)
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which brings us to the following error dynamics

Mx ë +Dė = Fe − (Cx + f ′(x))ẋ (2.36)

where f ′ = ∂ f (x)/∂x ∈R3×3. To have stable dynamics on the left-hand-side, it is necessary to

have M−1D Â 0. However, the other terms (especially the external forces) which can be seen

as disturbances introduce biases. The control gain (D) can be increased in order to reduce the

effect of such disturbances and improve tracking behavior. However, one should note that in

discrete control loop, there is upper-bound for the stability of the system. Discretization of

Eq.2.35 with ∆t , ignoring the disturbances, and studying the eigenvalues provides us with an

approximation of this upper-bound; i.e., D < 2M∆t−1

In this controller, the observed damping for the human-user (Dh ∈R3×3) can be computed as

Dh =−∂Fe

∂ẋ
= D (2.37)

It can be seen that the resulting damping solely depends on the controller. To reduce the

human effort in the interaction, lower controller gain should be used.

Earlier, we assumed that D has an eigenvector in the direction Furthermore, using Rayleigh

quotient (R : R3×3 ×R3 7→ R) we can compute the damping effect in the direction of the

desired velocity velocity generated by the dynamical system.

R(Dh , f (x)) = f (x)T Dh f (x)

f (x)T f (x)
= f (x)T D f (x)

f (x)T f (x)
= f (x)T d f (x)

f (x)T f (x)
= d (2.38)

Similarly, we can show that the damping effect in the orthogonal direction is d⊥.

Furthermore, the stiffness (Kh ∈R3×3) can be derived as

Kh =−∂Fe

∂x
=−D

∂ f (x)

∂x
=−D f ′(x) (2.39)
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It can be seen that the stiffness is not only affected by the control gain D, but also by the

properties of the DS (i.e., f ′(x) which denotes the convergence rates of the DS). The stiffness in

a particular direction, namely xs with unit norm, can be calculated by the following Rayleigh

quotient.

R(Kh , xs) = xT
s Kh xs =−xT

s D f ′(x)xs (2.40)

For instance, in a case with D = dI3 and f (x) = −kx with k ∈ R+. we have the apparent

stiffness of dk in all directions.

2.3.4 Adaptation

Adaptive control was proposed initially to deal with parameter uncertainty in the plant dy-

namics. It is suitable for pHRI where human intention introduce uncertainties for the robot.

In this thesis, we are concerned with model-reference adaptive control; intuitively, the human

intention is considered as the reference model. The main approach in adaptive control is to

first determine a control structure, and derive the error function. The next step is to construct

a Lyapunov function based on the error function and derive the adaptation law. In the follow-

ing, we review two distinct structure for adaptive control; i.e., direct and indirect method as

illustrated in Fig. 2.6.

Direct adaptive control

In this approach, we directly adapt the control parameters without estimating the actual

parameters of the model. To explain this, let us adopt a classical example from adaptive

control textbook to a pHRI setting. To do this, we start with one-dimensional dynamics of a

robotic system as

mẍ +bẋ = Fc (2.41)

where m is the mass and b is the mechanical damping. For the reference model, we assume

the human in the interaction has the following desired behavior

mẍh +bh ẋh +kh x = 0 (2.42)

where ẍh and ẋh are the desired human acceleration and velocity respectively. In this equation,

bh ,kh > 0 are the unknown damping and stiffness coefficients of the human which determine

the desired motion for a given state x (i.e., the reference signal) toward the origin (i.e., x∗ = 0).

Furthermore, we assume the following controller to reach the origin.

Fc =−d ẋ −kx (2.43)
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Figure 2.6 – General approaches to adaptive control. (left) In direct method, the parameters
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parameters of the system are first estimated and take into account to update the controller.

To relate to DS-impedance control, one can imagine f (x) =−d−1kx is used where k and d are

the adaptive parameters of the controller. Having the control structure determined, we define

the following error function

ė = ẋ − ẋh (2.44)

where by minimizing this error, the robot follows the human-desired motions. The dynamics

for this error function can derived as

më = mẍ −mẍh

= (Fc −bẋ)− (−bh ẋh −kh x)

= (−d ẋ −kx −bẋ)− (−bh(ẋ − ė)−kh x)

= −bh ė + (bh −b −d)ẋ + (kh −k)x

(2.45)

Based on the appeared coefficients, we consider the following Lyapunov function.

V (ė,d ,k) = 1

2
(mė2 + 1

ε
(bh −b −d)2 + 1

ε
(kh −k)2) (2.46)

where ε ∈R+ is an arbitrary constant. It is trivial to show that at V = 0, we achieve our control

objective. The derivative of this function is

V̇ = mėë − 1

ε
(bh −b −d)ḋ − 1

ε
(kh −k)k̇

= −bh ė2 + (bh −b −d)(ẋė − 1

ε
ḋ)+ (kh −k)(xė − 1

ε
k̇)

(2.47)

We can ensure that V̇ < 0 by choosing the following adaptation lawḋ = −εẋė

k̇ = −εxė
(2.48)

As it can be seen, we directly adapt the control parameters (k and d) without identifying the

human model (kh and bh).
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Indirect adaptive control

In indirect adaptive control, we first identify the unknown parameters. Then, we design the

control parameters based on the estimated parameters. Here, we review an example where

estimate the unknown parameters of the human model in Eq. 2.42. To this end, we assume a

similar model as follows

mẍ + b̃ẋ + k̃x = 0 (2.49)

where b̃ and k̃ are the adaptive parameters. Assuming the same error function (ė = ẋ − ẋh), we

can write

më =mẍ −mẍh

=− b̃ẋ − k̃x +bh ẋh +kh x

=−bh ė − (b̃ −bh)ẋ + (k̃ −kh)x

(2.50)

Similarly, we can choose the following Lyapunov function

V (ė, b̃, k̃) = 1

2
(mė2 + 1

ε
(b̃ −bh)2 + 1

ε
(k̃ −kh)2) (2.51)

which result in the following derivative

V̇ =−bh ė2 + (b̃ −bh)(
˙̃b

ε
− ė ẋ)+ (k̃ −kh)(

˙̃k

ε
− ėx) (2.52)

By choosing the following adaptation law, we can ensure that V̇ < 0.
˙̃b = −εẋė
˙̃k = −εxė

(2.53)

Even though the adaptation rules are similar to those in Eq.2.48, we should note that the

control structures are different.

MIT rule

Here, we shortly introduce an alternative to the Lyapunov method to derive the adaptive rule.

Having the error function, one can consider the following cost function.

J (k̃, b̃) = 1

2
ė2 (2.54)

The parameters can be adapted by following the direction of the negative gradient of J as

follows.

˙̃k =−ε ∂J

∂k̃
and ˙̃b =−ε ∂J

∂b̃
(2.55)
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In our previous example, we can write

˙̃k =−εė
∂ẋ

∂k̃
and ˙̃b =−εė

∂ẋ

∂b̃
(2.56)

To compute these sensitivity we can write

ẋ = −k̃

mp + b̃
x (2.57)

where p = d
d t . This leads to the following adaptation rule.

˙̃b = −ε( 1
mp+b̃

ẋ)ė

˙̃k = −ε( 1
mp+b̃

x)ė
(2.58)

This is similar to the Lyapunov based method with the introduction of the low pas filters. The

induced delay due to these filters make the MIT rule only locally stable assuming that the

adaptation rate ε is small. However, this method is preferred over the Lyapunov approach

when the computation of error dynamics is not straightforward. For further details on MIT

rule, the reader is referred to Jain and Nigam (2013).

For convergence of adaptive systems certain conditions are necessary. These condition are

often revealed by investigation the adaptation dynamics. For instance, adaptation in Eq. 2.53

stops when x = 0 and ẋ = 0. Thus, it is necessary to have rich signals to trigger the adaptation.

This is often referred to as Persistence Excitation in the literature of adaptive control. The

reader is referred to Åström and Wittenmark (2013) for such further details.

2.3.5 Assessments

In this section, we briefly present several metrics to assess an interaction. We start by mea-

suring synchrony between two time-series. This is relevant to Chapter 3 where we assess the

human following behavior. Later, we present the notion of power, energy, and autocorrelation

which are used in the robotic implementations reported in Chapter 5 and 6.

Synchrony in the time domain

Having two times series x[k] and y[k] for n = 1, .., N , we assess the synchrony based on Root-

Mean-Square error as follows

ERMS =
√√√√ 1

N

N∑
k=1

(x[k]− y[k])2 (2.59)
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time
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trajectory follower’s

trajectory

1

Figure 2.7 – Synchrony assessment based on temporal and spatial error from zero-velocity
points. Horizontal arrows show temporal errors and vertical arrows show spatial error.

This is can also be useful for assessing the performance of a controller in term of motion-

tracking.

Furthermore, the lag between two time-series can be computed based on cross-correlation as

follows.

Rx y (l ) =
∞∑

k=−∞
x[k − l ]y[k] (2.60)

where l is a shift in time; i.e., a delay between x and y . The value of l that results in highest

Rx y can be considered as the lag between the two time series. It is trivial to see for similar time

series, this is obtained at l = 0.

However, in most application, not all moments of the interaction have the same level of

importance. For example, in the mirror game, we focus on zero-velocity points as illustrated

in Fig. 2.7. Two types of error can be extracted from zero-velocity points: temporal error

(as used in Noy et al. (2011)) and spatial error. For each zero-velocity point in the follower’s

trajectory, we consider the time-nearest zero-velocity instant of the leader’s trajectory but with

the same direction (minimum or maximum). Then we calculate temporal/spatial error based

on the time/position difference. This results in two distributions for temporal and spatial

errors. In the temporal-error distribution, the positive/negative accounts for leading/lagging

behaviors. In Chapter 3, we utilize these distributions to model the human following behavior.

Moreover, we can use the average of the temporal error distribution as a measure for the

reaction time of the follower. This is also employed in Chapter3 to investigate the effect of

intention-recognition on motion-coordination.

Synchrony in the wavelet domain

The synchrony between two motions can be assessed in time-frequency domain. To this end,

we use Continuous Wavelet Transform (CWT) by using the Morlet wavelet as follows.

ψ(η,ω0) =π−1/4e iω0ηe−1/2η2
(2.61)
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where η is a dimensionless time, and ω0 is a dimensionless frequency that is used for feature

selection purposes. Moreover, the wavelet kernel can be stretched in time using η= st where s

in a new dimensionless time. Given a time-series x[n] for n = 1, ..., N with unit time step δt ,

we can compute its continuous time wavelet as follows.

Wx (n, s) = (
δt

s
)1/2

N∑
k=1

x[k]ψ(
δt

s
[n −k],ω0) (2.62)

Therefore, the wavelet power can be defined as |Wx (n, s)|2, and the local phase can be defined

using the complex part of Wx as

φ(n, s) = arg(Wx (n, s)) = atan2(Im(Wx (n, s)),Re(Wx (n, s))) (2.63)

The cross wavelet transform (XWT) of two time series can be computed as follows

Wx y (n, s) =Wx (n, s)W ∗
y (n, s) (2.64)

where ∗ denotes the complex conjugation. The cross wavelet power is defined as |Wx y (n, s)|2
and phase as arg(Wx y (n, s)). Furthermore, to find areas in time and frequency with high

common power, we can compute the wavelet coherence as follows.

R2
x y (n, s) = |Wx y (n, s)|2

|Wx (n, s)|2.|Wy (n, s)|2 (2.65)

This can be seen as a localized correlation coefficient in time-frequency domain. Considering

a null-hypothesis that the signals are generated by a given background power spectrum, we

can assess the statistical significance of the computed powers. For such further details, the

reader is referred to Grinsted et al. (2004). In this thesis, we use this analysis in Chapter 3.

Power and energy

Given the robot dynamics in Eq. 2.24, the associated powers with the controller (Pc ∈R) and

the external forces (Pe ∈R) are

Pc = F T
c ẋ and Pe = F T

e ẋ (2.66)

We compute these entities to assess the physical interaction in Chapter 5 and 6. Moreover, the

accumulated energy based on such power can be computed as follows.

Ee (t ) =
∫ t

0
Pe (τ)dτ (2.67)
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or in the discrete form

Ee (n) =
n∑

k=0
Pe [k] (2.68)

where Pe [k] is the external power sample at time-step k.

Autocorrelation

The correlation of a time-series with itself results in its autocorrelation as follows.

Rxx (l ) = ∑
k∈Z

x(k)x(k − l ) (2.69)

For the time-series defined over [−∞, ...,n], and l ≥ 0, we can write

Rxx (l ) =
n∑

k=−∞
x(k)x(k − l ) (2.70)

Moreover, the autocorrelation at l = 0 leads to the energy of the signal (Ex ) as follows.

Rxx (0) =
n∑

k=−∞
|x(k)|2 = Ex (2.71)

autocorrelation can be used to assess the similarity of a signal to a shifted version of itself. In

Chapter 6, we will use this notion of to distinguish between accidental and intentional forces.
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3 Human-follower proactivity

As introduced in Chapter 1, our first step toward robotic proactivity is to understand and

draw inspirations from human behavior. Furthermore, in Chapter 2.1, we reviewed possible

mechanisms which contributes to human proactivity behavior. Following the same line of

thoughts, in this chapter, we investigate human proactivity in motion-coordination with a

leader. In our understanding of human behavior, we are interested in using models that are

applicable to robotics systems. Therefore, in Section 3.2, we use an adaptive state-dependent

dynamical system to explain human-following behavior. This approach is then extended in

Chapter 4 to reach proactivity in robotic systems. Beside motion-adaptation, in Section 3.3,

we show that the human follower recognizes and adapt to the leader’s intended-task. This

finding inspires the robotic task-adaptation strategy in Section 5 suggesting that it is beneficial

for robots to coordinate at the task-level with their human partner.

3.1 Introduction

Many daily tasks involve spatio-temporal coordination between two agents. Study of such

coordinated actions in human-human and human-robot interaction has received increased

attention of late as reviewed in Section 2.1. In this Chapter, we use the mirror paradigm to study

motion-coordination in a leader-follower setting. In this game, two agents are facing each

other with a handle/marker to move on a virtual horizontal line. The players are instructed to

play the game such that the designated follower should follow the designated leader’s hand

motions. The leader is instructed to make "rich" motions (namely successive oscillations with

variation in amplitude and frequency) while taking into account the follower’s capacity to

follow (i.e. slow down when needed to allow the follower to catch up). The related work for

this framework is reviewed Section 2.1.4.

The main goal of this chapter is to investigate the follower’s behavior. In the first experiment

(Section 3.2), we are interesting in modeling the motion of the follower, given a particular

motion of the leader. We propose a mathematical model consistent with the internal model

hypothesis and the delays in the sensorimotor system; see Section 2.1.2. A qualitative compar-
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ison of data collected in four human dyads shows that it is possible to successfully model the

motion of the follower.

In the second experiment (Section 3.3), we investigate if the leader-intention recognition (in a

multi-task scenario) contributes to follower’s motion-coordination. For this purpose, we use

a robotic avatar which provides early gaze cues with regard to its intended task. Producing

structured and repetitive yet random motions, the avatar acts as the leader in the interaction

and the participants are the followers. We propose time-domain and wavelet-domain analysis

to study the effect of intention recognition. We confirm that individuals can exploit gaze cues

to predict other’s intended tasks and to better coordinate their motions with their partners,

even when the partner is a computer-animated avatar. The related work for use of avatar for

interaction with human-partner is reviewed in Section 2.1.5.

3.2 Motion adaptation in human-following behavior

In this section we propose a dynamical system approach to explain the follower’s proactive

behavior in following a leader’s motions; i.e. a mathematical model which accurately describes

the main qualitative features of the data. To model the behavior of the follower in this leader-

follower setup, we first take a qualitative approach.

Eight subjects (paired in four different dyads) participated in a mirror game experiment. Each

dyad made three trials at the game, each one lasting 60 seconds. The data consist of the

1D end-effector positions (the two balls position on the strings) recorded at a rate of 100

samples per second. In Fig. 3.1, one sample of leader-follower motion is illustrated. At the

beginning, the follower shows an expected delay in his motion. Up to 15sec, the tracking

is satisfactory until the leader “suddenly” changes the location of the oscillation, and the

follower shows a tendency to oscillate according to the last observed max and min points. This

creates an interesting pattern in the follower’s motion; i.e., undershooting and overshooting.

These observations imply that the follower uses an internal model which helps him/her

to compensate for the delay. This forward modeling, however, worsens the tracking when

the leader suddenly changes the dynamics of the motion and hence no longer matches the

follower’s expected model. In this case, the follower must build again an internal model

of the leader’s motion. Therefore, we hypothesize that the human follower adapts his/her

motion rather than purely tracks the delayed observations. In the following, we consider these

observations to drive our modeling approach.

3.2.1 Predictive models for proactive following behavior

Consider the control architecture in Fig. 3.2 for the follower’s behavior in interaction with a

leader. Receiving the leader’s trajectory (xl (t)) as the input, this cognitive mechanism gen-

erates the follower’s trajectory (x f (t)) as the output. This mechanism can be seen as three

sub-systems placed in series: sensory system, internal modeling, and the motor system. Physio-
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Figure 3.1 – A sample of experimental recording from the leader-follower setup in the mirror
game. Arrows indicate noticeable patterns in the follower’s behavior. The y-axis is the linear
1-DoF displacement of the participants’ hands (horizontal line orthogonal-to-sagittal plane).
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Figure 3.2 – Using dynamical system as the internal predictive model to explain human-
proactivity in following the leader’s motions.

logical sensory-motor systems have significant feedback delays. In our proposed mechanism,

this is represented by a delay in the sensory sub-mechanism. The internal model plays the

role of the cerebellum in controlling for the timing of the agent’s response. We adapt this

internal model to the delayed perceived motion (xl (t −∆t)) and by forward integration, we

estimate the follower’s current position (x̃l (t)). This estimation of current position is used

as the set-point for the motor system where the motor system is represented by a 2nd-order

closed-loop control system.

Relying on the delayed sensory data (xl (t −∆t)) and using it as the set-point for the motor

system limits human tracking performance. In contrast, modeling the leader’s motion and

using this to predict the leader’s motion would not only improve tracking performance, but also

lower control effort (no need to focus continuously our attention to visual feedback). There are

myriad of studies attesting that humans benefit from these two aspects of forward modeling

(Wolpert et al. (1998); Krakauer and Mazzoni (2011)). In our cognitive mechanism, we use a

dynamical system to model and predict the leader’s motion; see Fig. 3.3. The parameters of the

dynamical system are updated by using previous data-points falling into a memory window

(of length T ). Once the model is updated, it is used to predict the current leader’s position

based on the leader’s position and velocity at t −∆t . Memory length T and delay ∆t are the

model’s parameters. These parameters can be tuned to achieve a desired behavior.
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Chapter 3. Human-follower proactivity

3.2.2 Parameterized dynamical systems

It is desirable to select a model of control which can capture the qualitative properties of the

data, while producing dynamics close to humans. The oscillatory nature of the task and the

smoothness of human motion can be realized by a 2nd-order dynamical system of the form:

ẍl = θ1 +θ2xl +θ3ẋl (3.1)

where the dynamical system parameters (θ1, θ2, and θ3) can be updated to model the leader’s

motion; see Fig. 3.3. This model can be rewritten in the general form presented in Eq 2.12 by

assuming the state as z = [xl , ẋl ]T which leads to:

ż = Az +b (3.2)

where

A =
[

0 1

θ2 θ3

]
and b =

[
0

θ1

]
(3.3)

Having this model for the leader’s motion, we can predict the future by forward integration of

the model. To do this, we use the last observation as the initial condition for the numerical

integration as follows.

x̃l (t −∆t ) = xl (t −∆t )

˙̃xl (t −∆t ) = ẋl (t −∆t )
⇒


¨̃xl (t −∆t ) = θ1 +θ2x̃l (t −∆t )+θ3 ˙̃xl (t −∆t )

˙̃xl (t −∆t +dt ) = ˙̃xl (t −∆t )+ ¨̃xl (t −∆t ) dt

x̃l (t −∆t +dt ) = x̃l (t −∆t )+ ˙̃xl (t −∆t ) dt

(3.4)

timett−∆tt−∆t− T

leader’s
trajectory

delaymemory

x̃l(t)

xl(t)
xl(t− ∆t)

1

Figure 3.3 – Memory and delay as the two hyper-parameters of the internal model. Memory
controls the amount of previous data being used for updating, while delay controls prediction
horizon.
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3.2. Motion adaptation in human-following behavior

3.2.3 Adaptation using the least-square method

Being linear with respect to the parameters is a great advantage for this model as it enables us

to use a simple learning method; i.e. Minimum-Least-Square (LS) method. In this method,

the regressor matrix is

S =


1 xl (t −∆t ) ẋl (t −∆t )

1 xl (t −∆t −dt ) ẋl (t −∆t −dt )
...

...
...

1 xl (t −∆t −T ) ẋl (t −∆t −T )

 (3.5)

and the target vector is

Y =


ẍl (t −∆t )

ẍl (t −∆t −dt )
...

ẍl (t −∆t −T )

 (3.6)

In such a discrete implementation, S ∈ RN×3 and Y ∈ RN where N = T /dt + 1 assuming

T is divisible by dt . Therefore, using LS method, the parameter vector (Θ = [θ1 θ2 θ3]T ) is

calculated as follows.

Θ= (ST S)−1 ST Y (3.7)

Having the model parameters updated, we can integrate forward to compensate the delay

and predict the leader’s current position (x̃l (t )). During forward integration, we can saturate

position, velocity, and acceleration based on the assumption that these quantities are limited

on the leader’s side. These saturations prohibit the model from generating fast, and unreason-

able motions. Finally, the prediction (x̃l (t)) is used as the desired trajectory for a 2nd-order

dynamical system where a hand-tuned PD-controller performs satisfactorily; see Fig. 3.2.

Using LS method, we should consider cases where ST S is not invertible. More specifically,

cases where rank of S is lower than 3. To study this, we can consider cases where column of

the regressor matrix (S = [S1,S2,S3]) are either zero or linearly dependent. In the following

cases, c1, c2, c3 represent non-zero arbitrary coefficients, and 0N×1 a zero vector of size N .

• S1 = 0N×1

This case cannot take place as the first column of S is defined to be a vector of ones.

• S2 = 0N×1

This case represent that the leader’s position is constant at zero; i.e., xl = 0. Thus, we

have ẋl = 0 and ẍl = 0. For this case, the model (Eq. 3.4) predicts the leader’s motion

usingΘ= [0,0,0].
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• S3 = 0N×1

This case represents the case where the leader’s velocity is zero; i.e., ẋl = 0. Thus, we

have ẍl = 0. In Eq. 3.4, a correct prediction can be obtained using Θ= [0,0,0] for this

case.

• c1S1 + c2S2 = 0

This case is created when the leader’s position is constant and non-zero; i.e., xl =−c1/c2.

In this case, we have ẋl = 0 and ẍl = 0. Thus, the model (Eq. 3.4) can predict the leader’s

motion usingΘ= [0,0,0].

• c1S1 + c3S3 = 0

This represents the case where the leader’s velocity is constant and non-zeros; i.e.,

ẋl = −c1/c3. In this case, we have ẍl = 0. Therefore, Θ = [0,0,0] results in a correct

prediction in Eq. 3.4.

• c2S2 + c3S3 = 0

This represent a 1st-order dynamics behavior in leader’s motion; i.e., ẋl =−c2/c3xl . In

this case, we have ẍl =−c2/c3ẋl . In this singular case, the model can predict the leader’s

motion usingΘ= [0,0,−c2/c1].

• c1S1 + c2S2 + c3S3 = 0

This case also represents a 1st-order dynamics; i.e., ẋl = −c1/c3 + c2/c3xl . Similar to

the previous case, we have ẍl = −c2/c3ẋl . Thus, Θ = [0,0,−c2/c1] leads to a correct

prediction.

It can be seen that all these special cases can be handled by ensuring small values for the

parameters; i.e., θ1 = θ2 = θ3 = 0 which means ¨̃xl = 0. This set of parameters leads to a pre-

dictive First-Order-Hold scenario. We can use damped/regularized LS to push the estimated

parameters to handle the aforementioned singular cases. We use the following formulation to

adaptively change the regularization term (µ) with respect to the regressor matrix condition

number (κ(S)).
κ= λmax (ST S)

λmi n (ST S)

µ=µ0(1−e−ακ)

Θ= (ST S +µI )−1ST Y

(3.8)

In Fig. 3.4, the performance of our method is tested for typical trajectories; i.e. different

dynamics of motion. In Fig. 3.4a, we consider the constant position case. Based on the delay,

during the first 0.3 seconds of the simulation, we do not have sensory input and it is not

reasonable to move. After 0.3s, the model is updated and its prediction is tracked by the

2nd-order dynamics motor system. Dealing with discrete PD controller, we have a lag of 2

samples between prediction and command generation by the model. For the constant velocity

case (Fig. 3.4b) and first-order dynamics (Fig. 3.4c), the model performs satisfactorily. Having
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Figure 3.4 – Performance of the internal model to follow typical trajectories. The first three
trajectories cause singularity for the LS method. In these simulations, we have dt = 0.01s,
∆t = .3s, T = .5, µ0 = 10, and α= 1. For the discrete PD controller, we have Kp = Kd = .5

few data-points in the beginning of each simulation makes the prediction unreliable. Finally,

in Fig. 3.4d, the proposed model is tested against sinusoidal trajectory. It is interesting to note

that this trajectory is dynamically consistent with our model, and setting the damping in LS

to zero will lead toΘ= [0 ω2 0] where ω is the oscillation frequency. Moreover, Fig. 3.4 shows

that the proposed method can also follow the changes in the motion dynamics; e.g. from

oscillation to reaching.

3.2.4 Results

In order to tune our model to human performance, especially to account for the observed

overshoot and undershoot, we focus on zero-velocity points. Two types of error can be

extracted from zero-velocity points: temporal error (as used in Noy et al. (2011)) and spatial

error. For each zero-velocity point in the follower’s trajectory, we consider the time-nearest

zero-velocity instant of the leader’s trajectory but with the same direction (minimum or

maximum); see Fig. 2.7. Then we calculate temporal/spatial error based on the time/position

difference.

With the features presented above, we study the human performance in Fig. 3.5a. Interestingly,

for the temporal error, most of the probability mass is present in the region with positive error.

This shows that the follower’s trajectory is lagging most of the time. The distribution in the

negative part of temporal error shows that the follower sometimes changes the direction of
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motion sooner than the leader. This, again, speaks in favor of an internal model that guides

the change in motion direction. Another interesting property of this graph is that almost all

the delays are below 300ms. We can use this observation and fix the delay in our model to

∆t = 300ms.

The distribution of spatial error is very close to a normal distribution with mean 0.005m and

standard deviation of 0.13m. Similar distributions can be achieved by tuning our proposed

model on the data-set. It is desirable to determine a set of parameters that match best the

model-follower and human-follower distributions. To do this, we must extract feature vectors

from the temporal and spatial distributions. We do this by counting the frequency of data-

points in the following bins.

Spatial
error [s]

0 0.05 0.1 0.15 0.2 0.25-0.05-0.1-0.15-0.2-0.25

2.6% 0.7% 1.5% 4.2% 11.6% 31.5% 27.8% 11.8% 3.9% 1.4% 1.1% 1.8%ws
h = [ ]

Temproal
error [s]

0 0.1 0.2 0.3 0.4 0.5-0.1-0.2-0.3-0.4-0.5

4.6% 0.6% 1.3% 2.9% 5.1% 7.2% 18.4% 36.1% 14.9% 3.6% 1.1% 4.1%wt
h = [ ]

1

Here, w t
h and w s

h are the coarse representation of the temporal and spatial error distribution

for human performance. Same feature vectors can be extracted for any model; i.e. w t
m and

w s
m . Having these feature vectors, to tune model parameters, we can use the following cost

function; i.e. Hellinger statistical distance.

H(wh , wm) = 1p
2
∥pwh −p

wm ∥2 (3.9)

where wh and wm represent the human and model temporal or spatial error distribution.

Now that we formalized our tuning problem as a multi-objective optimization, we search

for the best combination of our model’s parameters; i.e. delay and memory. This search
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Figure 3.5 – (a) Probability distribution of temporal and spatial error in zero-velocity points
for human follower in mirror game setup. (b) Grid search for delay and memory parameters.
Statistical difference between human and model follower in (left) temporal and (right) spatial
error.
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Figure 3.6 – Probability distribution of temporal and spatial error at zero-velocity points for
model-follower in the mirror game setup with tuned parameters (300ms for delay and 5s for
memory).
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Figure 3.7 – Model performance for Leader-follower setup. In these two examples, the model’s
performance (green) is compared to the human-follower (red) in tracking the human-leader
(blue).

is illustrated in Fig. 3.5b. As it can be seen, these cost functions are consistent with each

other. Moreover, they are more sensitive to changes in the delay parameter than in the memory

parameter. The best choice for delay is 300ms which is consistent with our previous hypothesis

from Fig. 3.5a. This delay is also in agreement with the previous studies in human reaction

time to changes in direction Mateeff et al. (1999). Having 300ms for delay, these cost functions

are almost insensitive to memory. Here, we pick 5s for memory where the cost functions

exhibit less sensitivity to the other parameter; i.e. robustness.

The temporal and spatial error distribution of our model with tuned parameters are illustrated

in Fig. 3.6. As it can be seen, the temporal and spatial error distribution graphs are highly

similar to those for human-follower in Fig. 3.5a. In both graphs, the maximum and cut-off

delay (a point which contains 90% of the temporal error distribution) are alike. In both human

and the model, the temporal distribution in the negative part (where the follower switches
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Chapter 3. Human-follower proactivity

direction sooner than the leader) is also similar.

Fig. 3.7 shows the performance of the model on the experimental data (leader’s trajectory). Our

model’s output matches the human-follower trajectory most of the time. It however accounts

relatively poorly for the overshoots and undershoots. This is likely due to the fact that these

are caused by previous max and min points of trajectory and our dynamical model can only

model the offset (center of oscillations). Improving our model to take these into account, we

might be able to create these pattern more accurately.

In this section, we studied the human ability to coordinate on the motion level. More precisely,

the ability to predict the leader’s motions and proactively coordinate the motions. We showed

that an adaptive dynamical system can explain this capability. In the next section, we focus

the human ability to coordinate on the task level. We show that recognizing the underlying

intended-task contributes to a higher coordination performance.

3.3 Task-adaptation in human-following behavior

In this section, we focus on the ability of a human to coordinate on the task-level. More specifi-

cally, we investigate whether intention-recognition (i.e., recognizing the leader’s intended task)

contributes to motion-coordination. In context of human-human interaction, we provide

our partners with contextual cues regarding our intention. For instance, such these cues can

be provided through gaze. The ability to follow one another’s gaze plays an important role

in our social cognition; especially when we synchronously perform tasks together. Here, we

investigate how gaze cues can improve performance in a simple coordination task (i.e., the

mirror game), whereby two players mirror each other’s hand motions. A systematic control

over the gaze of one player allows us to influence the intention-recognition performance of

the other player. To do this, we employ a robotic avatar where we can control its gaze behavior.

We use a computer-generated avatar that simulates the humanoid robot iCub (Tikhanoff et al.,

2008), a 53-DOF humanoid robot as shown in Fig 3.10. We contrast two conditions, in which

the avatar provides or not explicit gaze cues that indicate the next location of its hand.

In the following, we present the avatar leader’s behavior in terms of motion-generation (where

the avatar switches across different tasks) and gaze behavior (where the avatar provides gaze

cues with regard to its intended task to help the human-follower).

3.3.1 Avatar task-switching

In the experiment, the avatar is the leader and programmed to create motion patterns gener-

ated by different underlying tasks; i.e., different sinusoidal oscillations each specified in terms

of amplitude and offset. The avatar leads the interaction by moving its right arm on a virtual

horizontal line orthogonal-to-sagittal plane. The parameters of the trajectories (offsets, am-

plitudes, frequencies, and random transitions) are hand-tuned based on human trajectories
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3.3. Task-adaptation in human-following behavior

Figure 3.8 – Switching across tasks using an avatar. Modes of oscillations comprise random
motions of the avatar’s hand. Three small oscillations (one to the left, center, right of the torso
with amplitude of 0.3) and one large oscillation (amplitude of 0.7). Number of oscillations in
each mode and transition to the next mode are random. The symmetric reachable range of
the hand is scaled to [-1,+1], and it into the avatar’s coordinates.

of the previous section, hence they display dynamics that are qualitatively close to human

natural-dynamics. We use a standard inverse kinematics solver to control the motion of the 6

degrees of freedom of the right arm of the robot, so as to accurately follow the desired hand

trajectory. In our inverse kinematics solver, we also consider human-like postures (motion of

the shoulder and elbow).

To generate leading motion patterns, we first scale the reachable range of the avatar’ hand

to [−1,+1] as illustrated in Fig. 3.8. This reachable range, with respect to the body sagittal

plane, is asymmetric. Then, we considered four different tasks (i.e., modes of oscillation) as

depicted in the same figure. Each mode has a different combination of offsets and amplitudes

as follows:[
o f f set

ampli tude

]
∈

{[
0

.3

]
,

[
−.5

.3

]
,

[
.5

.3

]
,

[
0

.7

]}
(3.10)

To avoid that the human-follower learns the task-switching patterns and uses this as as a

predictor, we use random switching patterns. The number of oscillations in each task is a

random number between 2 and 5 (inclusive and uniform) except for the large oscillation where

the number of oscillations is fewer (one or twice). Starting a task, velocity of the oscillation is

also selected randomly (1 or 1.3m/s) increasing the difficulty of the game. Moreover, upon

completion, the next mode is randomly (and uniformly) chosen. This results in a random

trajectory in each trial as shown in Fig 3.9.
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Figure 3.9 – A sample of generated motion for the avatar’s hand. Tracking performance of
the PD controller in this simulator is considered satisfactory. It is visible that the generated
motion is composed of different modes (combination of offset and amplitude).

Figure 3.10 – The simulated iCub robot. The robot is acting as the leader in the mirror game,
generating random sinusoidal trajectories. (Left) the gaze is fixated on the hand. (Right) the
gaze precede the hand. The blue arrows show the next hand movement and the green arrows
show the current gaze fixation point.

3.3.2 Avatar gaze cues

To help the human-follower with the intention-recognition, the avatar provides gaze cues for

the its next task-switching. The head and eyes of the robot are controlled so as to generate

the desired gaze behavior. The gaze direction is generated mostly by the eye movement, and

the head movement was used to create a more natural and human-like behavior. To have a

control condition that can act as a baseline in our analysis, we use the case where the avatar

does not provide the follower with a gaze cue; i.e., the gaze and hand moves synchronously,

see Fig 3.10. In the gaze cue condition, the eyes precede the hand motion; the hand’s trajectory

was used for the gaze, but with 500ms lag. In the no-gaze cue condition, the eyes are locked on

the hand and move in synchrony with the hand, see Fig 3.10. In our analysis, this condition

serves as the baseline for participants’ performances.

To control the gaze, we used the default gaze inverse-kinematic solver provided by the iCub

simulator (Pattacini, 2011). In this solver, both head and eye movements are used to generate

the gaze fixation point; i.e., 3 degrees of freedom for the eyes (azimuth, elevation, and vergence
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Figure 3.11 – An example of desired trajectories for the avatar’s hand and gaze in the two
conditions.

angles) and 3 degrees for the head (pitch roll and yaw angles). Parameters used to generate

smooth and human-like gaze behavior are reported in in Fig. 3.11. It can be seen that the

real gaze-trajectory differs from the desired one. This is due to the gaze controller being

affected/perturbed by the hand motion. However, the leading behavior, which provides gaze

cues, is preserved; the gaze moves sooner to the new offset and oscillates synchronously with

the hand, and has a smaller amplitude.

The choice of parameters affects the level of difficulty of the game; switching quickly between

different modes of oscillation results in fast and highly transitory motions which are harder

to follow. By varying the parameters (speed and complexity of the motion) prior to the

experiment, we adjusted the difficulty of the game to amplify the effects of gaze cues; at a

higher level of difficulty, only relying on the hand motions does not result in a satisfactory

tracking performance. Thus, we expected participants to pay attention to gaze cues and

exploit this information throughout the game and, in particular, during the phases where

the difficulty was the highest, specifically when the avatar changes direction of motion very

rapidly. To avoid compounds due to unnatural dynamics of motion, we provided the avatar

with motions that follows closely the typical dynamics of human hand motions (which we

observed in Section 3.2.1) in terms of range and frequency.
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Chapter 3. Human-follower proactivity

Figure 3.12 – The experimental setup. The avatar is displayed on a big screen (46 inches).
The avatar led the mirror game and the participant followed the avatar’s hand motions. The
participant held a marker for motion tracking purposes.

3.3.3 Experimental setup: the human-avatar mirror game

In our experiment, participants were asked to follow the motion of the avatar, see Fig 3.12. To

track the motion of the human’s hand, we asked the subject to hold a marker, which enabled us

to track their motion using OptiTrack system NaturalPoint (2018) (120Hz for sampling rate, and

accuracy of 0.1mm). For this, we recruited 37 participants (26 males and 11 females) from the

EPFL campus (Bachelor, Master’s, and PhD students). Their average age was 23.1 (4.7) [18-39]

(values are presented in the form mean (standard deviation) [min-max]). Each participant

took part in one session that lasted a maximum of 10 minutes. No inclusion/exclusion criteria

were used for the recruitment and all participants successfully completed the session. As a

consequence, no data had to be removed from the experiment. They also provided written

informed consent to take part in this experiment.

Each participant participated in both conditions. In order to remove the order effects, we

divided the participants into two groups: one group was exposed to the “no-gaze cue” con-

dition first, and the other was exposed to the “gaze cues” condition first. See Fig 3.13 for our

experimental protocol. In each condition, subjects played four consecutive trials, each 30

seconds long. Having played in both conditions, the participants were asked to answer a short

questionnaire. This led to a total of 344 recorded trajectories (30s long each) for the analysis.

Upon completion of all the trials, we asked the participants five short questions about their

impressions of the difficulty and realism (similarity to human behavior) of the avatar; see

Appendix A for further details on the results obtained from the questionnaire.

As mentioned before, our experiment has two conditions. In the no-gaze cue condition,

the eyes are locked on the hand and move in synchrony with the hand. In the gaze cue

condition, the gaze precedes the hand motion by 500ms. To pinpoint significant within-
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T1 T2 T3 T4

With gaze cue

T1 T2 T3 T4

No gaze cue

T1 T2 T3 T4 T1 T2 T3 T4

No gaze cueWith gaze cue

Questionnaire

Group 1

Group 2

17 (11 males, 6 females)

20 (15males, 5 females)

Figure 3.13 – The protocol used for the experiment. Subjects were divided into two groups
and participated in the experiment with a different ordering of conditions followed by a short
questionnaire.

subject contrasts across the conditions, repeated measures ANOVA is performed. The reaction

time, the perception of difficulty, and the perception of similarity are the three dependent

variables which we measured in the two conditions; i.e., “no-gaze cue” and “gaze cues”. The

condition and the order of the conditions are used as within-subject factors; i.e. independent

variables. Moreover, a separate analysis includes further the effect of age and gender where

age is split into tree balanced groups as reported in Appendix A.
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Figure 3.14 – Extraction of reaction time based on zero-velocity points in the leader and fol-
lower trajectories. In this conceptual example, we have positive reaction times (the leader/fol-
lower is leading/lagging) in the first two cases, and a negative reaction time (the leader/follower
is lagging/leading) in the last case.

3.3.4 Results

We first present the results of our questionnaire. Then, we investigate the results obtained

from the motion capture systems. Afterward, we crosscheck the subjects’ performances with

their impressions reported in the questionnaire. Finally, we present the results acquired from

the frequency-domain analysis of the recorded participants’ motions.
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Figure 3.15 – Overall analysis of the recorded motions. (Left) Boxplots of subjects’ reaction
times in each condition. (Center) histogram of ∆RT . (Right) RT in the gaze cues condition vs.
RT in the no-gaze cue condition. Each dot represents a participant. Black line is the unity line
and the blue line in the result of the linear regression.

Human-follower’s reaction time

Now, we turn to the objective and quantifiable results on the effect of gaze on the subjects’

tracking performances. To this end, we analyze the data on the relative velocity of participants

and the avatar’s hand motions. In the previous section, we show that the human tracking

performance can be captured by the temporal differences between the leader and the follower

trajectories. Here we use the same measure; see Fig 3.14. For each set of leader-follower

trajectories obtained from a trial, we calculate the temporal differences between the leader

and the follower only across the peaks (i.e., zero-velocity points). We choose the average to

compare the tracking performance across the two conditions, i.e., average reaction-time (RT).

We refer to the within-subject RT contrast across the condition as RT improvement defined as

∆RT = RTn −RTg (3.11)

where RTn and RTg represent the participants’ reaction times in “no-gaze cue” and “gaze cues”

conditions respectively. A positive value for this variable shows that the participant had a

better performance in the presence of the gaze cues.

Fig 3.15 shows the overall results using this metric. Fig 3.15(Left) shows the boxplots for reac-

tion times in each condition where participants, on average, show faster reactions with gaze

cues than without. The analysis of variance shows a significant improvement in reaction times

due to the gaze cues [F (1,35) = 9.445, p = 0.004]. Moreover, a marginally significant effects

due to age was detected [F (2,32) = 2.996, p = 0.064]. Fig 3.15(Center) shows the distribution

of ∆RT . The results of the Wilcoxon test suggest that the average of this distribution (13ms)

is significantly greater than zero. The last subplot, Fig 3.15(Right), shows the performance

of each individual change in the presence of the gaze cue. The black line indicates the unity

line (the null hypothesis). As can be seen, the data is skewed to the favorable side of this line

(alternative hypothesis). The blue line illustrates the linear regression of the data. The slope of

this regression implies that individuals with lower performances (higher RT in the “no gaze”
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Figure 3.16 – Cross-wavelet analysis. Right: Cross-wavelet coherence between the leader and
the follower in one of the trials. Power of frequency components at each time is color coded;
i.e., blue/yellow for weak/strong components, respectively. Moreover, the arrows indicate the
leader-follower phase relation for each frequency over time. Left: Average phase-lag for each
frequency extracted from the main plot.

condition) benefit more from gaze cues. For more detail on the statistical analysis regarding

effect of condition-order, age, and gender, the reader is referred to Appendix A.

Human-follower’s phase lag

Thus far, for our analysis, we used a metric based on the computation of zero-velocity points

only. Although this metric provides a good estimation of the reaction time and enables us

to put forward significant differences across the conditions. However, it does not provide

an assessment for the different aspects of joint action; i.e., action prediction, temporal coor-

dination, and joint planning. To overcome this and check the effect of gaze in more detail,

we apply frequency-domain techniques reviewed in Section 2.3.5. This method allows for a

more refined analysis where the leader-follower interaction is presented as a frequency-phase

relation. This helps us to understand how gaze cues improve the coordination. A cross-wavelet

transform is applied to the leader-follower trajectories by using a Matlab toolbox provided

by Grinsted et al. (2004). In this transform, the Morelet wavelet with conventional temporal

resolution (σ= 6) is used.

The results of cross-wavelet coherence for one of the trials are illustrated in Fig 3.16. In cross-

wavelet coherence, each point at a certain time and frequency has two components: power

and angle. The power, which is color-coded in the figure, shows the strength of that frequency

at that moment. The angle, however, shows the phase-lag between the leader and the follower.

The arrows, pointing to the right, indicate a perfect synchrony, whereas arrows tilting up-
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ward/downward show a leading/lagging behavior in the follower; upward/downward arrows

signify 90 degrees phase lead/lag. To quantify the temporal correspondence, we extract the

average phase-lag at each frequency; see Fig 3.16(Right). We observe that, in low frequencies,

there is a satisfactory synchronization that deteriorates as frequency increases. There is an

interesting point when the graph passes 90 degrees, i.e., an asynchronous interaction. Similar

to linear filters, this frequency (2H z in this example) can be considered as the bandwidth

of the interaction; i.e., a frequency beyond which the synchronous interaction cannot be

maintained. Moreover, after a certain frequency, the estimation of phase lag is not reliable as

the power of that frequency drops in the cross-wavelet coherence plot.

The average phase-lag can be extracted for each subject for the two conditions, i.e., with and

without gaze. Such graphs, for one of the subjects, are plotted Fig 3.17a. It can be seen that, for

both cases, synchrony reduces as frequency increases. However, the interaction has a lower

lag for each frequency in the presence of the gaze. This can be assessed easier by looking at

the difference of two graphs in the lower plot in Fig 3.17a. This plot clearly shows that, for this

participant, the presence of the gaze improves the interaction over all frequencies.

We apply this procedure to all participants and study the average behavior that is plotted in

Fig 3.17b. Investigating the 95% confidence interval does not show a significant improvement

(with zero improvement as the null hypothesis). However, scaled standard deviations are

plotted for comparison across the frequency spectrum. As mentioned before, the average

phase for high frequencies is not reliable, which, in this figure, results in wide intervals. It can

be seen that improvements take place in three different regions. Interestingly, each region

accounts for a different underlying process in joint actions. These processes are as follows:

Task-level coordination: low-frequency region (1/8−1/4H z) accounts for the task-switching;

see Fig 3.9 where the task=switching creates a low-frequency components in the trajectory. By

providing a gaze cue to the next location of the oscillations, the avatar improves the synchrony

in the interaction in this frequency interval. Therefore, intention recognition (using the gaze

cues) allows the individuals to coordinate better on the task-level.

Motion-level coordination: mid-frequency region (1/2−1H z) accounts for the oscillatory

motions in each task. The improvement in this range supports the hypothesis that, in the gaze

cues condition, the follower can synchronously follow one mode of oscillation, which has a

random number of repetitions, until the next gaze cue. Therefore, intention recognition (using

the gaze cues) improves in-task motion coordination.

Transition-level coordination: high-frequency region (around 2H z) accounts for fast and

transitory motions when the task is abruptly changed. The improvement in this region

shows that, in presence of gaze cues, individuals have a lower reaction time when the task is

switched. Therefore, intention recognition (using the gaze cues) allows the follower for a more

synchronous transition across tasks. However, compared to the previous regions, this result is

not reliable due to the wider confidence intervals.
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Figure 3.17 – Frequency-phase profiles. a) Top: Average phase-lag vs. frequency of one of
the participants in both conditions; with and without gaze. Bottom: Phase improvement vs.
frequency of one of the participants due to the presence of the gaze cues. b) Effect of gaze on
the synchrony of the interaction across frequency (averaged over all subjects). The red graph
indicates the average improvement due to the gaze cues. Gray area indicates the scaled 95%
confidence intervals.

3.4 Discussion and conclusion

In this chapter, we studied the human proactivity at two levels; i.e., motion and task-level.

At the motion-level, we showed that the human follower adapts its motion based on leader’s

trajectories rather than pure tracking of the such delay observations. To this end, we intro-

duced a cognitive mechanism capable of producing human-like motions for the mirror game

setup. In this model, we used adaptive dynamical system as an internal predictive model.

We built this model based on qualitative assumptions and observations from human data

recordings. Moreover, using quantitative methods, we tuned our model’s hyper-parameters

to fit the human data. We showed that simple dynamical models can be used explain and
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reproduce the follower’s motion in the leader-follower setting of the mirror game.

At the task-level, we showed that the human follower recognizes the underlying task and uses

the avatar gaze cues to better predict the task-transitions. To this end, we used the mirror

game paradigm where the human subject imitates the hand motions of an animated avatar.

The use of avatar-leader (instead of a human-leader) enables us to systematically control

for task-switching and gaze-cues. To test our hypotheses, we implemented a simple gaze

behavior where an avatar provides a human subject with task-relevant cues. In a within-subject

study, we recorded the performance of participants in the presence and absence of gaze cues.

Our main result shows that gaze cues significantly improve participants’ reaction times to

the avatar’s movements. A wavelet analysis of the interactions provided us with a better

understanding of different underling aspects/processes reported for motion-coordination.

Frequency-domain techniques helped us to model the follower’s behavior as a frequency-

dependent-phase relation that, compared to time domain analyses, is easier to interpret. Both

metrics captured the beneficial effects of gaze cues. Due to a higher effect size in this metric

(the entire frequency domain), however, a larger sample size is required to reach substantial

statistical power in order to draw significant conclusions.

In the next two chapters, we put our findings from these experiments in practice. In Chapter 4,

we use the idea of parameterized adaptive dynamical systems to achieve a robotic behavior

that proactively follows a human-leader. In Chapter 5, we focus on robotic system that

recognizes the underlying intended-task from human demonstrated motions.
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4 Robotic motion adaptation through
physical human-interaction

In the previous chapter, we showed that the proactivity of a human-follower can be explained

by an adaptive dynamical system. Our results confirm that the follower adapts his/her internal

model based on the leader’s motion. To be proactive, the follower relies on the predictions of

the adapted model rather than passively following the leader’s motions. In this chapter, we

put this idea in practice. We present an adaptive motion planning approach for impedance-

controlled robots to modify their tasks based on human physical interactions. We use a

parameterized time-independent dynamical system for motion generation where the modu-

lation of such parameters allows for motion flexibility. To adapt to human interactions, we

update the parameters of our dynamical system in order to reduce the tracking error (i.e.,

between the desired trajectory generated by the dynamical system and the real trajectory influ-

enced by the human interaction). The related work for this chapter is reviewed in Section 2.1.2

and 2.2.3. In the following, we present our adaptive method and we provide analytical analysis

and several simulations of our method. Finally, we investigate our approach through real

world experiments with a 7-DOF KUKA LWR 4+ robot performing tasks such as polishing and

pick-and-place.

4.1 Introduction

As introduced in Chapter 1, collaborative robots are aimed to assist us with tasks that are

repetitive and burdensome such as polishing surfaces and pick-and-place. Over the past

four decades, the problem of control and motion planning for such tasks has been studied

rigorously for traditional industrial settings. However, recent advances in robotics aim to

utilize robots in everyday settings, such as small factories and home applications. Therefore,

having a human in proximity of robots who intends to modify the robotic behavior through

physical interactions introduces new challenges; not only from a control perspective to ensure

safety and passivity but also regarding motion planning to recognize the underlying intentions

and react accordingly. Interacting with a human who might have different intentions/goals can

be done in several fashions: using control panels, remote controllers or other extra interfaces.

However, a seamless behavior can be achieved if the robot reacts in accordance with human
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Initial task
Human interaction
Adapted task

Figure 4.1 – Online motion adaptation in a polishing task where the human demonstrates
his/her intention through physical interaction and the robot adapts the task accordingly.

physical interactions. Therefore, it seems desirable to have robots that are not only compliant

in their interaction, but also adaptive to the intention of their users. In this chapter, we focus

on motion adaptation under a specific task; e.g., polishing a flat surface as illustrated in Fig. 4.1.

To do this, we extended our adaptive DS from Chapter 3. In that chapter, we showed that

adaptation of the motion-planner leads to proactive following behavior. By extending this

idea to physically interacting robot we achieve two robotic behavior in this chapter:

• Compliant leader: the robot executes the task autonomously but allows for human

physical interaction.

• Proactive follower: during the physical interaction, the robot adapts its motion-planner

with respect to the human demonstrations. Thus, the robot complies with human forces

and follows the predicted motions.

The control architecture of this chapter is depicted in Fig. 4.2. The mathematical formulation

for robotic arm control and DS-based impedance controller are presented in Section 2.3.3 and

2.3.3. In the following, we present the mathematical formulation for motion generation and

motion adaptation using parameterized dynamical systems.

4.2 Motion generation using parameterized dynamical systems

We presented the background on motion planning using dynamical systems in Section 2.3.2.

For the purposes on this chapter, let us consider a desired behavior encoded using state-

dependent DS as

ż = f̂ (z) (4.1)
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Parameterized
DS

Impedance
Control

Robot
ሶ𝑥𝑑 𝐹𝑐
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𝑥ሶ

𝑥

Human

Adaptation

+

Θ

Figure 4.2 – Control loop of an adaptable dynamical system. The human and the robot
physically interact by applying Fh and Fc respectively. The impedance controller applies
proper forces to track the desired velocity ẋd generated by the dynamical systems. The
adaptation mechanisms update the DS parameters (Θ) based on the DS-generated velocity
(ẋd ) and human-influenced real velocity (ẋ).

In this formulation, z ∈Rm is the canonical state and f̂ (.) :Rm →Rm is the canonical DS.

We assume that the canonical DS is globally stable to an attractor or a limit cycle under a

continuously differentiable Lyapunov function. To reshape the generated motion by the DS,

we consider a diffeomorphism M(.;Θ) :Rm →Rm with p free parameters (Θ= [θ1 · · ·θp ] with

Θ ∈ΩΘ). We formulate the canonical state (z) as the transformation of the actual state (x ∈Rm)

as follows:

z = M(x;Θ) (4.2)

Time-differentiation of this mapping results in

ż =DMx (x;Θ)ẋ +DMΘ(x;Θ)Θ̇ (4.3)

where the differential DMx ∈Rm×m is invertible. Furthermore, we neglect the second term by

assuming the variation of parameters is slow. Using Eq. 4.1 and 4.2, we can write

ẋ = [DMx (x;Θ)]−1 f̂ (M(x;Θ)) (4.4)

This formulation might appear complex and non-applicable for robotic implementation. Let

us consider a special case for the transformation.

M(x;Θ) = SR(x + x̄) (4.5)

In this transformation, the state is translated by x̄ ∈Rm , rotated by R ∈SO(m), and scaled by

a diagonal matrix (S ∈Rm×m) with positive entries. The differential of this mapping is

DMx (x;Θ) = SR (4.6)
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Chapter 4. Robotic motion adaptation through physical human-interaction

In this case the dynamics in Eq. 4.4 become

ẋ = R−1S−1 f̂ (SR(x + x̄)) (4.7)

For the implementations of this chapter, it is sufficient to consider a 2-dimensional case

(x ∈R2). In this case the transformed DS is

f (x,Θ) =
[

cosθ3 sinθ3

−sinθ3 cosθ3

][
θ−1

4 0

0 θ−1
5

]
f̂ (

[
θ4 0

0 θ5

][
cosθ3 −sinθ3

sinθ3 cosθ3

]
(x +

[
θ1

θ2

]
)) (4.8)

In this parameterized DS, θ1 and θ2 are the translation parameters along x1 and x2 respectively.

θ3 represent the rotation, and θ4 and θ5 account for scaling along x1 and x2 respectively. In

the following, we use this DS to generate motion for two different tasks; i.e., polishing and

pick-and-place tasks.

4.2.1 Polishing task

To generate polishing patterns on a surface (x = (x1, x2)T ),we use a DS described in the polar

coordinates (r and θ) as ṙ = −α(r − r0) and φ̇ = ω where r 2 = x2
1 + x2

2 and φ = atan2(x2, x1).

ω ∈R+ is the desired angular velocity, α ∈R+ is the desired radial velocity and r0 ∈R+ is the

desired radius of rotation. Fig. 4.3 shows the vector field for this dynamical system along with

generated motions. This figure also shows how this DS can be transformed (scaled, rotated,

and translated) to create different polishing patterns. Furthermore, in Fig. 4.4, we illustrate

the transformation of a simple circular motion to a complex cyclic motion through smooth

modification of transformation parameters. We can observe that the generated trajectories

are smooth.

Figure 4.3 – DS motion-generation for polishing task. The first DS shows the original case
where r0 = 0.3, ω = 1, and α = 1. In the subsequent plots, the original DS is transformed
step-by-step to reach a different polishing pattern. In the final transformations, we have
Θ= [0,−0.4,π/4,0.5,1]. These examples are simulated numerically for illustration purposes.
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4.2. Motion generation using parameterized dynamical systems

Figure 4.4 – The effect of variation of the adaptive parameters on the DS and the generated
trajectories. (a) Normalized parameters. (b) Vector field of DS before and (c) after the transfor-
mation. The faded parts of the trajectories indicate the transition. (d) generated trajectories
which are smooth. To generate this example, we manually modulate the transformation
parameters. In Section 4.3, we show how such parameters can be adapted with respect to
human interactions.

4.2.2 Pick-and-place

In order to generate pick-and-place motion for the end-effector position, we use linear dynam-

ics described by ẋd =−Kp (xr − x̄) where Kp ∈R3 is diagonal with positive entries, and x̄ is the

target location which is an adaptive parameter. We use three instances of the same dynamics

to generate 1) approaching the picking location 2) going through a via-point 3) approaching

the placing location. These dynamical systems are illustrated in Fig. 4.5. We switch to the

next dynamics when we are close enough to the attractor (i.e., ||xr − x̄|| < δp ). Moreover, we

go through the via point between each pick and place. In our experimental scenario, we only

consider adaptation for picking and placing targets.
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Chapter 4. Robotic motion adaptation through physical human-interaction

Figure 4.5 – Using dynamical systems to perform a repetitive pick-and-place task. The robot
switches to the next DS when the target of the current DS is reached. Between each pick and
place motion, the robot goes through a via-point to avoid potential collisions. These examples
are simulated numerically for illustration purposes.

4.3 Motion adaptation in parameterized dynamical systems

We construct our adaptive law based on a minimization of the tracking error described as

J (Θ;K ,∆ts) = 1

2
ėT ė (4.9)

where

ė(t ) = 1

K

K−1∑
k=0

[ẋd (t −k∆ts)− ẋ(t −k∆ts)]

= 1

K

K−1∑
k=0

[ f (x(t −k∆ts);Θ)− ẋ(t −k∆ts)]

(4.10)

is the error between the desired velocity (generated by DS) and the real velocity (influenced

by human interaction) over K points spaced with ∆ts in the past. For example, having K = 1

brings us back to the instantaneous error. Intuitively, by reducing this error, we adapt the DS

to generate the same movements as demonstrated by the human. We obtain this by following

the gradient of the cost-function as follows.

∂J

∂θi
= 1

K
eT

K−1∑
k=0

∂ f (x(t −k∆ts);Θ)

∂θi
(4.11)

To have the sensitivity of the DS to the parameters, we use the following simple approximation.

∂ f (x;Θ)

∂θi
= f (x;Θ6=i ,θi +h)− f (x;Θ6=i ,θi −h)

2h
(4.12)

where h is the step size of the gradient, andΘ6=i denotes all other parameters (except θi ) that

are kept fixed to their current value. Having the gradient, we update the i th parameter as
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4.3. Motion adaptation in parameterized dynamical systems

follows.

θi (t ) = θi (t −∆t )−ε ∂J

∂θi
∆t (4.13)

where ε and ∆t ∈R+ are the adaptation and update rate respectively.

4.3.1 Convergence behavior

The convergence behavior of our method can be investigated by assuming the following form

for the real velocity.

ẋ = (1−α)ẋd +α f (x;Θ∗)+η(t ) (4.14)

where α ∈ [0,1] is a rate at which the human takes the robot away from its desired behavior

(ẋd = f (x;Θ)) and demonstrates his/her intention which we assume follows the same dynami-

cal system but with a different set of parameters (Θ∗). η(t ) accounts for un-modeled behaviors

(caused by the controller and the human). If we linearize f (x;Θ) with respect toΘ aroundΘ∗,

we obtain:

f (x;Θ) = f (x;Θ∗)+ ∂ f (x;Θ)

∂Θ
(Θ−Θ∗)+H(x;Θ) (4.15)

where H(.) denotes the higher-order terms. The instantaneous error between desired velocity

and the desired one can be computed suing Eq. 4.14 as

f (x;Θ)− ẋ = f (x;Θ∗)− (1−α) f (x;Θ)−α f (x;Θ∗)−η(t )

=α( f (x;Θ)− f (x;Θ∗))−η(t )
(4.16)

Using Eq. 4.15, we have

f (x;Θ)− ẋ =α
(∂ f (x;Θ)

∂Θ
(Θ−Θ∗)+H(x;Θ)

)
−η(t )

=
(
α
∂ f (x;Θ)

∂Θ

)
(Θ−Θ∗)+

(
αH(x;Θ)−η(t )

) (4.17)

Therefore, the extended error function in Eq. 4.10 can be simplified into:

ė(t ) = S(Θ−Θ∗)+d(t ) (4.18)

where
S = α

K

K−1∑
k=0

∂ f (x(t −k∆ts);Θ)/∂Θ

d(t ) = 1
K

K−1∑
k=0

αH(x(t −k∆ts);Θ)−η(t −k∆ts)
(4.19)
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Metallic surface 

Polishing tool

Polishing pattern

Figure 4.6 – The robotic setup for the adaptive polishing task. The robot comes in contact with
a flat metallic surface and follows the DS-generated motions. The end-effector of the robot is
equipped with a polishing tool.

Given the assumption that the disturbance term d(t ) is negligible (more precisely, ∂d/∂Θ' 0

and ST d ' 0) the dynamics of the adaptation (Eq. 4.13) can be approximated by

Θ̇=−εST S(Θ−Θ∗) (4.20)

where ST S ∈ Rp×p is a positive semidefinite matrix. Given the fact that the number of parame-

ters is higher than the dimension of the error signal (p > m), the rank of ST S is limited to m.

However, the convergence toΘ∗ can take place if the condition for Persistence Excitation (PE)

(Åström and Wittenmark (2013)) holds as follows.

∃δ ∀t∃T > 0 s.t .
∫ t+T

t
S(τ)T S(τ)dτ> δIm (4.21)

This guarantees the convergence of the parameters in average over time. This means that

the average of ST S over time is strictly positive definite providing a sufficient condition for

stability in Eq.4.20. To provide better conditions for PE we aim to use a higher number of

data-point (i.e., K and ∆ts) over a period of time that captures the behavior of both DS and

human demonstration. Moreover, the human can improve the convergence by providing

demonstration that results in lower ||d(t )||; i.e., demonstrations that can be expressed by the

DS (with lower ||η(t )|| in Eq.4.14) and desirable parameters (Θ∗) that are close to the current

ones (which results in smaller ||H(x;Θ)|| in Eq.4.15).
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Figure 4.7 – Adaptation of the polishing task during the human-interaction. The robot begins
polishing with following the initial DS. As the human demonstrates the desired patterns, the
robot adapts the DS and proactively follows the human-interaction. As the human retreats,
the robot autonomously executed the intended motions.

4.4 Experimental evaluations

The adaptation mechanism is implemented and tested on the Kuka LWR 4+, 7-DOF robotic

arm, for two previously described tasks: polishing a surface and pick-and-place. To activate

the adaptation upon human interactions, we used a simple threshold on external force (i.e.,

||Fext || > 10N ). The external applied to the end-effector is estimated by the measured torques

at the joint-level. Therefore, we avoid to adapt to small tracking errors caused by other

uncertainties and mismatched dynamics. In both experiments, the velocities are limited to

0.2m/s.

4.4.1 Polishing task

Fig. 4.6 shows our setup for the polishing task where the robotic arm is equipped with polishing

tool. A flat metallic surface is placed in the workspace of the robot. The robot comes in

contact with this surface and follows the polishing pattern generated by the adaptive DS. The

adaptation due to the physical interaction of the human is illustrated in a series of snapshots in

77



Chapter 4. Robotic motion adaptation through physical human-interaction

Figure 4.8 – Result of the polishing experiment. (a) The norm of the external force and the norm
of the tracking error. The dashed line shows the force-threshold which activates the adaptation.
(b) The desired and real trajectory. Due to the impedance control, the tracking performance is
always influenced by the external forces. (c) The adaptation of the DS parameters. Bottom
row (d, e, and f) shows the adapted DS (i.e., the vector field), the adapted limit cycle, and real
trajectory at different time periods. The robot performs the task autonomously (based on the
adapted DS) after the human disengages from the interaction.

Fig. 4.7. In the first row (frames 1-4), the robots adapts the surface by executing the initial DS. In

the second row (frames 5-8), the human physically interacts with the robots and demonstrates

his/her intended desired patterns. As the human leads the interaction, the robot is adapting

the DS and proactively follows the human-interaction. In the final row (frames 9-12), the robot

autonomously performs the human-intended polishing patterns.

Fig. 4.8 shows the analysis of the interaction using the recorded signals. In these recordings,

the human interacts with the robot in three separate intervals (i.e., shaded ares). It can be

seen by an increase in the external forces and consequently the tracking error in Fig. 4.8.a.

The tracking error can be investigated further by inspecting the desired and real velocities

depicted in Fig. 4.8.b. Due to the robot compliance, the human is able to demonstrate his/her

intention by influencing the real velocity. Fig. 4.8.c shows the adaptation of the parameters

which consists of the translation and scaling along both axes and the rotation. It can be
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Conveyor belt

Figure 4.9 – The robotic setup for the adaptive pick-and-place task. The conveyor belt brings a
series of objects to the shared workspace of the human and the robot. The objects are required
to be examined and placed in their designated boxes. The location of these boxes are only
known to the human. Due to the adaptive behavior of the robot, the human performs the
high-level aspects of the task and leaves the repetitive parts to the robot.

seen that upon interacting with the robot, the parameters are adapting in order to reduce

the error. The bottom row of Fig. 4.8 shows the state of the DS in the three corresponding

intervals where the human interacts with the robot. These plots demonstrate the ability of our

method to fit the DS (i.e., the vector field) to the demonstrated motions; i.e., to capture the

intention of the human user. Moreover, these plots show that the parameterized DS is capable

of generating different polishing patterns (i.e., limit cycles). In this experiment, the following

hyper-parameters are used: ε= 0.1, h = 0.01, ∆ts = 5s, K = 10, and ∆t = 0.05s.

4.4.2 Pick-and-place

Fig. 4.9 shows our experimental setup for the adaptive pick-and-place task. In this experiment,

we synthesized a production line where different series of objects are required to be placed in

designated boxes. The robot performs repetitive pick-and-place using DS-generated motions.

The target locations for pick-and-place are adaptive towards human physical interaction. Due

to this adaptive behavior, the human only performs the high-level aspects of the task and

leaves the repetitive part to the robot. For instance, The human can supervise the task and the

robot’s performance; e.g., the human can visually inspect the object and removes the faulty

cases.

Fig. 4.10 shows a series of snapshots where the human physically interacts with the robot. In
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Picking red objects Placing red objects Adapting pick location Picking green objects

Placing green objects Adapting place location Picking green objects Adapting pick location

Picking red objects Adapting place location Picking red objects placing red objects

1 2 3 4

5 6 7 8

9 10 11 12

Figure 4.10 – Adaptation of the repetitive pick-and-place task during human-interaction. The
robot adapt the target location for picking or placing motion based on the human interaction.
This allows the human user to decides for high-level aspect of the task and leave the repetitive
part for the robot.

frames 1-2, the robot picks a red object and place it in the designated box. In frame 3, the

human decides to change the objects and store the green ones. To do this, the human changes

the picking target of the robot by physically demonstrating a new location. This happens

several times in the course of interaction in this experiment. For instance, in frames 6 and 10,

human adapts the placing target and in frame 9, the picking target.

Fig. 4.11 shows the analysis of the interaction using the recorded signals. Fig. 4.11.a. shows

the external forces and the resulting tracking errors induced by the human user. The desired

velocity generated by the DS and the real velocity influenced partially by the user are illustrated

in Fig. 4.11.b. Fig. 4.11.c shows the adaptation of the normalized parameters: the pick and place

target locations. It can be seen that only the parameters of the active DS (either pick or place)

are being adapted. Fig. 4.11.d illustrates the human-robot interaction between 2s and 12s.

After performing pick, via-point, place, via-point, the robot reaches for the last picking target.
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Figure 4.11 – Result of the pick-and-place experiment. (a) The norm of the external force and
the norm of the tracking error. The dashed line shows the force-threshold which activates
the adaptation. (b) The desired and real trajectory. (c) The adaptation of the DS parameters.
Bottom row (d, e, and f) shows the adapted target locations, and real trajectory at different
time periods.

However, upon human interaction (the human pulls the robot to a new intended location),

the target location for picking adapts accordingly. Fig. 4.11.e-f show similar instances of such

interactions where the target locations are adapted. In this experiment, we use the following

hyper-parameters: ε = 0.001, h = 0.01, K = 1 (∆ts not applicable), ∆t = 0.05s, and Kp = 2.

Moreover, in this implementation, the post-condition for switching between DSs (e.g., from

pick to via-point) is (1) to reach the target (||x − x |̄| < 0.05m) and (2) the absence of human

interaction (||Fh || < 10N ). This post-condition allows the human user to adapt the current DS

and not switch to the next DS even if it reaches its target.

4.5 Discussion and conclusion

In this chapter, we derived our adaptive mechanism based on tracking error where the per-

formance of the adaptation can be tuned using its set of hyper-parameters. The adaptation

rate can be considered as the most important hyper-parameters. The speed of convergence

is primarily controlled by the adaptation rate (ε) which represents a trade-off between slow

convergence and fluctuations in the estimated parameters. Furthermore, the approximation
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of the gradient is tuned by h. This parameter needs to be small enough to have a precise

estimation of the gradient. However, dealing with a noisy cost-function (due to noisy ẋ), it

needs to be big enough to avoid over-fitting (i.e., to the noise). Finally ∆ts and K can be tuned

properly to provide a rich signal for adaptation (Eq. 4.21). ∆ts needs to be large enough to

capture the characteristics of both DS and human intention. For example, in the polishing

task, we use a ∆ts that includes enough samples from a complete cycle of the motion. Further

increment of ∆ts includes information from the past that are no longer relevant. K controls

the number of samples from the time-window created by ∆ts . K needs to be tuned properly

to have a robust down-sampling while reducing the computational cost. For example, we

found K = 1 to be sufficient in the pick-and-place experiment. Intuitively, the condition for

persistent excitation is easier to achieve: input dimension being 2 (i.e., error along x1 and x2)

and parameter dimension being 2 (i.e., x̄1 and x̄2 since the adaptations of pick and place are

mutually exclusive) compared to polishing task where the input dimension is 2, however, there

are 5 parameters to adapt. This fact is reflected in the convergence speed of the parameters;

compare Fig. 4.8.c with Fig. 4.11 where the latter has faster convergence.

Overall, the proposed adaptive mechanism enables the robot to adapt its motion according

to the human interactions and reach a proactive behavior. DS-based Impedance controller,

along with a transformation that preserves the stability of the DS, guarantees the overall

stability of the control loop. Moreover, the convergence of the parameters (to the intended

ones) is guaranteed if the human demonstration satisfies the persistent excitation condition

(Eq.4.21). Our implementation on the robotic arm for different tasks (i.e., polishing a surface

and pick-and-place) proves the efficacy of our method in capturing the human intention.

Our experimental results are in line with our analytical analysis in terms of convergence

behavior. In conclusion, parameterized dynamical systems (as adaptive motion generators)

along with impedance control (providing compliant interaction) proves to be effective to

provide seamless and intuitive physical human-robot interaction.

In this chapter, in order to distinguish the human interaction from other undesirable forces

(disturbances, frictional forces, etc.), the force-threshold needs to be chosen carefully. A low

value results in undesirable adaptation to disturbances, while a high value requires higher

human effort to trigger the adaptation. In Chapter 6, we present a more sophisticated and ro-

bust method for the detection of human guidance. Furthermore, in the reported experiments

in this chapter, the impedance gain presents a trade-off between compliance and tracking

precision. We answer this limitation in Chapter 6 by introducing DS-based admittance control.

Finally, the adaptation in this chapter is only limited to one task. The robot only adapts

either the polishing task or the pick-and-place task. The next chapter we introduce another

adaptation methods that allows the robot to switch to the human-intended task.
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5 Robotic task adaptation through
physical human-interaction

The aim of this chapter is to enable robots to intelligently and compliantly adapt their motions

to the intention of a human during physical Human-Robot Interaction (pHRI) in a multi-task

setting. We employ a class of parameterized dynamical systems that allows for smooth and

adaptive transitions between encoded tasks. To comply with human intention, we propose a

mechanism that adapts generated motions (i.e., the desired velocity) to those intended by the

human user (i.e., the real velocity) thereby switching to the most similar task. We provide a

rigorous analytical evaluation of our method in terms of stability, convergence, and optimality

yielding an interaction behavior which is safe and intuitive for the human. We investigate our

method through experimental evaluations ranging in different setups: a 3-DoF haptic device,

a 7-DoF manipulator and a mobile platform.

5.1 Introduction

As introduced in Section 1.2.2, compliance can be expressed at different levels: force, motion,

task. Such compliant behaviors enable individuals to communicate their intentions through

physical interactions. In this chapter, we benefit form the compliant behavior offered by

DS-based impedance control to recognize the human-intention via trajectories created by

human interaction; more precisely, human-induced velocity errors. Moreover, in Chapter 3,

we motivated the advantages of model-based intention-recognition for switching across task.

In this chapter, we provide a similar formulation where the follower in the interaction (i.e.,

the robot) has a set of known intentions (i.e., tasks encoded by dynamical systems) for the

leader (i.e., the human-user). This formulation allows us to implement intention-recognition

capabilities for the robot by comparing human-induced error and the known possible tasks.

As reviewed in Section 2.2.4, the efforts to propose a method to recognize the human intention

and adapt the robotic task according during the physical interaction is limited. We comple-

ment this body of work by providing adaptation capabilities to these systems, enabling robots

to adapt tasks to the intention of the human through physical interaction. More specifically,

we contribute to this literature by providing
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A) Static motion generator
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Figure 5.1 – Adaptive dynamical system as motion generators. The dynamical systems in
a feedback loop with the controller and the environment. This leads to an active motion
generation meaning the generated motion is influenced by the real state of the robot (i.e.,
the real position x). In this adaptive case, the motion generator is capable of combining
several dynamical systems to comply to the intention of the human which enables the robot
to transit/switch from one task to another). In this schematics, bi are task-beliefs which are
inferred by a similarity check between real velocity ẋ and the corresponding task velocity
( fi (x)), and used as output gains to construct the final desired velocity of the motion generator;
i.e., ẋd .

1. a dynamical system approach to pHRI that offers:

(a) a strategy for recognizing human intention

(b) stable and smooth task transitions

This approach yields compliant physical interaction between human and the robot in practical

settings. We propose an adaptive-control framework based on dynamical systems both as

motion-generators (which allows for smooth transitions across tasks) and as predictive models

(which allows for efficient human-intention recognition and adaptation). We provide a rigor-

ous analytical evaluation of our approach in terms of stability, convergence and optimality.

Experimental evaluations on several scenarios show the efficacy of our approach in terms of

prediction of human intention, smooth transition between tasks, stable motion generation,

safety during contact, human effort reduction, and execution of the tasks.

5.2 Task-Adaptation Using Dynamical Systems

In this section, we propose a novel approach for task-level compliance. Our control scheme is

built upon an impedance controller that enables force-level compliance and a set of dynamical

systems (DS) defining the tasks known to the robot. For this, we assume that the robot knows
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Figure 5.2 – Linear combination of two DS allowing for smooth transition from one task to
another. A) clockwise and counter-clockwise rotations encoded by f1 and f2 where b2 = 1−b1.
The trajectory is a generated motion where b1 is linearly changed from 0 to 1. B) The generated
motions stay smooth during the transition.

a set of N possible tasks represented by first order DS, such that the i th task is given by

ẋd = fi (x) (5.1)

Moreover, each DS is globally asymptotically stable at either an attractor or a limit cycle under

a continuously differentiable Lyapunov function Vi (x). Given this set of dynamics systems

(i.e., f1 to fN ) each encoding for a task, we introduce the following linear combination as the

motion generator.

ẋd =
N∑

i=1
bi fi (x) (5.2)

where bi ∈ [0,1] are corresponding beliefs for each DS ( fi ) which satisfy the following condi-

tions.

N∑
i=1

bi = 1 (5.3)

This formulation provides smooth transition across task. Fig.5.2 shows a simple example of

such linear combination where a continuous transition in bi parameter leads to a smooth

transition from one task to another.

Although DS are typically used for motion generation (Eq.5.1), they can also be used for task

identification; i.e., given a current position and current velocity of the robot, they can evaluate

a similarity measure between an arbitrary task and the current velocity, or, equivalently in

this context, the result of the interaction between the robot and the human user. We use

such similarities in our adaptation mechanism to enforce the task with the highest similarity

to the human’s current velocity ensuring a smooth transition through the proposed linear

combination of DS (Eq.5.2).
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We introduce the following adaptation mechanism.

˙̂bi = ε (ėT fi (x)+ (bi −0.5)| fi (x)|2) (5.4)

Ḃ =Ω( ˙̂B) (5.5)

bi ← bi + ḃi ∆t (5.6)

bi ← max(0,min(1,bi )) (5.7)

where ė = ẋ − ẋd , ˙̂B = [ ˙̂b1, ..., ˙̂bN ] is a vector of belief-updates, ε ∈R+ is the adaptation rate,

Ω : N → N represents a winner-take-all process (which adds an offset such that only the

maximum update stay positive), and ∆t is the sampling time. |.| denotes the norm-2 of a given

vector.

In this adaptation mechanism, belief-updates ( ˙̂bi ) are computed based on the similarities

between each DS ( fi ) and the real velocity (ẋ). Broadly speaking, the second term in Eq.5.4

accounts for the inner-similarity between DS. In the second step (Eq.5.5), the beliefs are

modified based on an Winner-Takes-All (WTA) process that ensures only one increasing belief

and N −1 decreasing one. Finally, the beliefs are updated based on a given sampling-time and

saturated between 0 and 1. However to ensure proper convergence behavior the WTA process

should satisfy the following properties:

1. There is no more than one belief-update with a positive value in Ḃ .

2. The pairwise distances are preserved:

(ḃi − ḃ j )/( ˙̂bi − ˙̂b j ) ≥ 1 ∀i , j (5.8)

3. The update using Ḃ preserves
N∑

i=1
bi = 1.

Even though WTA can be implemented in several fashions, we use the following implementa-

tion used in this work.

This algorithm takes two inputs: a vector for the current beliefs and their updates (computed

based on the adaptation mechanism). Here, we assume that beliefs are between 0 and 1 and

the sum is 1. In the first step (line 1), the element with the greatest update is detected as the

winner. In case of multiple maximums, one can pick the winner randomly. In the following

lines (2–5), we handle the case where the winner is already saturated at 1. In this case, no

update is necessary. In lines 6-8, we make sure that only the winner has a positive update. This

is done by detecting the second-biggest update-value and setting the baseline in the middle.

Again, in case of multiple maximums, one can pick randomly. In the rest of the algorithm, we

ensure that the belief-updates sum to zero. This guarantees that the sum of the beliefs stays

constant. To do this, we compute the sum of the current updates (S). In doing so, we exclude
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Algorithm 1: Winner-take-all

Input : A vector of beliefs B = [b1, ...,bN ]

Input : A vector of belief-updates ˙̂B = [ ˙̂b1, ..., ˙̂bN ]

1 w ← arg maxi
˙̂bi

2 if ( bw = 1 ) then
3 ḃi ← 0 for ∀i
4 return Ḃ

5 end

6 ν← arg maxi
˙̂bi ∀i 6= w

7 z ← ( ˙̂bw + ˙̂bν)/2

8 ḃi ← ˙̂bi − z ∀i

9 S ← 0
10 for i do
11 if ( bi 6= 0 or ḃi > 0 ) then
12 S ← S + ḃi

13 end
14 end
15 ḃw ← ḃw −S

16 return Ḃ

those components that are saturated at zero and have negative updates (line 11) since they

do not influence the process. Based on the previous steps (line 6–8), it is guaranteed that S

has a non-positive value. By adding this value to the winner component, we ensure that the

updates — of active components — sum to zero, thus, sum of the beliefs stays one.

Moreover, based on the properties of WTA, the adaptation dynamics can be seen as a set of

pairwise competitions. A pairwise distance between two arbitrary DS (e.g., k and l ) can be

considered as follows that takes on values between -1 and 1.

∆bkl = bk −bl (5.9)

Since WTA process preserves the pairwise distances among the beliefs (Eq.5.8), the dynamics

of the belief after WTA can be approximated by those before WTA (which has slower dynamics).

∆ḃkl = ḃk − ḃl ' ˙̂bk − ˙̂bl (5.10)

Using Eq.5.4, we can write

ε−1∆ḃkl = ėT ( fk − fl )+ (bk −0.5)| fk |2 + (0.5−bl )| fl |2 (5.11)

Note that for a simpler notion, we drop the argument of the DS; i.e., we write fi instead of

fi (x). Finally, it can be shown that the adaptation rule in Eq. 5.4 is equivalent to the following.

˙̂bi =−ε (|ẋ − fi (x))|2 +2
∑
j 6=i

b j f j (x)T fi (x)) (5.12)

5.3 Mathematical analysis

In this section, we study the stability and convergence of the proposed adaptive law.
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5.3.1 Optimality

We start by showing that our proposed adaptation methods (Eq.5.4) can be considered as

a minimization-operator on the following cost-function based on the error induced by the

human.

J (B) = 1

2
(|ė|2 +

N∑
i=1

bi (1−bi )| fi |2) (5.13)

where ė = ẋr − ẋd , and where B = [b1, ...,bN ] is the belief vector. We can show this by moving

along the gradient (with the step size ε) as follows:

˙̂bi =−ε ∂J

∂bi

=−ε (ėT ∂ė

∂bi
+ (0.5−bi )| fi |2)

=−ε (−ėT ∂ẋd

∂bi
+ (0.5−bi )| fi |2)

= ε (ėT fi + (bi −0.5)| fi |2)

(5.14)

In this derivation, we assume ∂ẋ/∂bi = 0 since the real velocity is the given input to the

adaptive mechanism.

Moreover, a simple approximation of this cost function can be achieved as

J̃ (B) ' |ė|2 +| f̃ |2
N∑

i=1
bi (1−bi )

' |ė|2 + (1−b∗)| f̃ |2
(5.15)

where | fi | ' | f̃ | and the summation is approximated by 1−b∗, b∗ being the maximum bi . To

simplify further, we can scale the cost by | f̃ | and remove the offset.

J̄ (B) = J̃ (B)/| f̃ |2 −1 = |ė|2/| f̃ |2 −b∗ (5.16)

which shows the adaptation is a trade-off between minimizing the scaled-error and maxi-

mizing the maximum-belief. Moreover, in cases without perturbations (i.e., ė = 0 such as the

autonomous mode), adaptation maximizes the belief of the most certain task. It is interesting

to note that the error function that the adaptation tries to minimize is similar to the one

in the impedance control. However, the difference is that the impedance controller tries to

bring ẋ close to ẋd whereas in the task-adaptation, the motion generator tries to bring ẋd

(based on possible tasks encoded by the set of fi ) close to ẋ assuming that real trajectory has

components induced by human based on his/her intention; see Fig.5.3.
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𝑓1(𝑥)

𝑓2(𝑥) ሶ𝑏2 ∝ −𝜖 ሶ𝑥 − 𝑓2(𝑥)
2

𝐹𝑐 = −𝐷( ሶ𝑥 − ሶ𝑥𝑑)

ሶ𝑥𝑑 = 𝑏1𝑓1 𝑥 + 𝑏2𝑓2(𝑥)ሶ𝑥

Figure 5.3 – An example of a discrepancy induced by the human guiding the robot away from
its current desired trajectory ẋd . The impedance controller (Eq. 2.30) tries to reduce this error
by controlling ẋ toward ẋd while the adaptation mechanism (Eq.5.4) tries to reduce the same
error by adapting ẋd to a DS that is similar to ẋ ( f1 in this example).

5.3.2 Convergence

With regard to convergence, in the following, we analyze our adaptation mechanism in two

conditions: first, when the user behavior matches the motions encoded in one of the DS,

and second, when the user is not exerting any forces and the robot execution becomes au-

tonomous.

Convergence to a demonstrated task

In this section, we assume the human user demonstrates one of the DS to the robot; i.e., ẋ = fk .

By replacing error as ė = fk − ẋd in Eq. 5.11, we obtain the competition dynamics between the

demonstrated task and any other task ( fl ).

ε−1∆ḃkl = ( fk − ẋd )T ( fk − fl )+ (bk −0.5)| fk |2 + (0.5−bl )| fl |2 (5.17)

Using the definition of ẋd (Eq.5.11) we have

ε−1∆ḃkl = ((1−bk ) fk −bl fl −
∑

i 6=k,l
bi fi )T ( fk − fl )+ (bk −0.5)| fk |2 + (0.5−bl )| fl |2 (5.18)

Defining δkl =
∑

i 6=k,l
bi fi , we can simplify this to

2ε−1∆ḃkl =| fk |2 +| fl |2 −2(1+bl −bk ) f T
k fl −2δT

kl ( fk − fl )

=| fk − fl |2 −2(b1 −bk ) f T
k fl −2δT

kl ( fk − fl )
(5.19)

To have a convergence to bk = 1, it required to have ∆ḃkl > 0, therefore:

| fk − fl |2 > 2(b1 −bk ) f T
k fl +2δT

kl ( fk − fl ) (5.20)

This inequality serves as a metric to guarantee the converges to bk = 1 and bl = 0 for all other

beliefs. More precisely, this inequality shows that distinguishable tasks (i.e., those with a
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smaller inner products) provides a better condition for convergence. Using this condition, we

study the possibility of switching from one DS to another over the sate-space in the worst case

condition is Section X.x. Moreover, this can be taken into consideration beforehand to design

distinguishable DS.

Convergence speed

To investigate how ε affects the convergence speed, we consider the case where the current

task is ẋd = fl and the human demonstration is ẋ = fk ; i.e., ė = fk − fl . This simplifies Eq.5.11

into

2ε−1∆ḃkl = (1+2bk )| fk |2 + (3−2bl )| fl |2 −4 f T
k fl (5.21)

To reach a simple estimation of convergence speed, we assume f T
k fl = 0 (i.e., the two task are

distinguishable) and tasks operate at the same speed (| fk |2 = | fl |2 = | f |2). This yields

∆ḃkl = ε| f |2(2+∆bkl ) (5.22)

The analytical solution to this equation with initial condition ∆bkl =−1 (bl = 1 and bk = 0)

can be computed as

∆bkl (t ) = exp(ε| f |2t )−2 (5.23)

Then the reaching time Tr each to ∆bkl = 1 (bl = 0 and bk = 1) is

Tr each = log(3)

ε| f |2 (5.24)

For example, for tasks operating around | f |2 = 0.1 and ε= 8 as in the Section.5.5.2, we have

Tr each = 1.37 which can be verified in Fig.5.13a. In real-world settings, given the time-scale

of noises and other undesirable dynamics (approximated by Tnoi se ), to avoid noise-driven

adaptation and chatting between undesirable tasks, one should aim for Tr each >> Tnoi se . For

example, considering 30H z noise (Tnoi se = 1/30) for a case operating at | f |2 = 0.1 leads to the

ε< 329.6 as the upper-bound. A better approach to tune ε is to aim for a Tr each that correspond

to a natural human-robot interaction. For example, expecting the robot to recognize and

adapt to the human intention in 1 second leads to ε= 11. Thereafter, the approximated value

can be re-adjusted in the real experiment to achieve the desirable behavior.

Convergence in the absence of human interactions

In the absence of human perturbations on the real velocity, and with the assumption of perfect

tracking (i.e., ė = 0), Eq.5.11 can be simplified to

ε−1∆ḃkl = (bk −0.5)| fk |2 + (0.5−bl )| fl |2 (5.25)
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In this case, when the belief of the dominant task (bk ) is bigger than 0.5, one can make sure

that all other beliefs are less than 0.5 (since
∑

bi = 1), therefore the terms of the right-hand-side

are positive, and consequently, ∆ḃkl > 0. This means that the difference between bk and bl

increase over time until the saturation points of bk = 1 and bl = 0. Assuming | f |2 = | fk |2 = | fl |2,

we have

ε−1∆ḃkl = (bk −0.5)| f |2 + (0.5−2bl )| f |2 =∆bkl | f |2 (5.26)

which shows that the beliefs converge exponentially with rate of ε| f |2. By assuming bk +bl = 1,

we have ∆bkl = 2bk −1 and ∆ḃkl = 2ḃk which changes Eq.5.26 to

ḃk = ε(bk −0.5)| f |2 (5.27)

The solution to this equation is

bk (t ) = 0.5+ (bk (0)−0.5)exp(ε| f |2t ) (5.28)

Therefore the convergence time from bk (0) > 0.5 to bk (Tauto) = 1 is

Tauto ' log (
0.5

bk (0)−0.5
)/(ε| f |2) (5.29)

Moreover, in Eq.5.26, the particular case of two tasks with equal beliefs (bk = bl = 0.5) is an

unstable equilibrium point for the adaptation where the system generate motions based on

0.5( fk + fl ). Therefore, the adaptation in the autonomous condition is only guaranteed if

there is a task with bi > 0.5 which requires the human supervision to ensure that the robot

received enough demonstrations before retracting from the physical interaction; e.g., the

human retracts only if he/she is confident that the robot switched to the indented task.

5.3.3 Stability of motion-generation

Now, we investigate the stability of the generated motion due to the linear combination of

the DS as introduced in Eq.5.2 and time-variation of bi due to the adaptation mechanism. In

our stability analysis, we are concerned with the divergence of the generated motions and

spurious attractors/limit-cycles. Here, we only investigate the autonomous case where the

human-user does not exert any force. Note that having a stable behavior in the autonomous

case provides a satisfactory condition for the stability of the non-autonomous case (where the

human is in contact with the robot) for two basic assumptions: First, the human-user increases

the passivity of the system (increasing stability margin away from divergent behaviors), and

second, our adaptation mechanism is able to adapt to local perturbations of the human-user

(rendering void the concept of spurious attractor and limit cycle).

The stability of generated motion Eq.5.2 in the autonomous condition (which can be seen
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as a Nonlinear Parametrically-Varying System) is not straight-forward (even for linear cases).

Nevertheless, one can ensure the stability when all DS ( fi ) are stable under a same Lyapunov.

For the following DS

ẋ =
N∑

i=0
αi (t ) fi (x) (5.30)

whereαi ∈R+ are a set of positive and arbitrary time-varying values, asymptotically converges

to an arbitrarily set Ξ over the state x, if a positive definite function V (x) exists such that

1. V (w) <V (z) ∀w, z | w ∈Ξ and z ∉Ξ
2. (∂V /∂x)T fi < 0 ∀i and x ∉Ξ

Although very restrictive in its conditions,this guarantees that the system will not diverge

outsideΞ. However, in the case of the adaptation, the bi (t ) do not change arbitrarily. Based on

the exponential convergence of beliefs (Eq 5.28), the stability of the motion generation in the

autonomous mode can be investigated by focusing on the dominant task. Assuming there is a

task a task with bk > 0.5, we can use its Lyapunov function (Vk (x)) to investigate the stability

of the motion generation in the autonomous condition as follows:

V̇k = (
∂Vk

∂x
)T ẋd = (

∂Vk

∂x
)T (bk fk +

∑
i 6=k

bi fi )

= bk (
∂Vk

∂x
)T fk +

∑
i 6=k

bi (
∂Vk

∂x
)T fi

(5.31)

Based on the stability of DS, (∂Vk
∂x )T fk < 0. We further assume that the perturbations are

bounded |(∂Vk
∂x )T fi | <ψ(x). Using this boundary, we have

V̇k <−bk (
∂Vk

∂x
)T fk + (1−bk )ψ(x) (5.32)

Due to the exponential convergence of bk (Eq. 5.28), for t > Tauto , the second term vanishes

(in finite time) and the stability of kth DS is restored.

5.3.4 Resulting compliance at the force-level

Considering that the stiffness felt by the user (as presented in Section. 2.3.3), we can compute

the resulting stiffness as:

K (xs) =
N∑

i=1
bi Ki (xs) ≤

N∑
i=1

bi Kmax (xs) = Kmax (xs) (5.33)

where Ki (xs) = xT
s K xs = −DxT

s ∂ fi (x)/∂xxs is the stiffness of i th DS and Kmax (xs) denotes

the stiffness of the stiffest DS in xs direction. This is a conservative upper-bound that shows

in transitory states where several DS are active with low bi ; the real resulting stiffness of
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the system would be lower than the most stiff possible candidate. By introducing the a DS

generating zero velocities (i.e., f0(x) = 0 resulting in K0(xs) ≡ 0), the resulting stiffness is as

follows.

K (xs) =
N∑

i=0
bi Ki (xs) = b0K0(xs)+

N∑
i=1

bi Ki (xs)

≤
N∑

i=1
bi Kmax (xs) = (1−b0)Kmax (xs)

(5.34)

This upper-bound shows that the stiffness can be reduced by adapting to this null-DS; i.e.,

f0. The advantage of this property is twofold. First, the lower stiffness (i.e, higher compli-

ance) allows the user to provide demonstration or guidance easier. Second, by sensing this

compliance, the user can infer the confidence level of the robot resulting in a richer haptic

communication.

5.4 Illustrative example with two tasks

For illustrative purposes, we investigate the adaptation mechanism for a simple case with two

DS ( f1 and f2) encoding two arbitrary tasks. Fig.5.4a shows a generic example for computa-

tion of belief-updates following Eq.5.4. It can be seen that the second DS ( f2) has a higher

similarity to the real velocity (ẋ); i.e., higher inner-product. Inner-similarity terms (i.e., f T
1 f2)

are important in higher number of DS where adaptation favors updates of DS that are less

similar to the rest. After few iterations, the motion generator converges to the second DS.

Furthermore, regarding the optimality principle (Eq. 5.13), Fig.5.4d shows the decrease in

the cost (Eq.5.13). Since, in this example ẋ is fixed, the cost is only a function of b1 and b2

which is illustrated in Fig.5.4c. It shows that the beliefs are updated in the direction of the gra-

dient. However, the adaptation mechanism constrains the updates on the b1+b2 = 1 manifold.

Moreover, the simplicity of having two DS allows us to have the close formulation of the

updates after WTA process. Based on Eq.5.11, Algorithm 1, and the unity constraint (b1+b2 = 1),

we have

2ε−1 ḃ1 = ėT ( f1 − f2)+ (b1 −0.5)(| f1|2 +| f2|2)

2ε−1 ḃ2 = ėT ( f2 − f1)+ (b2 −0.5)(| f1|2 +| f2|2)
(5.35)

where ė = ẋ − ẋd . Each term in this formulation has an interesting interpretation. The first

increases the belief if the error has more similarity (in the form of inner product) to a DS

compared to other ones. The second term pushes away the belief from the ambiguous point of

0.5. Therefore, for a belief to go from zero to 1, the similarity (the first term) should be strong

enough to overcome the stabilization term (the second term). Moreover, in accordance wit

Eq.5.25, this equations show that, in zero error condition (ė = 0), the DS with bi > 0.5 tasks over.
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Figure 5.4 – (a) Geometrical illustration of the adaptation mechanism in the case of two DS. ẋ
is the real velocity vector (assumed to be influenced by human), and ẋd is the desired velocity
generated by the two DS ( f1 and f2) and their corresponding beliefs (b1,b2). (b) the result of
few iterations using ε= 0.4. (c) The cost function of the adaptation parametrized over b1 and
b2. (d) The decrease in the cost function for each time step.

We now consider the particular case where the real velocity exactly matches the first DS (i.e.,

ẋ = f1). This setting takes place when the human demonstrates a task by overriding the motion.

By updating the definition of the error in Eq.5.35, the dynamics of the adaptation simplifies as

2ε−1 ḃ1 = 0.5| f1 − f2|2 + (2b1 −1) f T
1 f2 (5.36)

To have a positive update in the worst case scenario (b1 = 0), the DS should satisfy the following

inequality.

| f1 − f2|2 > 2 f T
1 f2 (5.37)

This inequality can be satisfied by any two vectors with inner angles >π/3. Therefore, to have a

guaranteed transition between DS, their vector fields need to have enough dissimilarity. Fig.5.5

shows an example where two similar DS bifurcate to different behaviors. The green-shaded

area indicates the part of the state-space where transitions are possible (based on Eq.5.37).

However, is some outer regions, it is still possible to transit between similar DS by exaggerating

the motion; e.g., ẋ = 1.2 f1 −0.2 f2.

5.4.1 Simulated interaction

To simulate a simple human-robot interaction, we consider the following robot’s dynamics.

M ẍ = Fc +Fh (5.38)

94



5.4. Illustrative example with two tasks

-1 -0.5 0 0.5 1 1.5 2

x1 [m]

-2

-1

0

1

2

x 2 [m
]

Figure 5.5 – Distinguishably between dynamical systems. Possible transitions between the
two DS is shaded in green.

where x ∈R2 represents the robot’s position. The mass matrix is set as M = diag{0.82,0.82}. Fc

denotes the control force generated by the following impedance controller.

Fc =−D(ẋ − ẋd ) (5.39)

where the damping matrix is to D = diag{30,30}. ẋd ∈R2 is the desired velocity generated by

the adaptive dynamical systems. We use the two dynamical systems illustrated in Fig.5.2 for

the motion generation; i.e., ẋd = b1 f1(x)+b2 f2(x). Initially, the robot performs the second

task; i.e., b1 = 0 and b2 = 1. In Eq. 5.38, Fh ∈R2 represents the forces excreted by a simulated

agent. This agent intends to change the task from f2 to f1 by applying forces with the following

equation.

Fh =−30(ẋ − f1(x))− (1−b1)Fc (5.40)

In this formulation, the first term tries to executes the second task while the second term

resists the robot’s execution of the first task. The simulated agent starts interacting with the

robot at t = 0. However, its forces (Fh) are only active for 0.5 seconds and saturated at 15N .

Fig.5.6a and Fig.5.6b show the result of the simulated interaction with the adaptation rate (ε)

set to 10. Fig.5.6a shows how the motion generator adapts with regard to the vector-fields of

the DS. It can be seen that only a short demonstration (i.e., the black portion of the trajectory

which lasts for 0.3s) enables the robot to adapt to the intended task. Fig.5.6b shows the

adaptations of the beliefs, and power consumptions of the robot and the simulated agent.

Its negative sign indicates that the agent is decelerating the motion as the robot moves in

accordance with the undesirable DS.
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Figure 5.6 – (a) The simulated results for adaptation across two tasks where the desired
behavior changes from the second DS to the first one based on the interactional forces. (b)
The evolution of beliefs and the applied power by the robot and by the human during the
simulated example. (c) The haptic device used to evaluate a simple interaction of our proposed
adaptation mechanism with a human-user. (d) Switching across the two DS induced by the
human during the real interaction.

5.4.2 Real-world interaction

To test our 2-DS example in a realistic scenario, we implemented our approach on a Falcon

Novint haptic device where the human user can drive the robot toward his/her desired trajec-

tory; see Fig.5.6c. Hereafter, the robot detects the discrepancy created by the human user and

tries to compensate for it by adapting the task to the intention of the human. The results of

switching across the two tasks are illustrated in Fig.5.6d; i.e., from the first DS to the second one

and vice versa. The switching behavior is consistent across different attempts. The switching

time (0.5 seconds which is subjected to the behavior of human-user) is similar to the simulated

results (Fig.5.6b). However, the profiles are not as linear as in the simulation, and they tend

to behave exponentially. This discrepancy can be explained by the difference between the

actual and modeled (Eq.5.40) behavior of a human-user as well as unmodeled dynamics such

as damping and friction. Compared to the power exchanges in the simulation, it can be seen

that in the simulated scenario, the simulated human applies abrupt and negative power to

quickly decelerate the robot and trigger the adaptation mechanism (' 0.1s). However, in the

real scenario, the human user decelerates the robot much slower (' 0.2s) via smaller power

benefiting from damping and friction in the hardware. Moreover, after the initial update on

the gains (bi > 0.4), no further effort is required from the human. After this phase, the figure

shows different arbitrary behaviors from the human; i.e., releasing the device, cooperating

with the robot, or trying to switch the DS again.
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A) Linear polish B) Retreat C) Circular polish D) Push down

Figure 5.7 – An example of task-adaptation in compliant human-robot interaction. The user
and the robot perform a series of manipulation tasks jointly. The robot recognizes the intention
of human and adapts its behavior; i.e., switches to the corresponding task. (A) The human
can ask the robot to polish linearly, (B) leave the workspace , (C) polish circularly, or (D) push
down on a object.

5.5 Experimental evaluations

We consider two realistic scenarios (inspired by industrial settings) to evaluate our method

in interaction with humans. In the first scenario, the robot and the human-user perform

a series of manipulation tasks. In the second scenario, they carry and place heavy objects

collaboratively.

5.5.1 Collaboration for manipulation Tasks

In this part, we consider a set of collaborative manipulation task. We consider a working

station where the robot and the human polish and assemble a wooden structure; see Fig.5.7.

The robot consists of a 7-DOF KUKA LWR 4+ robot with a flat (plastic) end-effector where a

sand-paper is attached. The robot is capable of performing four tasks:

1. Linear polish (LP): The robot polishes a surface along a line.

2. Circular polish (CP): The robot performs a circular motions as to polish a specific

location on an object.

3. Push down (PD): The robot pushes down on an object and holds it (e.g., to be glued).

4. Retreat: The robot retreats and make the workspace fully available to the human-user.

As stated before, each tasks is encoded by a DS; see Appendix B.2.1 for their parameteriza-

tions. The generalization provided by the DS enable the robot to perform any of the tasks

from any point in its workspace. This is shown in Fig.5.8 where the robot is ready to per-

form any of the task by following the trajectories generated by the DS. We use the DS-based

impedance control (presented in Section 2.3.3) to ensure safe and stable interaction between

the robot and its environment. For this experiment, D is set 100 to have a practical balance

between tracking and compliance. Moreover, this impedance gain (along with DS-generated

trajectories) enables the robot to handle the tasks that requires contact with the environ-

ment by generating appropriate forces (Fi mp ) in both contact and non-contact conditions. For
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Retreat

Push down

Circular polish
Linear polish

Figure 5.8 – Motion planning using dynamical systems that encodes for different tasks. Each
task can be performed form any point in the robot workspace.

the adaptation rate, we use ε= 3. For discussion on how to tune this parameter, see Section 5.6.

0 0.5 1 1.5 2

Switching time [s]

0

0.5

1

B
el

ie
f

Task switching
Losing task Winning task

-0.5 0 0.5 1 1.5

Switching time [s]

-4

-2

0

2

4

P
ow

er
 [N

m
/s

]

Power exchange

Robot Human

-0.5 0 0.5 1 1.5 2

Switching time [s]

0

0.05

0.1

0.15

0.2

0.25

C
os

t f
un

ct
io

n 
[m

/s
]

Adaptation cost

-20 -10 0 10 20

Belief update [1/s]

0

0.1

0.2

0.3

0.4

T
as

k 
di

si
m

ila
rit

y 
[m

/s
]

Adaptation dynamics

0 0.2 0.4 0.6 0.8 1

Belief

0

0.05

0.1

0.15

0.2

0.25

T
as

k 
di

ss
im

ila
rit

y 
[m

/s
]

Task prediction

PD LP CP Retreat

Task

0

0.05

0.1

0.15

0.2

0.25

V
el

oc
ity

 e
rr

or
 [m

/s
]

Task executation

A) B) C)

D) E) F)

Figure 5.9 – The overall result of the proposed adaptation mechanism for the manipulation
tasks using a robot arm. A) According the interaction with the human-user, the robot success-
fully switches from one task to another. B) The human-user requires to exchange mechanical
power with the robot to demonstrate his/her intention. C) The minimization of the adapta-
tion cost (Eq.5.13) upon human perturbations. Note that, to have a comparable units, the
root-square of the cost in plotted here. D) The dynamics of the adaptation (Eq.5.4) where the
dissimilarity of the real velocity to each task affects its belief and vice versa. E) Prediction of
the human perturbations based on the dissimilarity of the real velocity with each task. F) The
performance of the robot for execution of each task after adaptation and in absence of human
interaction.

Fig.5.9 shows the overall results of the adaptation in this experiment. We systematically as-

sessed all possible switchings across tasks. The first subplot (Fig.5.9.A) shows how, upon

human perturbation, the beliefs are adapted. Specifically, the previous task loses its beliefs
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𝑡 = 0𝑠 𝑡 = 1𝑠 𝑡 = 2𝑠 𝑡 = 3𝑠

𝑡 = 4𝑠 𝑡 = 5𝑠 𝑡 = 6𝑠 𝑡 = 7𝑠

Figure 5.10 – Snapshots of the task-adaptation in the manipulation task. The robot is initially
in the retreat task. Staring around t = 1s, the human starts to demonstrate the linear polishing
task. From t = 4s the robot start to perform the linear polish autonomously.

(falling from 1 to 0) while the new one takes over; the changes in the belief of all other tasks

being negligible. It roughly takes 1 second for the belief to rise (from 5% to 95%). However,

this rise-time depends on the quality of the human-demonstration, distinguishability of the

tasks, and the adaptation rate (ε). Moreover, the switching behavior is similar to the previous

case illustrated in Fig.5.6 where the slower adaptation can be explained by lower value for ε;

1.5 compared to 3. This conservative choice of ε is to ensure a robust adaptation (i.e., avoiding

fluctuations) where the number of possible tasks is higher.

Fig.5.9.B illustrates the power exchange between during the interaction. The human-user

spends mechanical power to demonstrate his/her intention. Initially (up to 1 second), the

robot rejects the human perturbations when the wining task is still below 0.5. After gaining

enough confidence in the new task (i.e., belief higher than 0.5), the robot becomes the active

(providing positive effort) and the human the passive partner. The cost of adaptation as

formulated in Eq.5.13 is depicted in Fig.5.9.C. It can be seen that, due to human perturbation,

the cost (i.e., the first term in Eq.5.13) increases. Before t = 0.5, in order to reduce this error, the

robot increases its effort to fulfill the losing task until the adaptation activates and beliefs are

updated (0.5 < t < 1). This reduces the cost since the winning task complies with the human

intention and removes his/her perturbation.

Fig.5.9.D. shows the dynamics of our proposed adaptation mechanism (i.e., Eq.5.4). Task

dissimilarity is computed as the difference between real velocity (ẋ) and generated velocity

by each DS ( fi (x)). This graph is averaged over all possible tasks. It can be seen that a

low dissimilarity (high similarity) results in a positive update; i.e., a higher belief for a task.

Consequently, the task with highest similarity wins the WTA process and reach bi = 1. Fig.5.9.E

shows the prediction capability of our method. It can be seen that, on average, the belief of a
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A) B) C)

Figure 5.11 – The demonstration of our proposed mechanism in interaction with a human-
user. (Left) After an initial movement induced by the human-user, robot adapt to the “forward”
DS and performs the task pro-actively. (Center) After an initial push from the human to the
left side, the robot switches form “forward” to “place-left” DS resulting in an active assistance
behavior. (Right) The human suddenly decides to place the object on the right, and the robot
adapts to this intention.

task with a higher similarity to the real velocity has a higher belief. For example, a task that

reaches bi = 0.9 has higher similarity to the real velocity compared another task with b j = 0.1.

Both Fig.5.9.E and F show that our method adapts the beliefs meaningfully w.r.t. to the real

velocity.

Fig.5.9.F shows the performance of the robot during the execution of each task when the belief

of the task is 1 and the human is not perturbing the robot. This shows that after adaptation,

the robot perform the task satisfactorily in the solo condition. Finally, Fig. 5.10 shows the

snapshot during this experiment.

5.5.2 Transportation of heavy objects

We consider a human-robot collaboration task in a warehouse-like scenario where they carry

and place a heavy object across the aisles with shelves on each side. However, the initial and

target positions of objects are intended by the human and are unknown to the robot. The robot

consists of a Clearpath ridgeback mobile-robot with Universal UR5 robotic-arm mounted

on top of the base; see Fig.5.11. Using the force-torque sensor (Robotiq FT300) the robot is

controlled by the following admittance law.

¨̃xa = M−1
a [−Da ˙̃xa −Ka(xa −xe )+Fe +Fc ] (5.41)

¨̃xp = M−1
p [−Dp ˙̃xp +Rp

a [Da ˙̃xa +Ka(xa −xe )]] (5.42)

where xa , xe , Ka , and Da ∈R6 are the position, equilibrium, stiffness, and damping of the arm

respectively. Fe denotes the external forces measured by the sensor, and Fc is the control input.
˙̃xa and ¨̃xa are the desired velocity and acceleration computed by the admittance law. The

desired velocities are sent to a low-level velocity-controller to be executed on the robot. Ma
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𝑂 𝑥𝑝
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𝐹𝑒

 𝑥𝑎

𝐸𝑞. 5.42
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Arm-platform 
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𝑥𝑒

Equilibrium point

World-frame

 5.41

(a) Admittance control.

Place le

Place right

Move forward

Move backwardEquilibrium point

(b) Encoded tasks.

Figure 5.12 – (a) Admittance control of the end-effector of the mobile-base robot. The robot is
modeled as two virtual admittance in series; i.e., from the arm (end-effector) to the platform,
and from the platform to the global coordinate. (b) Tasks are encoded as simple attractors in
the workspace of the arm. Generated motion based on “Move forward/backward” excites the
admittance control and moves the platform accordingly, whereas, generated motion using
“place left/right” only moves the arm.

and Mp are the simulated mass matrices for the arm and platform respectively. Dp denotes

the damping of the platform. The rotation matrix Rp
a ∈R6×6 transforms the arm configuration

to the platform frame; see Fig.5.12a. Upon any force (Fe or Fc ) the admittance control moves

the arm and the platform in order to go back to the equilibrium point (i.e., xa = xe , ˙̃x = ¨̃x = 0).

The manner that the admittance control translate the forces into movements of the arm and

platform depends on the parameters (Mp , Ma , Da , Dp , Ka); the robot can be more responsive

to forces by moving either the arm or the platform. See Appendix.B.3.2 for the parameters

used in this experiment.

The motion of the arm can be controlled using Fc in Eq.5.41. We use this input for our DS-based

impedance-control in Section 2.3.3. For the DS, we consider four single-attractor dynamics

to encode for four different tasks: 1) Move Forward (MF), 2) Move Backward (MB), 3) Place

Right (PR), and 4) Place Left (PL); see Appendix B.2.2 for the parameterization of these tasks.

Fig.5.12.a shows the location of these attractor with respect to the equilibrium point of the

admittance control. Controlling the arm toward the attractor of MF/MB constantly excites

the admittance controller and as the result the robot moves forward/backward. However,

due a special parameterization of Ka (the stiffness between the arm and the platform) and

placement of the attractors, controlling the arm toward PR/PR does not cause the platform to

move. For this experiment, the impedance-control gain D is set 200. Given the four tasks, we

apply our proposed adaptation mechanism with ε= 8.

Fig.5.13 shows the overall results of the adaptation in this experiment. The results are qualita-

tively similar to the previous experiment in terms of switching behavior, power exchange, and

adaptation performance. It can be seen that due to slower motions and stiffer dynamics, more

human-effort and longer time are required to switch between tasks. Finally, Fig. 5.14 shows

the snapshot during this experiment.
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Figure 5.13 – The overall result of the proposed adaptation mechanism for carrying heavy
objects. A) According the interaction with the human-user, the robot successfully switches
from one task to another. B) The human-user requires to exchange mechanical power with
the robot to demonstrate his/her intention. C) The minimization of the adaptation cost
(Eq.5.13) upon human perturbations. D) The dynamics of the adaptation (Eq.5.4) where the
dissimilarity of the real velocity to each task affects its belief and vice versa. E) Prediction of
the human perturbations based on the dissimilarity of the real velocity with each task. F) The
performance of the robot for execution of each task after adaptation and in absence of human
interaction.

𝑡 = 0𝑠 1𝑠 2𝑠 𝑡 = 0𝑠 𝑡 = 0𝑠3𝑠

4𝑠 5𝑠 6𝑠 7𝑠

8𝑠 9𝑠 10𝑠 11𝑠

Figure 5.14 – Snapshots of the task-adaptation in the transportation task. The robot is initially
performing the “moving forward” task where the human demonstrate a motion that is similar
to “place left”. Therefore, the robot switches to this task. The robot performs all the tasks
autonomously.
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5.6 Discussion and conclusion

In this paper, we presented a dynamical-system approach to task-adaptation which enables a

robot to comply to the human intention. We extended the DS-based impedance control where,

instead of one dynamical system (encoding for one task), several dynamical systems can be

considered. We introduced an adaptive mechanism that smoothly switches between different

dynamical systems. We rigorously studied the behavior of our method in theory and practice

confirming that our adaptive mechanism exhibited robustness to real-world uncertainties

(e.g., noisy sensors) and deviation from theory (e.g., imperfect tracking).

To switch from one task to another, the two tasks need to be "distinguishable". Eq.5.20

provides a theoretical condition on tasks dissimilarity. However, this condition is under

the assumption that the human is perfectly overriding the target task. This is restrictive

assumption in settings where 1) the robot is active at all time and it tries to fulfill its current

task, and 2) the human might not know or be able to exactly demonstrate the target task.

Thus, it slows down the convergence speed when the robot requires enough dissimilarity

to the current task and enough similarity to the target task. If these conditions hold, beliefs

are updated proportional to the adaptation rate (ε); see Appendix.5.3.2 for more details. In

short, the speed of convergence depends on: 1) inner-similarity of the tasks, 2) the adaptation

rate and 3) the quality of the human perturbations. Therefore, the convergence behavior can

be improved by designing the tasks (encoded by DS) to be dissimilar as possible to produce

legible motions Dragan et al. (2013).

Moreover, naive users might require a learning phase to be able to express their intention and

achieve a better convergence behavior. Finally, one can increase the convergence speed by

increasing the adaptation rate cautiously with respect to the noise and undesirable dynamics;

see Appendix.5.3.2. Additionally, to improve the compliant and adaptation behavior of the

robot, we can consider a DS that only encodes zero-velocities; i.e., null-DS, see Appendix C.3.

By adapting to this DS, the human-user is able to stop the robot at any time during the

interaction. Moreover, this DS can be used as an intermediary step for switching between two

tasks since it reduces the final stiffness felt by the user; see Appendix 5.3.4.
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6 Human guidance recognition for
robust robotic reactivity

The goal of this chapter is to answer to the shortcomings of DS-impedance control in Chapter 4

and 5. As discussed in those chapters, the performance of DS-impedance control is limited

as tracking and compliant behavior are coupled. Precise tracking and disturbance rejection

favor high-impedance whereas proper compliant behavior requires low-impedance gains.

To overcome this, we propose a unified control framework based on DS motion planning,

admittance control, and an algorithm to detect human-guidance. First, we detect which

behavior (tracking or compliance) is required in the course of interaction. Then, we smoothly

adapt the robot’s behavior accordingly; i.e., compliant when human intended to interact with

the robot, and stiff when the task is required to be executed precisely. The idea of this chapter

can be seen as an adaptive behavior at the force-level. The related work for this chapter is

reviewed in Section 2.1.3 and 2.2.5. In the following, we introduce our control framework and

put our approach under rigorous mathematical analysis in terms of stability, passivity, and

tracking performance. Furthermore, we conduct several robotic experiments in order to show

the efficacy of our method in real-world interaction with human. Discussions and conclusions

are presented in the last section.

6.1 Introduction

Two distinct robotic behaviors are necessary for a seamless physical human-robot interaction

(pHRI). The first role is the capacity to execute a given task. Most often such task requires

high-performance tracking behavior with disturbance rejection capabilities. The second role,

on the other hand, is the ability to comply with human interaction forces. This is a crucial

capacity as complying with the human forces (i.e., being a passive follower) is the necessary

step toward proactivity. Therefore, an efficient control framework for pHRI should 1) identify

which role is required, and 2) smoothly and stably transit to the proper behavior. To achieve

this, we propose an admittance control architecture along with a human-guidance detection

algorithm. This approach enables the robot to 1) precisely track the task-specific velocities, and

2) provide a proper compliant behavior toward human-user. We employ dynamical systems

to generate task-specific motion and admittance control to generate velocities that comply
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Figure 6.1 – The unified control structure to provide motion-tracking and compliant behavior
based on human intention. The inner loops provides the tracking behavior and the outer loop
provides the compliance behavior toward the human input. Based on the external forces, we
detect if the human demands a compliant behavior. Detected human-guidance (h) attenuates
the effect of the motion planner.

with the human forces. Based on an algorithm that recognizes human intentional forces, we

combine DS-generated with admittance-generated velocities. This structure enables the robot

to reject undesirable perturbations, track the motions precisely, reacts to human-guidance

by providing proper compliant behavior, re-plan the motion reactively, and adapt to the

human-intended task. Using our proposed framework, the robot smoothly transits across the

following different roles:

• Stiff Leader: rejecting disturbances and executing the task autonomously.

• Compliant leader: complying with the human forces while executing the task.

• Passive follower: complying with the human forces and ignoring the task.

• Proactive follower: complying with the human forces and adapting to the task.

To detect human-guidance, we assume that intentional forces are consistent over time (as

opposed to noises, oscillations, a and short-lived disturbances like shocks). To measure con-

sistency, we compute autocorrelation on the force pattern as a metric to distinguish between

intentional (human) guidance and disturbances. Moreover, for reaction/adaptation strategy,

we propose a smooth transition between motion tracking and compliant behavior (instead of

just varying/adapting the compliance). Our human detection method is independent from

the control structure and our reaction strategy is proved to be stable.

Our proposed control architecture is depicted in Fig. 6.1. We assume that the robot is

controlled in velocity (either using pure high-gain velocity controller or via velocity-based

impedance controller), and position and force feedback are available. In order to obtain reac-

tive motion planning, we employ state-dependent dynamical systems to encode our desired

robotic tasks. Furthermore, in order to achieve intelligent compliant behavior, we propose a

human-guidance detection algorithm that only passes intentional forces to an admittance

controller. This controller structure can be seen as an interplay of two separated control loops:
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Figure 6.2 – A conceptual illustration for the proposed adaptive method. (Stiff leader) The
robot starts by performing a task encoded by a dynamical system ( f1). During this period
the robot rejects the external disturbances and focuses on the tracking behavior. (Compliant
leader) The robot detects intentional interactions with human and, as a result, provides
complaint behavior while performing the task. (Passive follower) The robot neglects the
task and provide compliant behavior toward the human-user using the admittance loop. In
this phase, the robot observes the motions and recognizes the human-intention; f2 in this
case. (proactive follower) Knowing the intended task, the robot starts to actively follow the
human guidance which results in human retrieval. (proactive follower) The robot starts to
autonomously perform the intended task.

the inner loop which aims to provide precise tracking behavior, and the outer loop which

aims to provide proper compliance behavior (i.e., to reject the disturbances or to allow for

human-interaction). Fig. 6.2 shows how this structure enables the robot to take different

roles in the interaction. In the following, we present the formulation for combining DS and

admittance-generated motions; i.e., DS-admittance control.

6.2 Motion-compliance Control

We model the robot’s end-effector as a rigid-body described in the task space by the state

variable x ∈Rn where the measurement of external forces (Fe ∈R6) is available. As illustrated

in Fig. 6.1, we assume that the robot is velocity-controlled. We combine the task-specific

velocity (ẋt ) generated by the robot’s nominal DS with the velocity generated by the admittance

controller (ẋa), this yields the following equation.

ẋd = (1−h)ẋt + ẋa (6.1)

where h ∈ [0,1] is a modulation factor that is generated by the human-detection algorithm.

Moreover, ẋt and ẋa are the velocities generated by the DS and admittance respectively. The

desired velocity (ẋd ) is sent to the velocity controller to be tracked by the robot. We use a

nominal dynamical system for motion planning, given by

ẋt = f (x) (6.2)

where f :Rn 7→Rn generates task-specific velocities (ẋt ) for given robot’s positions (x). Finally,

the compliant behavior is delivered through admittance control with the following formulation.
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Ma ẍa =−Da ẋa + F̃h (6.3)

where Ma and Da ∈Rn×n are admittance mass and damping matrices. The human-guidance

forces (F̃h) is estimated using our algorithm based on the external forces (Fe ).

6.3 Human-guidance detection algorithm

Our human detection algorithm can be seen as a soft switch as follows.

F̃h = hFe where 0 ≤ h ≤ 1 ∀t (6.4)

where Fh is the estimated human-force, and h is the human-interaction ratio: h = 0 results

in stiff behavior whereas h = 1 brings out the compliant behavior given by the admittance

dynamics. In the following, we show how we compute this ratio. First, in order to understand

whether there is a consistent intention behind external forces, we simulate the following

virtual admittance.

Ma ¨̃x =−Da ˙̃x +Fe (6.5)

˙̃x ∈Rd is the virtual state. Using this virtual admittance, we estimate the motion resulting

from reacting to Fe . Given ˙̃x, we can estimate the persistency of the input using the following

powers.

P̃i = ˙̃xT Fe P̃o = ˙̃xT F̃h (6.6)

where P̃i and P̃o are the input and output power respectively. Now, we consider an energy

tank (with the state E and size Em) with the following dynamics.

Ė = P̃i − P̃o − (1−h)P̃d (6.7)

where P̃d > 0 is a dissipation rate that is modulated by human-interaction ratio h. This energy

is limited between 0 and Em . The human-guidance ratio h is decided based on the stored

energy in the tank as follows.

h =
0 E ≤ Et

(E −Et )/(Em −Et ) E > Et

(6.8)

where Et is the threshold triggering the detection of the human-guidance. As it can be seen,

positive values of P̃i increase the stored energy and consequently increases h. This means that

the human must contribute to a positive value of the power over a period of time to generate

a response from the robot. Positive power is relevant to the consistency in motion and the

indication whether or not there is an intention behind external forces. P̃d acts as a forgetting
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6.3. Human-guidance detection algorithm

factor and suppresses the small forces that need to be rejected.

6.3.1 Convergence behavior

In this part, we investigate the convergence behavior of our algorithm. In order to relate our

algorithm to methods used in the literature of collision detection (reviewed in Section 2.2.5),

we can investigate the time-derivate of h as follows.

ḣ =
0 E ≤ Et

Ė/(Em −Et ) E > Et

(6.9)

By replacing Ė from Eq.6.7 and using P̃o = hP̃i , we have

ḣ =−γ(h −1) (6.10)

where γ= (P̃i − P̃d )/(Em −Et ). It shows that P̃i > P̃d , h → 1 and otherwise h → 0. The solution

to this equation for an arbitrary initial condition (h(0)) is

h(t ) = (h(0)−1)e−γt +1 (6.11)

In this equation, the rise time (i.e., the time to reach 0.9 from 0) for a fixed γ is Tr = 2.32γ−1.

However, the accumulated energy first needs to pass the triggering value (Et ). Thus, we can

compute the trigger time for a constant input power as Tt = Et /P̃i . In total, the time to reach

h = 0.9 when the tank is empty (E(0) = 0) for constant P̃i > 0 is

Tu = 2.32(Em −Et )/(P̃i − P̃d )+Et /P̃i (6.12)

Same can be derived for the case where the human retreats from the interaction P̃i = 0. In this

case, the required time to reach h = 0 from h(0) = 0.9 is as follows.

Td = 2.32(Em −Et )/P̃d (6.13)

Note that non-consistent interaction P̃i < 0 decreases h faster by reducing the energy in the

tank. Fig. 6.3 shows the accumulated energy based on the magnitude and duration of an

external force. By choosing a level set (i.e., Em), we can consider the tank as a classifier that

passes forces with certain consistency (i,e., magnitude, duration).

It can be seen that in the virtual admittance, ˙̃x is the filtered and scaled version of Fe . Therefore,

P̃i measures the correlation between Fe and its history; i.e., autocorrelation. This fact is shown

with further mathematical details in Section 6.3.2.

Fig. 6.4 shows the results of our detection algorithm for three different types of external forces:

Gaussian noise, a persistent force, and a series of impulses. The resulting F̃h shows that only

the persistent human-input will pass the filter and the other undesirable disturbances are
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Figure 6.3 – Simulated result for accumulated energy in the storage tank based on the magni-
tude and duration of an external force with step-function profile.

rejected. Our method exhibits a delay at t = 3s for the detection of the step function. This delay

is necessary to ensure that the signal is persistent. Furthermore, we compare our method

to low-pass filters with different bandwidths. Even though, low-pass filters can show faster

response to the step function, they still suffer in passing the undesirable disturbances.

Figure 6.4 – Comparison between our algorithm for human-guidance detection and low-pass
filters. The responses are evaluated for Gaussian noise, step function, and a train of impulses.
In simulation, we use Em = 2, Et = 1, P̃d = 2, Ma = 1, Da = 8, d t = 1ms. The Gaussian noise is
generated by N (0,36), and impulses last for 10ms every 50ms.

6.3.2 Autocorrelation of external forces

Our human detection algorithm can be investigated from a statistical point of view. First, let’s

assume diagonal inertia and damping matrix in Eq. 6.5. Let m j and d j be the inertia and

damping for the j -th dimension ( j ∈ {1, ...,n}). The admittance dynamics in Eq. 6.5 can be

written as a low-pass filter in the following discrete form for each dimension.

˙̃x j (k) =β j ˙̃x j (k −1)+ (1−β j )d−1
j Fe, j (6.14)

where ˙̃x j (k) is the virtual admittance velocity for the time-step k and j -th dimension. Fe, j is the

external force in j -th dimension. The filtering factor (β j ) can be computed asβ j = 1−m−1
a d j∆t
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6.4. Energy analysis for stability and passivity

where ∆t is sampling rate. Therefore, the input power at time-step k can be expanded as

P̃i n, j (k) = ˙̃x j (k)Fe, j (k)

= d−1
j (1−β j )

∞∑
l=1

βl−1
j Fe, j (k − l )Fe, j (k)

(6.15)

The accumulated energy due to P̃i can be computed as

E j (n) =
n∑

k=−∞
P̃i (k)

=
n∑

k=−∞
d−1

j (1−β j )
∞∑

l=1
βl−1

j Fe, j (k − l )Fe, j (k)

= d−1
j (1−β j )

∞∑
l=1

βl−1
j

n∑
k=−∞

Fe, j (k − l )Fe, j (k)

(6.16)

By defining the autocorrelation function with lag l over the external force at time step n as

follows

ρ j (l ) =
n∑

k=−∞
Fe, j (k)Fe, j (k − l ) (6.17)

we can rewrite the energy of the tank as

E j (n) = d−1
j

∞∑
l=1

βl−1
j ρ j (l )

∞∑
l=1

βl−1
j

(6.18)

Note that, we used the expansion of (1−β j )−1. Therefore, the input energy is the weighted

averaged of autocorrelation with different lags.

6.4 Energy analysis for stability and passivity

In this section, we investigate the passivity of our control architecture. First, we assume the

following decomposition for the dynamical system.

f (x) =−∇xV (x)+ f̃ (x) (6.19)

Where V (x) ∈R+ is a potential function and f̃ :Rn 7→Rn is a residual that accounts for the

non-conservative part of the DS. The stability of the motion-generation can be investigated

with the assumptions of perfect tracking (ẋ = ẋt ) as follows.

V̇ (x) =∇xV (x)ẋt =−||∇xV (x)||2 +∇xV (x)T f̃ (x) (6.20)
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The Lyapunov stability of the DS can be guaranteed if

∇xV (x)T f̃ (x) < ||∇xV (x)||2 (6.21)

which indicates that the conservative part dominates the non-conservative part and vanishes

over time.

In the case of perfect tracking (ẋ = ẋd ), we can write

ẋ = h̄ẋt + ẋa (6.22)

where h̄ = 1−h. Initially, we limit our analysis to Da = daIn where da ∈R+. Let’s consider the

following storage function.

W = 1

2
ẋT Ma ẋ +daV (x) (6.23)

Using the admittance dynamics (Eq.6.3), the time derivative of this storage function is

Ẇ = ẋT (h̄Ma ẍt − ḣMa ẋt −da ẋa +hFe )+da∇xV (x)ẋ (6.24)

ẍt can be computed based on the Jacobian of f (x) as ẍt = f ′(x)ẋ.

Ẇ = hF T
e ẋ − ẋT (daIn − h̄Ma f ′(x))ẋ + h̄da ẋT ẋt +da∇xV (x)T ẋ − ḣẋT

t Ma ẋ (6.25)

Using Eq.6.2 and 6.19, we can write

Ẇ = hF T
e ẋ − ẋT (daIn − h̄Ma f ′(x))ẋ +da ẋT (h∇xV (x)+ h̄ f̃ (x))− ḣẋT

t Ma ẋ (6.26)

Let’s first investigate the two boundary conditions (h = 1 and h = 0 with ḣ = 0). For h = 0 (the

absence of human guidance), we have

Ẇ |h=0 =−ẋT (daIn −Ma f ′(x))ẋ +da ẋT f̃ (x) (6.27)

The system is stable if da >λmax (Ma f ′(x)). This means that forces generated by the damping

part of the admittance (da ẋ) should dominate the centrifugal forces generate dy DS (Ma f ′(x)ẋ).

Moreover, the non-conservative part of the DS (ẋT f̃ (x)) might violate the stability of the system.

Nevertheless, having a damped admittance behavior in h = 0 results in ẋa → 0, therefore ẋ = ẋt .

Given this, we can rewrite

ẋT
t f̃ (x) = (−∇xV (x)+ f̃ (x))T f̃ (x) =−∇xV (x)T f̃ (x)+ f̃ (x)2 (6.28)

Therefore, the system is stable if || f̃ (x)||2 ≤∇xV (x)T f̃ (x) which includes f̃ (x) = 0. Finally, note

that Ẇ < 0 only proves the stability of the system. The passivity of the mapping Fe 7→ ẋ is

ill-defined since the term F T
e ẋ does not appear in Ẇ for h = 0.
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For h = 1 (the presence of human guidance), we have

Ẇ |h=1 = F T
e ẋ −da ||ẋ||2 +da∇xV (x)T ẋ (6.29)

The system exchanges energy through the input port F T
e ẋ. The passivity of the admittance is

guaranteed since da > 0. The last term (Ph) shows how the human can inject energy into the

DS potential function by changing the state of the system.

During the transitions (ḣ = 0), the DS dissipates energy since ∇xV (x)T ẋt < 0 (from Eq.6.20)

and h̄h > 0. Since we modulate ẋt by (1−h), sudden changes of h result in an acceleration

of −ḣMa ẋt . This temporary energy generation (which is bounded) can either be neglected

or handled by setting a limit on the increase of h based on the state of the system. The other

solution is to avoid modulating ẋt (as in Eq.6.1) and to use the following.

ẋd = ẋt + ẋa (6.30)

This leads to a simpler energy analysis as follows.

Ẇ = hF T
e ẋ − ẋT (daIn −Ma f ′(x))ẋ +da ẋT f̃ (x) (6.31)

In this formulation, the desired velocity generated by the DS is always present. This might be

a drawback for cases where this velocity perturbs the human during h = 1 or deteriorate the

compliant behavior. However, in cases where the human guidance has the purpose of small

corrections, the presence of this velocity is beneficial. Moreover, in proactive scenarios, even

during h = 1, it is necessary for the robot to not only rely on ẋa but also generate and follow ẋt .

It is intuitive to see that ẋa accounts for passive-following behavior and ẋt can account for

pro-active following behavior during h 6= 0.

6.4.1 Resulting compliance at the force-level

The variation of h renders a variable-admittance control equivalent to the following.

M̄a ẍa =−D̄a ẋa +Fe (6.32)

where M̄a = h−1Ma and D̄a = h−1Da . Here, we have variable admittance control without any

loss of stability which is usually the case in impedance controller. This is an advantage of

admittance over impedance since we can arbitrary change the admittance ratio. Finally, the

passivity of the close-loop system is investigated in Appendix 6.4.

The stiffness of the robot during the detection delay might appear inconvenient to the human

user. While this is tolerable when the robot maintains a fixed position, the stiffness of the

robot during a fast motion might undermine the comfort and safety of the user. The tracking

performance of fast motion can be sacrificed by lowering the stiffness in order to avoid such
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issues. To do this, we propose the following formulation for the admittance controller.

Ma ẍa =−Da ẋa + h̃Fe (6.33)

where

h̃ = max{h(ẋ),h} (6.34)

where h is a function based on the robot’s velocity providing a minimum required compliance.

This function can be of the following piecewise linear form.

h(ẋ) =


0 for ẋ < v

(ẋ − v)/(v̄ − v) for v < ẋ < v̄

1 for v̄ < ẋ

(6.35)

where below v no additional compliance is required and the robot focuses on tracking per-

formance (unless human guidance is detected which increases h). For velocities higher than

v̄ , the robot tracking performance in sacrificed (only if there are external forces) for safety

issues. The linear interpolation part allows for a smooth transition and avoiding the human to

experience sudden feeling of blockage or release.

As the initial step in this work, we only used diagonal damping matrices of form Da = d In for

simplicity. Similar to previous works Kronander and Billard (2016), we can provide a different

damping behavior in the direction of ẋt vs. other directions. Without any loss of passivity, we

can have the following admittance behavior.

Ma ẍa =−d q
a ẋq

a −d⊥
a ẋ⊥

a +hFe (6.36)

where ẋa is decomposed into two parts: ẋq
a parallel and ẋ⊥

a orthogonal to ẋt with their respec-

tive damping gains (d q
a and d⊥

a ). The resulting damping matrix is

Da =QΛQT (6.37)

where the columns of Q ∈Rn×n are unit vectors that span Rn and the first column is parallel

to ẋd s. Λ is a diagonal matrix with elements equal to d⊥
a except the first one being d q

a . The

stability and passivity analysis follows the same procedure, only d q
a appears instead of da in

Eq. 6.26. However, to have a different damping behavior in a specific direction of the space,

we can use the following admittance formulation.

Ma ẍa =−Da ẋa +hGFe (6.38)

where G ∈Rn×n is a diagonal matrix with different diagonal elements. Having these different

input gain allows the admittance to exhibit different stiffness in different direction. Similarly,

our DS-based admittance controller is also suitable to deliver task-specific compliant behavior.
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Figure 6.5 – State-dependent compliance through admittance control and state-dependent
motion planning through DS. The robot reacts passively to the external force proportionally
to h. The external forces are generated using a Gaussian noise. The simulation is repeated five
time.

Consider the following controller.

Ma ẍa =−Da ẋa +H(x, ẋ)Fe (6.39)

where H :Rn 7→Rn modulates the robot’s admittance based on the robot’s state. This formu-

lation allows the robot to vary its compliance in different region of the workspace. A simple

example is illustrated in Fig. 6.5 where the robot provide a compliant behavior only in the

designated region and focuses on the tracking of the DS velocities elsewhere. This mapping

can be learned from demonstration and be used in this formulation with any loss of stability

and tracking performance.

6.5 Illustrative examples

For our first example, we consider a one-dimensional problem using the following nominal

dynamical system for motion generation.

ẋt =−kx (6.40)

The results are shown in Fig. 6.6. In this simulation, the DS-impedance loop tries to bring x

to zero from any arbitrary initial condition. We tested our algorithm against three types of

external forces. In t ∈ [0,2], we apply zero-mean Gaussian noise (N (0,1)). As it can be seen,

no energy is accumulated in the tank and h remains at 0. This disturbance is hence rejected

and the system performs a perfect tracking of the dynamics generated by Eq. 6.40. In t ∈ [3,6],

a simulated human applies a state-dependent force for 3 seconds with the intent to bring the
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Figure 6.6 – A simulated interaction in a one-dimensional case. The robot rejects the external
disturbances such as noises and shocks to deliver a satisfactory tracking behavior. Moreover,
the robot detects the human guidance and complies to human intention as to reduce the
required effort. Green and shades indicate the human guidance and disturbances respectively.
The parameters are specified in Appendix B.3.1.

system to position x = 1, using the following applied force.

Fe (x, ẋ) =−20(x −1)−10ẋ 3 < t < 6 (6.41)

The generated forces are saturated to [−5,5]N . Due to the consistency of this external force, the

energy increases and h smoothly approaches 1. It can be seen that the estimated human-force

Fh , after a short delay, smoothly converges to Fe . As the result, the control loop transit to the

admittance mode (ẋd = ẋa) This allows the simulated-human to reach its goal (x = 1) around

t = 6s through the expected compliant behavior. Upon human retrieval, the energy of the tank

dissipate (due to P̃d ) and control mode switches to motion tracking ẋd = ẋt . This enables the

robot to follow the motion perfectly and reach x = 0. At t = 9s, we apply a sudden transient

forces to the robot (Fe = 10 for 5ms every 50m). Due to the lack of consistency, this external

force is rejected and the motion-tracking is preserved. The last subgraph shows the results

of a fixed admittance controller using different damping gains. This graph clearly shows that

the a proper gain for tracking and human-interaction are drastically different; i.e., 100 and 1

respectively. The intimidate values are also ineffective in delivering a satisfactory behavior.

Usually, one behavior needs to be sacrificed for the other. One can think of traditional variable
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Figure 6.7 – The evolution of energy and power exchanges during the interaction in Fig. 6.6.
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Human target
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t
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Figure 6.8 – A simulated interaction in a 2-dimensional case. The robot initially tracks the
desired velocity generated by the DS. Upon detection of the human-interaction, the robot
becomes compliant and passively follows the human motion. After the human-interaction, the
robot returns to tracking mode using the DS. The parameters are specified in Appendix B.3.1.

admittance control for this case (i.e., varying Da over time). However, as discussed before,

obtaining a satisfactory tracking behavior and ensuring the stability is not trivial. For better

understanding of the energy analysis in Section 6.4, the power exchanges for this simulation

are illustrated in Fig. 6.7.
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Figure 6.9 – The results for adaptive DS in simulation where the proposed algorithm is used
to adapt the motion only to the detected human-guidance. The parameters are specified in
Appendix B.3.1.

In our second example, we use a 2-dimensional system to better illustrate the reactivity of

DS. Fig. 6.8 shows the simulation results. The robot starts in the tracking mode precisely

following the DS vector field. In t ∈ [3,6], human guidance is detected where the simulated

human intends to go to x = [0.5,0.5]T . Upon detecting human guidance, the robot becomes

compliant and the human can drive the robot with small forces (as shown immediately after

the detection t ∈ [3.5,6]). At t = 6s, the simulated-human stop excreting forces which results

dissipating of the energy in the tank and vanishing h. This enables the robot to go back to

motion-tracking mode and approaches the equilibrium point following the vector field. This

interaction shows the reactivity of the DS where the generated desired trajectories are different

before and after human guidance. This can be advantageous over simple methods where the

human guidance are simply damped and the robot smoothly goes back to pre-interaction

trajectories.

Fig. 6.9 shows the result for case where we apply motion adaptation using our previous method

Khoramshahi and Billard (2018). In this simulated example, two DS are considered: f1 and

f2 generating clockwise and anti-clockwise motions respectively. In this scenario, the robot

starts performing f2 and a simulated human joins the interaction at t = 0.3 and intends to

perform f2. To do so, the simulated human applies forces as Fe =−20(ẋ − f1(x)). The first row

of plots show the results for our variable admittance control. The first plot shows how the

human guidance is detect where h approaches 1 between t = 0.4 and 0.6. The second plot

shows the human effort starting at t = 0.3 and trying to decelerate the robot. After t = 0.4

(where the guidance is detected h ' 1), the human injects energy to demonstrate his/her

intention ( f1). The last plot shows the tracking behavior which in this simulation assumed

to be a perfect tracking case. The second row of plots shows our comparison with a fixed

impedance controller. We tested three different conditions.

A low impedance (Di = 4) results in switching across task, however, the tracking performance
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of the robot is unsatisfactory. A High impedance (Di = 40) results in satisfactory tracking

behavior, however, the switching is not possible anymore due to limits of human forces (2N

in this case). The third case shows where the human can apply higher forces (20N ) where

the switching can take place. It can be seen that in all these three cases, the duration that

human tries to decelerate the robot is longer than the variable admittance control. This also

results in slower adaptation across tasks. This simulation clearly shows how both compliant

and tracking behavior can be achieved through our variable admittance control with human

guidance detection.

6.6 Experimental evaluations

For our experiments, we employ a Clearpath ridgeback mobile-robot with Universal UR5

robotic-arm mounted on the top of the base; see Fig. 6.11b. Using the force-torque sensor

(Robotiq FT300) mounted on the end-effector, we control the arm in admittance mode. For

our motion planning, we trained several DS as illustrated in Fig. 6.11a. The details of the

admittance control are provided in Appendix .B.3.2. To train these models, we collected 25

demonstrations per task where the human-user moved the end-effector of the robot. We

tested our proposed method in the following three different scenarios.

6.6.1 Passive follower using a Null DS

In the first case, we use ẋt = 0 (i.e., ẋd = ẋa). In this manner, the robot maintains a fixed

positions and only reacts to the human guidance. This case is useful when it is required from

the robot to maintain the position of an object or a tool in the workspace. The results are

shown in Fig. 6.10. The first plot shows the external forces where in t ∈ [5,10] and t ∈ [25,30]

the robot was perturbed. It can be seen that these disturbances are not detected as human

guidance and therefore rejected; i.e., the robot maintains its positions. During t ∈ [15,20] and

t ∈ [30,35], human interacts with the robot as to move to a desired position. These human-

interactions are shortly (i.e., after around .5s) detected and the compliant behavior is provided

through admittance as the robot moves in accordance with external forces. Moreover, the

comparison between desired and real shows that the robot provides a satisfactory behavior

(RMS error of 0.02).

6.6.2 Compliant leader using a nominal DS

In the second case, we use one of the trained DS to perform a reaching task (i.e., Reach right).

The results are shown in Fig. 6.12. The robot starts from an initial condition and follows the

DS velocities to reach its target; i.e., x = 0. After reaching the target, the robot rejects the

disturbances around t = 10 and maintains its position rigidly. Upon the human-guidance at

t = 15, the robot becomes compliant so as to follow the human guidance passively. When

the human retreats from the interaction at t = 32, the robot smoothly switches to motion-
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planning mode and follows the DS velocities and consequently reach its target. The velocity

profiles (plotted separately for each dimension) show how the desired velocity smoothly transit

between admittance-velocities and DS-velocities.

6.6.3 Proactive follower using an adaptive DS

Finally, we present an adaptive case where the robot switches between several reaching tasks

plotted in Fig. 6.11a. To have the proactive following behavior (i.e., while following, the robot

recognize the human intention ands start injecting velocities), we changed our formulation to

ẋd = ẋa + ẋt (6.42)

In this manner regardless of h (which only affects the admittance control), the robot tries to

follow the DS-generated velocities. However, in this case, we use our adaptive mechanism

previously presented in Khoramshahi and Billard (2018) to generate ẋt . Given a set of DS

Figure 6.10 – The result of human-robot interaction in the case of null DS (ẋt = 0). A human
guidance is presented to the robot and detected during t ∈ [15,20] and t ∈ [30,35]. The
disturbances (t ∈ [5,10] and t ∈ [25,30]) are successfully rejected and the robot maintain its
position.
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for different reaching motions, the adaptive mechanism uses the most similar DS to the

human-guidance. The results are illustrated in Fig. 6.13. The robot starts in the retreat task

where it makes the workspace available to the human-user. Upon human-guidance, the robot

becomes compliant and follows the human motion. While doing so, the robot adapts to the

most similar DS (Reach left in this case). As human observes that his/her intended task is

being performed, he/she leaves the interaction while the robot leads and performs the task

autonomously. This transition repeats several times where the robot switches to different tasks.

In one case (around t = 31), due to partial human-demonstration, the robot initially switch

to a task that it is not intended by the user. Therefore, the human stays in the interaction

and provides more demonstrations in order to make sure his/her intention is recognized by

the robot. Moreover, the results show that disturbances are rejected successful and the robot

only complies to the human guidance. Furthermore, we can see that the robot adapts its role

based on the human-interaction form stiff-leader to compliant-follower, passive-follower and

proactive-follower.

In a similar experiment, we designed the robot to reach for different drilling targets. The

physical human-robot interaction using our framework is illustrated in Fig. 6.14. In the first 2

frames, the robot is executing its reaching motion for the upper drilling target indicated by

a red-cross. In frame 3-4, an accidental shock occurs; i.e. the human-user drops a metallic

wrench on the end-effector of the robot. Since this external force is not recognized as human-

guidance, the robot remains stiff and maintains its drilling target. In frame 5, the human

starts to interact with the robot. Upon recognition of human intentional forces, the robot
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(a) Demonstrated trajectories.

Reach front

Reach right

Reach left

Retreat

(b) Desired trajectory for the end-effector.

Figure 6.11 – The encoded task for the mobile robot using DS. (a) Generated desired trajectory
using the trained DS systems for different reaching tasks. The square and star marker show the
initial and target position respectively. (b) Illustration of Clearpath ridgeback mobile-robot
with Universal UR5 robotic-arm. The motions are generated by the learned DS from the
current position of the end-effector toward the corresponding attractor to perform a specific
task.
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Chapter 6. Human guidance recognition for robust robotic reactivity

Figure 6.12 – The result of human-robot interaction in the case of a nominal DS (i.e., reaching a
target position). The human-guidance is detected during t ∈ [18,35] where the human moves
the robot compliantly in the workspace regardless of the DS-generated velocities.

complies to the human by introducing admittance-generated velocities. At this moment, the

final velocity is a combination of DS (for reaching the upper drilling target) and admittance.

Therefore, the robot behavior can be seen as a compliant leader. In frame 6, while being

compliant toward the human, the robot recognizes the human intended task; i.e., to reach

for the lower drilling target. At this stage, the robot behavior can be considered as a proactive

follower. In frame 7, the human-user retreats from the interaction and the robot performs the

task autonomously. In frames 8-11, the robot is acting as a stiff leader maintaining its target

position and rejecting the disturbances. In frame 12, the robot provides compliant behavior

upon human interaction.

6.7 Discussion and conclusion

In this work, we presented a simple detection algorithm for human-guidance during pHRI.

We investigated our algorithm theoretically where we showed how external forces consis-

tency (i.e., autocorrelation) can be used for detection of intentional forces. The simulation

and experimental results show that this method is effective in distinguishing between dis-
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6.7. Discussion and conclusion

Figure 6.13 – The results for adaptive DS for the robotic arm where the proposed algorithm is
used to adapt the motion only to the detected human-guidance.

Stiff leader (executing the task) Stiff leader (rejecting disturbances) 

Compliant leader Proactive follower Switching to the other task Stiff leader (executing the task)

Stiff leader (rejecting disturbances) Compliant leader

1 2 3 4

5 6 7 8

9 10 11 12

Figure 6.14 – Robotic role adaptation using DS-based admittance control framework. The
robot is able to execute its task autonomously and reject disturbances for precise motion
tracking. Upon human-interaction, the robot becomes a compliant and adapts to human-
intended task.
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Chapter 6. Human guidance recognition for robust robotic reactivity

turbances and human-guidance input. For our detection algorithm , no model of the robot

and environment is required, and it is easy to implement (i.e., few algebraic equations). The

transparency of its parameters (i.e., their physical meaning) allows for simple tunning in order

to filter the disturbances and pass the human-guidance. Furthermore, we presented DS-based

variable admittance controller as a tool to deliver both tracking and compliant behaviors.

We varied the admittance simply through the admittance ratio (i.e., the input gain for the

external forces). In this manner, we avoided raising typical instability issues due to the time-

variability. Even though the variability of the admittance is limited (i.e., a fixed ratio between

inertia and damping part), the resulting behavior is effective in rejecting disturbances and

complying to human-guidance forces. Finally, we used the output of our human-detection

algorithm (h) to vary the admittance controller yielding a robot that adapts its role based on

the human-interaction. In the absence of human-guidance, the robot is autonomous (i.e., a

stiff-leader) focusing on the motion tracking and executing the task, while in the presence of

human guidance, the robot is a passive follower focusing on tracking human inputs. Moreover,

we showed through experimental results that the proactive following behavior can be achieved

using adaptive DS. We analyzed our method rigorously and provided sufficient conditions for

stability and passivity.

In our detection algorithm for human-guidance, the speed and accuracy are controlled by Em ,

Et , and P̃d . Lower values result in faster but less accurate detections where the built-up energy

due to the disturbances passes the trigger level and is detected as human-guidance. Higher

values, on the other hand, lead to more accurate but slower detection where the human is

required to exert higher force for a longer time to pass the trigger level. This leaves the designer

with a trade-off between speed and accuracy. One practical approach is to investigate the

expected disturbances in the environment and set these parameters marginally higher as to

filter them. Conversely, one can investigate the expected forces from the human-guidance

and set the parameters marginally lower as to detect such guidances. Furthermore, this can be

treated as a two-class classification problem which is on our list of future works. Moreover,

the autocorrelation notion can be extended to nonlinear cases for early identification a spe-

cific force profile. This results in improvement in both detection speed and accuracy of the

algorithm.

The admittance control with high-gain velocity control might not be suitable for stiff-contact

situations. The delay introduced by the admittance results in unstable interaction with stiff

surfaces. A solution for these scenario is to use impedance control instead of a high-gain

velocity control. In Appendix C.2, we formulate and analyze this approach in terms of stability

and passivity. This control structure is similar to natural admittance control proposed by

Newman (1992). Hogan and Buerger (2004) shows that this controller is effective in rendering

a desire admittance behavior while using high-impedance gain for tracking purposes. Fur-

thermore, the detection algorithm can be extended to distinguish between human forces,

hard-contact forces, and disturbances. As we presented the final contribution, in the next

chapter, we provide the overall conclusions and discussions.
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7 Conclusion

We started this dissertation by describing a fundamental need in physically collaborative

robots; i.e., the proactivity in their interaction with human users. Proactivity is the ability to

recognize other’s intended motions and tasks and to act accordingly. In Chapter 1, we intro-

duced the challenges regarding robotic proactivity with regard to 1) safety and compliance

interaction, 2) prediction and adaptibility during the interaction, 3) recognizing and comply-

ing with the human-intended task, and 4) robustness toward environmental uncertainties.

Moreover, in the first chapter, we introduced our approach in reaching robotic proactivity. We

followed a state-dependent dynamical system approach throughout this thesis; both in mod-

eling human behavior and designing new controllers. In Chapter 2, we reviewed the related

works in the literature of human-human and human-robot interaction. In the subsequent

chapters, we proposed several control methods and strategies for robotic proactivity. As the

final chapter of this thesis, we summarize the main contributions along with their limitations.

Furthermore, we provide discussions for overcoming these limitations that potentially shed

lights for defining new directions for future research.

7.1 Contributions

In our first endeavor toward robotic proactivity, we investigated human motion coordination

capabilities in Chapter 3. In that chapter, we focused on understanding and modeling human

following capacities. For this purpose, we used an adaptive state-dependent dynamical system

to explain the follower’s behavior. Our results confirmed that individuals follow a prediction of

their leaders motion rather than the current observation. Furthermore, we showed that by

knowing the possible underlying tasks, individuals exploit contextual cues (such as gaze cues)

to improve their motion coordination. More precisely, the follower’s ability to recognize the

leader’s intended task improves the follower’s proactivity.

In Chapter 4, we put our findings from the investigation of human behavior in practice. We

proposed an online motion-adaptation method for parameterized dynamical systems. This
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Chapter 7. Conclusion

adaptive capacities allow the robot to proactively follow human demonstrations. Upon human-

interaction, the robot adapts its motion-generator based on the human demonstrations.

Therefore, instead of passively following the human demonstrations, the robots follows the

adapted model which results in a proactive behavior. Such motion adaptation using dynamical

systems allows the robot to perform the repetitive and cumbersome parts of the task while the

human is able to supervise and modify the task as intended. Our robotic demonstrations for

different tasks (polishing and pick-and-place) validate the claim that our proposed method

allows the robot to comply and collaborate with the human user on the motion level.

In Chapter 5, we moved from adaptation on the motion-level to the task-level. We proposed

a DS formulation to encode for several robotic tasks. This formulation allows the robot to

transit across tasks in a smooth and stable manner. Moreover, we proposed an adaptation

algorithm which enables the robot to recognize the human-intended task through the physical

interaction. Therefore, upon human physical demonstrations, the robot recognizes the under-

lying intended task and smoothly switches to it. Our experimental evaluation using different

robotic platforms confirms that this method is effective in producing proactive behavior; i.e.,

the robot complies and collaborates with the human on the task-level.

In Chapter 6, we addressed a challenge that was identified in the previously proposed ap-

proaches. We realized that it is crucial for the robot to distinguish between intentional and

accidental forces; as it is undesirable to adapt to perturbations and accidental forces. There-

fore, we proposed an algorithm that distinguishes between intentional and accidental forces.

We also extended our control architecture to include an admittance part which generates

velocities based on human forces. Using our detection algorithm, the robot is able to reject

undesirable disturbances and complies with intentional forces. Our mathematical and experi-

mental evaluation shows that our control strategy is effective in producing proper reactive

behavior; i.e., the robot complies only with the human at the force-level.

7.2 Limitations and future work

As aimed initially in this thesis, we reached a proactive robotic behavior for physical collab-

oration with humans. Even though our dynamical system based approach enabled us for

smooth, reactive, and adaptive interaction with human, the robotic tasks were fairly simple.

In future works, we will consider more complex tasks which involve 1) physical contact with

surfaces and force exertion, 2) kinematic constraints, 3) higher number of sub-tasks/goals,

and 4) dynamic environments (e.g., with moving obstacles, robots, and humans). Our current

intention-recognition approach is limited and needs to be extended to deal with such complex

scenario. Potentially, besides the kinematics/dynamics of the physical interaction, other

modalities such as vision can be used to better recognize the human intention and provide

assistance. Moreover, it is crucial to assess the human-users’ subjective evaluation of our
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method. Such user studies can evaluate whether the interaction is natural and the human-user

can rely on the robotic assistance.

In the following, we present the limitations of our approach in further details. Furthermore,

we discuss possible research directions that can be considered as future work.

7.2.1 Understanding human proactivity for motion coordination

Here, we discuss the limitations that are associated with Chapter 3 where we studied the

human ability to proactively coordinate with a leader.

Predictive models with nonlinear terms

In chapter 3, we used a linear dynamical system to investigate the human’s following behavior.

Our linear model was limited in explaining some aspect of the human behavior; e.g., over

and undershoots. Using nonlinear terms in the predictive model can improve the model in

creating similar overshoots and undershoots. However, adaptation for such nonlinear models

(with a higher number of adaptive parameters) is technically challenging and not so suitable

for human’s behavior modeling. Technically, for such models with a high number of adaptive

parameters, the convergence speed is sacrificed for robustness. Therefore, we argue that the

over/undershoots in human’s following behavior are artifacts of the tracking rather than the

adaptation capabilities. In other words, such artifacts can be modeled and explained by using

more realistic controllers rather than the PD controller that we employed in our model.

Moreover, in our model for the follower, we only used a constant delay to account for sensory

system processing. In a more realistic setting, we can also consider perception errors modeled

as a Gaussian noise. Adaptation of an internal model in this condition might also show

robustness toward the uncertainties in perception and deliver a satisfactory tracking behavior.

Follower’s visual attention

To understand how leader-intention recognition contributes to follower proactivity, we em-

ployed avatar-generated gaze cues in a mirror game setup. In our approach, we did not

monitor explicitly the gaze of the human-follower. Instead, we used a questionnaire to assess

how participants managed to divide their attention between tracking the robot’s hand and

looking at the robot’s gaze; a five steps rating system (i.e., very easy, easy, normal, hard, very

hard); see Appendix A. On average, participants found it easy to divide their attention between

the hand and the gaze of the avatar. Nevertheless, incorporating eye trackers and monitoring

the subjects’ shifts of visual attention could contribute to a finer analysis of the pattern of

attention. Such monitoring could provide information on when the human partners pays

attention to the avatar/robot’s face versus to the avatar/robot’s hand.
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Robot’s gaze behavior

To best of our knowledge, our study in Chapter 3 is the first to investigate the effect of avatars’

gaze behavior on social motor coordination. Thus, the results must be considered as ex-

ploratory where we used a straightforward gaze model in a simple interaction framework (i.e.,

the mirror game). We used a simple model for eye-hand coordination, which does not repro-

duce the exact dynamics of eye-arm coordination found in humans. Modeling more realistic

eye-hand coordination for avatars might boost the behavioral realism and improves follower’s

behavior (Ramaiah et al., 2013; Kipp and Gebhard, 2008; Fu et al., 2008; Liesker et al., 2009).

For avatars, reactive gaze behavior to the human gaze can also potentially enrich their realism

(Yoshikawa et al., 2006). However, reaching a robust statistical conclusion in face of such a

complex behavior of the avatar requires more thorough experimental design with a larger

sample size. In our case, we benefited from our simple gaze model. We reached the robust and

interpretable results that enabled us to elaborate on effects of gaze on the follower’s proactivity.

Metrics and statistical power

To analyze the human’s coordination behavior, we used two metrics: reaction time and

frequency-dependent-phase. Both metrics captured the beneficial effects of gaze cues. We

believe that the second metric was introduced for the first time in this study. Due to a higher

effect size in this metric (the entire frequency domain), however, a larger sample size is re-

quired to reach substantial statical power in order to draw significant conclusions. Future

studies should consider eye tracking to correct for the participants’ level of attention to the

avatar’s gaze in the statistical inferences.

Embodiment: avatar vs. robot vs. human

The embodiment of artificial agents plays an important role in their interactions with human

partners. Many works in the literature on social robotics explore this feature. For example,

the presence of robotic platforms has been considered a key element in evaluating therapy in

the case of autism spectrum disorders (Cazzato et al., 2015). Moreover, Zhao et al. (2016) have

recently shown that a robotic referential gaze leads human partners to take the robot’s visual

perspective. We share the same belief that embodiment can enhance the sense of affiliation.

However, it is interesting to see that in our study, a gaze of a simulated robot on a screen can

still elicit a sense of realism in the human partner. Replicating the same experiment using

the humanoid robot, such as the iCub, in comparison with the avatar case, is an interesting

investigation where we can study the difference between simulated and real platforms in the

context of social robotics.
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The mirror game with physical coupling

In Section 2.1.4, we discussed our rationale for investigating human proactivity using the

mirror game framework where the interactions were non-physical. This was a practical choice

for this thesis since the focus of the studies in Chapter 3 was on the human proactivity at the

motion-level and task-level (rather than force-level). Moreover, the proposed frameworks in

the literature of pHRI are limited to point-to-point movements (with known initial and final

positions) whereas, in our case, the leader’s motions were unconstrained and unknown to the

follower. Nevertheless, the mirror game framework can be extended to include the physical

coupling between the leader and the follower. For instance, the two individuals can play the

mirror game through two haptic devices which are virtually coupled as implemented in Takagi

et al. (2017). Such framework can enable us to answer more in-depth questions regarding joint

physical interactions. For instance, it would be interesting to investigate whether the follower’s

tracking behavior (proactivity at the motion-level) and partners’ stiffness (proactivity at the

force-level) are interlinked.

7.2.2 Designing robotic controllers/algorithms for proactivity

In this part, we discuss the limitations that are associated with Chapter 3-6 where we imple-

mented several robotic strategies to reach proactivity in interactions with a human user.

Designing parametrized dynamical systems

In Chapter 4, we used geometrical transformations (scaling, rotation, and translation) as a

mean to modify a robotic task. We showed that such simple transformations are sufficient for

simple tasks such as polishing and pick-and-place. Nevertheless, in complex scenarios, the

human-intended modification might be indescribable using geometrical transformation of

the dynamical system. This issue can be addressed in the learning phase where we directly

learn a parameterized DS from demonstrations. For this purpose, the human demonstrates

all possible variations of the task with their corresponding label (i.e., the parameter value).

For instance, consider the human executing a task with different level of risk-averseness.

In this case, each demonstration will consist of {x, ẋ,θ}; i.e., position, velocity, and θ as the

provided label for risk-averseness. Given such extended demonstration, we can learn the DS

as ẋd = f (x;θ) directly.

Combined motion and task adaptation

In Chapter 4 and 5, we proposed two similar yet distinct approaches to adapt the motion

(generated by a single DS) and the task (selected among a series of DS) respectively. It would

be of particular interest for further flexibility in robotic motion-planning if the two approaches

could be combined: upon human interactions, the robot recognizes whether to fine-tune the

current task or to switch to a different one. Indeed, the two adaptive mechanisms can be run
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in parallel. However, it is important to safeguard the system from fluctuations (between the

adaptation of motion vs. task) and generating undesirable motions. Therefore, it is logical to

use lower adaptation rates to ensure robust transitions. Furthermore, it might be necessary

to impose a certain set of constraints on the these mechanisms running in parallel; e.g., the

activation of one inhibits the other.

From adaptation to learning

Moreover, our adaptive mechanism has the potential to be extended to an interactive learning

algorithm where the robot learns a new task based on a mixture of given dynamical systems.

For instance, one can consider dependencies for adaptive parameters; e.g., bi (x, s) depending

on the state (x) and other possible contextual signals (s). These dependencies can be learned

or approximated while our adaptive mechanism provide an estimation for the parameters.

We provide a simple extension in Appendix C.4 where the robot learns (through adaptation)

how to combine different primitive dynamics to learn a new task. Such online learning from

adaptation has interesting implications in robotic systems. In short, the robot learns from its

adaptive behavior, and conversely, uses the learned behaviors in its adaptation mechanism.

This interplay between adaptation and learning enables the robot to express what it learns

during the interaction and gradually reduces the human supervision and effort. This approach

can be useful to move from learning from demonstration (in an offline sense) to learning from

interaction (in an online sense).

Intention misrecognition

Human behavior has a crucial impact on the performance of our adaptation mechanism in

Chapter 5; in general, on any online algorithm with a human-in-the-loop. For instance, we

experienced cases where the human user falsely assumes that the robot recognized his/her

intention and stops the demonstration prematurely. This potentially leads to a misrecognition

which we impute more to the human-user rather than the algorithm. Nevertheless, this case

shows us the importance of transparency where the human user has a precise inference of the

robot’s state. As a future work, using synthesized speech or a display indicating the recognized

task can improve the transparency of the robot for the human user.

Another important factor for proper recognition of the human-intention is the number of

tasks: the condition for “distinguishability” worsens as the number of task increases. As

discussed before, lowering the adaptation rate (and relying on a longer portion of the human

demonstration) can mitigate the situation. Nevertheless, finding theoretical bounds for the

number of tasks as well as the adaptation rate can be beneficial in designing such adaptive

systems for more realistic scenarios when the robot knows how to perform numerous tasks.
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Motion vs. force-based intention recognition

In Chapter 4, we considered a motion-based intention-recognition strategy. In our adaptation

mechanism, we utilize end-effector velocity directly and its position indirectly; i.e., as the input

of the DS. Moreover, a certain level of error is tolerated for the execution of our task which does

not lead to task-failures. In Chapter 6, we considered force-based intention recognition which

is more suitable for delicate tasks where a slight deviation from desired trajectories might

lead to failure. However, our approach is limited to distinguishing only between intentional

and accidental forces. The ability to recognize the underlying intended-task based on haptic

information is useful capacity for collaborative robots. For instance, the robot feels a force at

its end-effector and recognizes that the human intends to perform an specific task. Therefore,

the robot can temporally stay rigid toward external perturbations while interpreting the forces

as to recognize the human intention and carefully plan for the switching. Takeda et al. (2005)

and Stefanov et al. (2010) propose statistical models for force-based intention recognition that

can be used for such further implementations.

Task-adaptation in redundant robot

Our adaptation mechanism is not limited to non-redundant robots and can be applied to

any subset of robotic coordinates. In our experiments, the null-space of the robotic robot

was set to a specific configuration (e.g., elbow-up for the robotic arm) while the end-effector

orientation was set to a fixed angle (e.g., pointing down for robotic arm). Nevertheless, the

motion for the end-effector orientation can be embedded into the DS and/or take part in the

adaptation. For instance, the motions for the orientation can be generated by and slave-DS

and adaptation only take place at the level of linear-velocity commanded by the master-DS.

To have adaptation using both position and orientation components, a similarity metric that

includes both sub-spaces is then necessary.

Kinematics, dynamics, and other constraints

In this thesis, we treated the robot as a mass-point without any constraints on its kinematics,

dynamics, actuator capacities, workspace limits, and so on. However, in more realistic scenar-

ios, such as walking humanoid robots, respecting such constraints is crucial for achieving the

desired behavior. Indeed the output of the adaptive dynamical system (i.e., the adapted de-

sired velocities) can be modified to satisfy such constraints. Such modifications (the difference

between the original desired velocity and the modified one) might be included or excluded

in the final tracking error to be used as the adaptation signal. Including constraint-induced

tracking errors might adapt the DS toward respecting the constraints (i.e., treating the modifi-

cations due to the constraints similarly to the human demonstrations), but it may generate

behaviors that are not aligned with human intentions. Furthermore, instead of modifying

the adapted parameters to satisfy the constraints, another approach is to reformulate the

adaptation as a constrained optimization problem. However, this might be a challenging
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problem since the relation between the adaptive-parameters and the constraint-parameters

(often the robot’s joint position, velocity, and acceleration) is not straight-forward.

DS-admittance-impedance control and contact tasks

To answer the limitations associated with the impedance control (namely, the coupling be-

tween tracking and compliance behavior), we introduced the DS-based admittance con-

trol in Chapter 6. However, the admittance approach has its own limitations; mainly, low-

performance (and unstable) behavior in interaction with stiff environment. This issue arises

from the time-delay introduced by the admittance block; time integration of forces/accelera-

tion to obtain the velocity. From a design perspective, this issue can be mitigated by increasing

the control frequency and improving torque-force sensor precisions. From a control perspec-

tive, using impedance control (to track the admittance-generated velocity) instead of high-gain

velocity controller can improve the robot performance in contacting hard surfaces. We provide

a preliminary mathematical formulation for this control structure in Appendix C.2. From an

algorithmic perspective, the robot can recognize hard contacts and adapts its impedance and

admittance behavior accordingly. We discuss this further in the next subsection. Developing

and evaluating this control structure can be an interesting future direction.

Distinguishing between human and hard contact forces

In Chapter 6, we propose an algorithm to distinguish between intentional and accidental

forces. To this end, we measure the consistency of the external forces with the assumption

that the intentional forces are consistent over a period of time. Our experimental evaluations

show that this method is effective in complying to a human user and rejecting undesirable

disturbances. Nevertheless, the algorithm cannot distinguish between a human user and a

hard contact where both cases leads to consistent forces. To overcome this, one can extend the

algorithm to account for difference between the two cases. By modeling the contact dynamics,

one might be able to distinguish between a hard contact (which is passive and static) and a

human user (which is active and dynamic).
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A Realism of a human-avatar interac-
tion using avatar gaze cues

In the study reported in Chapter 3, subjective assessment of the avatar’s realism was assessed

by administering a post-hoc questionnaire. Here we investigate whether introducing active

gaze behavior for avatars makes them more realistic and human-like (from the user point

of view). As mentioned in Chapter 3, 37 subjects participated in 8 trials of the mirror game.

Each subject performed the game in the two conditions (with and without gaze cues). In

this within-subject study, the order of the conditions was randomized across participants,

and subjective assessment of the avatar’s realism was assessed by administering a post-hoc

questionnaire. This questionnaire is presented in Fig. A.1. In the following, we discuss the

results obtained from this questionnaire in relation to the quantitative assessment reported in

Chapter 3.
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Figure A.1 – The questionnaire used post-hoc to the human-avatar experiment.
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Appendix A. Realism of a human-avatar interaction
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Figure A.2 – Distributions obtained from the answers to the questionnaire. (A) Difficulty in
the “no gaze” condition. (B) Difficulty in the “gaze” condition. (C) Changes in the subjects’
opinion from the “no gaze” to the “gaze” condition. (D) Similarity to human behavior in the “no
gaze” condition. (E) Similarity to human behavior in the “gaze” condition. (F) Changes in the
subjects’ opinion form the “no gaze” to the “gaze” condition. In these plots, ratio is calculated
by the number of participants in each level divided by the total number of participants.

A.1 Gaze cues lead to natural and cooperative interactions

Analysis of the subjective evaluations from the questionnaires reveals that, in the presence of

gaze cues, participants found it not only more human-like/realistic, but also easier to interact

with the avatar. Fig A.2 summarizes the response distribution for the first four questions of the

questionnaire. Fig A.2.A shows that in the absence of gaze, most of the subjects found it slightly

difficult to follow the avatar. whereas, Fig A.2.B shows that, in the presence of gaze, following

the avatar is perceived as rather easy. Fig A.2.C shows how presence of gaze cues affected

participants’ opinion on the level of difficulty. The majority of subjects (60%) perceived the

mirror game as easy (by either 1 or 2 steps) in the gaze cues condition; see Fig A.2.C. The

analysis of variance, presented in Fig. A.3, shows that opinions are significantly shifted toward

low difficulty [F (1,35) = 5.478, p = 0.025].

The second row of Fig A.2 shows subjects’ responses to the question about how similar the

participants found the robot’s behavior compared to human behavior. Fig A.2.D shows a

bell-shaped distribution for similarity index in the absence of gaze whereas Fig A.2.E shows

a skewed distribution in the presence of gaze implying a high similarity to human behavior

when the avatar uses its gaze actively. Fig A.2.F illustrates how presence of gaze cues affected

participants’ opinions on the level of realism. A majority of subjects (71%) perceived the

avatar as more human-like (by either 1, 2, or 3 steps) in the gaze cues condition; see Fig A.2.C.

The analysis of variance (Fig. A.3) shows that opinions significantly shift toward high realism

[F (1,35) = 17.897, p = 0.000]. In summary, Fig A.2 shows that use of gaze cues made the
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interaction easier, and elicited the avatar to be perceived as more human-like and realistic.

Model I Model II

Source
Type III
Sum of
Squares

df F Sig.
Partial

η2

Type III
Sum of
Squares

df F Sig.
Partial

η2

Condition ReationTime .003 1 9.445 .004 .213 .001 1 3.933 .056 .109
Similarity 9.976 1 17.897 .000 .338 6.815 1 12.884 .001 .287
Difficulty 3.625 1 5.478 .025 .135 3.896 1 5.578 .024 .148

Order ReationTime 0.000 1 .023 .881 .001 .001 1 1.942 .173 .057
Similarity .138 1 .248 .621 .007 1.306 1 2.469 .126 .072
Difficulty .382 1 .577 .453 .016 .634 1 .907 .348 .028

Age ReationTime .002 2 2.996 .064 .158
Similarity 1.433 2 1.355 .272 .078
Difficulty .745 2 .534 .592 .032

Gender ReationTime .000 1 .929 .342 .028
Similarity 1.418 1 2.680 .111 .077
Difficulty .101 1 .145 .706 .005

Error ReationTime .011 35 0.009 32
Similarity 19.510 35 16.926 32
Difficulty 23.159 35 22.352 32

Figure A.3 – The results of the Repeated Measures ANOVA. In each condition (i.e., gaze cue
and no-gaze cue), the three different measurements done are: 1) the reaction time, 2) the
perception of the difficulty of the game, and 3) the perception of the human-similarity. In
Model I, the effects of conditions and the order of the conditions are studied. In Model II, the
effects of age and gender are also investigated.

Furthermore, Fig. A.4 shows the Levene’s test of equality of variances for the ANOVA analysis

in Fig. A.3. This condition is only violated for Similarity measure. This was expected as the

variances for the two distributions in Fig A.2.D and E are clearly different. For this case, using

a non-parametric test (pairwise Wilcoxon Signed-Rank test) shows that the participants rated

the gaze condition significantly higher [z =−3.3234, p < 0.01].

Model I Model II
Condition F Sig. F Sig.
No gaze ReactionTime .351 .981 .383 .971

Similarity 1.490 .288 1.159 .442
Difficulty 1.795 .197 1.733 .212

With gaze ReactionTime .440 .948 .496 .918
Similarity 5.577 .008 2.282 .112
Difficulty 1.289 .373 1.246 .394

Figure A.4 – Equality of variances. The Levene’s test of equality of error variances for Model I
and Model II presented in Fig. A.3. For both models df1=28 and df2=8.

In our analysis, no significant effects were detected due to age, gender, and the order of the

conditions on the subjective perception. However, we observed a significant effect on reaction

time based on the age [F (1,32) = 2.996, p = 0.064]. In this analysis, to study the effect of age,

the participants were categorized in three groups as illustrated in Fig. A.5a. The post-hoc

analysis in Fig. A.5b shows that the Low group benefits less from the gaze cues compared to

High group. This comparison is illustrated in Fig. A.6.
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Appendix A. Realism of a human-avatar interaction

Split range
Number of

Participants
Low [18-19] 11
Mid [20-22] 11
High [23-39] 15

(a)

Age Mean Std. 95% Confidence Interval
(I) (J) Difference (I-J) Error Sig. Lower Bound Upper Bound
Low Mid .0134 .0100 .191 -.0071 .0339

High .0193 .0093 .047 .0002 .0384
Mid Low -.0134 .0100 .191 -.0339 .0071

High .0059 .0093 .531 -.0131 .0250
High Low -.0193 .0093 .047 -.0383 -.0002

Mid -.0059 .0093 .531 -.0249 .0131

(b)

Figure A.5 – a) The split performed on age for the ANOVA analysis in Fig. A.3. b) The post-hoc
test for the detected effect of age on the reaction time in Fig. A.3. The multiple comparisons
are done based on LSD method. The corresponding distributions are plotted Fig. A.6.

−0.025

0.000

0.025

0.050

0.075

0.100

Low HighMid

Figure A.6 – The reaction time improvement due to the gaze cues across age. The ANOVA
analysis in Fig. A.5b showed that the first group (Low) and the last group (High) are significantly
different.

A.2 Correlation analysis between cooperation and realism

To determine if perception of difficulty (cooperative behavior) and human-likeness (realism)

are correlated, we computed a contingency table, see Fig. A.7. This table is computed based

the participants’ opinions about their performances in the gaze cues condition compared to

the no-gaze cue condition. Fig. A.7 shows that a majority of participants (sum of diagonal

elements: 53%), who found the avatar more realistic in the presence of gaze cues, also found

the interaction easier. However, no significant dependency between difficulty and realism was

detected using Spearman’s correlation test in this table.

Realism

Lower Similar Higher

Total

Harder 5% 0% 14% 19%

Similar 3% 5% 14% 22%

D
if
fi
cu

lt
y

Easier 11% 5% 43% 59%

Total 19% 10% 71% 100%

Figure A.7 – Contingency table for effect of gaze cues on participants’ opinion on the difficulty
of the interaction and the realism of the avatar.
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A.3 Consistency between perceived and measured performance

To determine whether the participants’ actual performances are consistent with their impres-

sions, we analyzed their reaction times with respect to their responses in the questionnaire.

Fig A.8 compares RT improvements (due to the gaze) for the two groups: (1) the participants

who found it harder to follow the avatar with gaze cue, (2) the rest of participants. The ANOVA

reveals that these two groups are significantly different [F (1,34) = 5.495, p = 0.025]; see Model

I of Fig. A.9 for more details. This means that participants who stated that it is harder to follow

the avatar in the presence of the gaze cues, actually had a slower reaction time in the gaze cues

condition.
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Figure A.8 – Participants’ actual performance vs. their perception. Boxplots of ∆RT for the
participants who found it (Left) harder to follow with gaze cues compared to the rest of
the participants, and (Right) less human-like with gaze cues compared to the rest of the
participants.

Crosschecking the ∆RT with the results for realism from the questions reveals interesting

facts: The participants who found the presence of gaze cues less human-like have significantly

[F (1,34) = 6.084, p = 0.019] lower performances in the gaze cue condition; see Fig A.8(Right)

and Model II of Fig. A.9 in the Appendix for more details. Based on this analysis, we can infer

that the sense of realism and cooperation (level of difficulty) are related; i.e., cooperation

contributes to affiliation and vice versa.

Furthermore, we also asked the participants to report their attentional workload in the ques-

tionnaire. The distribution obtained from the answers concerning the division of attention

between avatar’s gaze and hand is illustrated in Fig. A.10a. In Fig. A.10b, we compare the RTg

distribution of participants who found it hard to divide their attention between the avatar’s

gaze and hand vs. the rest of the participants. The ANOVA analysis in Fig. A.11 showed that the

difference in these distributions is significant. This result shows that the individual who had

difficulty dividing their attention between the avatar’s gaze and hand had a lower performance

in terms of reaction time.
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Model Type III Sum of Squares df F Sig.
Partial

η2

1

Condition .000 1 1.209 .279 .034
Order .000 1 .008 .929 .000
Diff dummy .002 1 5.495 .025 .139
Error .009 34

2

Condition .000 1 1.087 .304 .031
Order .000 1 .008 .930 .000
Sim dummy .002 1 6.084 .019 .152
Error .009 34

3

Condition .003 1 11.180 .002 .247
Order .000 1 .344 .561 .010
Att dummy .001 1 1.911 .176 .053
Error .010 34

Figure A.9 – Crosschecking the result of the motion capture (i.e., RT) with the result of the
questionnaire using repeated measures ANOVA. In Model I, the effect of perception of difficulty
on RT is studied. Diff_dummy is 0 for the participants who found it harder to follow the avatar
with gaze cue, and 1 for the rest of the participants. In Model II, the effect of perception of
similarity on RT is studied. Sim_dummy is 0 for the participants who found the presence of
gaze cues less human-like, and 1 for the rest of the participants. In Model III, the effect of
attention load on RT is studied. Sim_dummy is 1 for the participants who found it very easy,
or easy to divide their attention between the avatar’s gaze and avatar’s hand, and 0 for the rest
of the participants.

(a)

0.15

0.20

0.25

0.30

R
T

 w
it
h
 g

a
z
e
 [
s
]

(b)

Figure A.10 – a) Participants’ attentional workload. The distribution obtained from the answers
to the questionnaire concerning the division of attention between avatar’s gaze and hand. b)
The RT in gaze cue condition vs. attention. The RTg distribution of participants who found it
hard to divide their attention between the avatar’s gaze and hand compared to the rest of the
participants. The ANOVA analysis in Fig. A.11 showed that the difference in these distributions
is significant.
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Source Type III Sum of Squares df F Sig.
Partial

η2

Corrected Model .006 2 1.857 .172 .098
Intercept 1.460 1 898.525 .000 .964
Order .000 1 .007 .935 .000
Att dummy .006 1 3.425 .073 .092
Error .055 34 .002
Total 1.648 37
Corrected Total .061 36

Figure A.11 – The effect of attention of the RT. The results of the univariate ANOVA to study the
effect of attention on the RT in the gaze cue condition. Att_dummy is 1 for the participants
who found it very easy, or easy to divide their attention between the avatar’s gaze and avatar’s
hand, and 0 for the rest of the participants; see Fig. A.10b. Moreover, Levene’s test indicated
equal variances [F (14,22) = .743, p = 0.713]

A.4 Conclusion

The results of the questionnaire showed that participants perceived the avatar’s gaze cues

behavior not only as cooperative, but also human-like and realistic. Moreover, we observed

that participants perception of similarity and cooperation is correlated with their performance

in the game. This suggests that human-similarity, cooperativeness, and the sense of affili-

ation toward avatars, are highly interlinked. The results of this study could help us design

computer-assisted cognitive-remediation therapy for pathologies with abnormal gaze and

motor behavior such as schizophrenia. More specifically, these findings may support the

design of similar games for studying deficiencies in the ability to interpret other people’s gaze,

as displayed by individuals suffering from schizophrenia and autism spectrum disorders (ASD)

Jayasekera et al. (1996); Langdon and Ward (2012); Roux et al. (2014); Paus (1991). Interper-

sonal synchrony provides an important foundation for social interaction, in which recent

studies suggested that people suffering from schizophrenia and ASD also have deficits in

motor coordination Fitzpatrick et al. (2013); Raffard et al. (2015); Varlet et al. (2012, 2013). A

recent study in schizophrenia found a causal relationship between impaired attention toward

gaze orientation and deficits in theory of mind Roux et al. (2014). The version of the mirror

game offered in our study, in which gaze is used as an active cueing device, could serve to

design therapeutic games whereby patients are encouraged to process gaze information in

order to increase motor synchrony during interactions. Improving interactional synchrony in

schizophrenic patients, when engaged in dyadic games with a healthy partner, is shown to

be beneficial for the patient and partner alike, as it also increases the motivation and sense

of affiliation in the healthy partner Raffard et al. (2015). Previous studies have already shown

that schizophrenia patients can benefit from attentional-shaping procedures displayed by a

therapist, to enhance neurocognition and functioning Silverstein et al. (2001); Combs et al.

(2008); Hooker et al. (2012), or being instructed to pay more attention to facial areas that
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contain information about a displayed emotion to enhance emotion recognition Drusch et al.

(2014). However, the use of an avatar for therapy in place of a human is advantageous in that

the avatar provides a consistent and reliable feedback/behavior without the presence of a

therapist.
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B Technical details

B.1 Technical details for Chapter 3: avatar gaze control

The following figure (Fig. B.1) shows the control parameters used for robotic avatar behavior.

Parameter setting
Duration of the,trajectory for the neck actuator 1.0 s
Duration of the,trajectory for the eyes actuator 0.4 s

Oculo-collic reflex,(OCR) gain 0.0
Vestibulo-ocular,reflex (VOR) gain 0.0

Neck roll Blocked
Neck yaw [-10,+10] deg

Neck pitch [-15,+15] deg
Tolerance to gaze at,the target with the neck 5 deg

Figure B.1 – Parameters used in the iCub gaze controller.

B.2 Technical details for Chapter 5: task-adaptation

The adaptation and motion generation is running at 300Hz for both experiments. The control

loop of the impedance controller of LWR and the velocity controller of UR5 are running at

200 and 125Hz respectively. The motion planning for all cases is considered in the Cartesian

space i.e, the position and the linear velocity of the end-effector (x y z). The orientation of

the end-effector is controlled on a set-point. Moreover, the measured velocities are low-pass-

filtered with cutoff frequency around 30Hz. In both experiment, we set the control gains

experimentally to have a practical balance between compliance and tracking.

B.2.1 DS parametrization for manipulation tasks

The linear polish is generated by the following dynamics:

ẋd = 0.1−→p −0.8e⊥ (B.1)
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first the first term induce a velocity in the direction of the line and the second term generate a

velocity (saturated at 0.25m/s) to correct for deviation from the line. The direction −→p between

two end-points ([−.54, .25, .1] and [−.54,−.25,0.1]) switches when one is reached.

The circular polish is encoded in the cylindrical coordinates:

ṙ =−2.7(r −0.025)

θ̇ = 2.5

ż =−2.7(z −0.12)

(B.2)

where r 2 = x2 + y2, and θ = at an2(y, x), and the center of rotation is [−.55,0, .1].

The other two tasks (push down and retreat) are created by SEDs Khansari-Zadeh and Billard

(2011b) with the following parameters.

π1 = 0.35, π2 = 0.20, π3 = 0.45

µ1 = [35.7,−5.8,−11.4,−2.4,4.3,18.0]

µ2 = [0.6,−34.8,37.4,−0.2,12.9,3.1]

µ3 = [−33.6,10.9,−2.7,2.6,−0.3,17.8]

Σ1 =



1.3 −0.2 3.0

−0.2 0.1 −5.4

3.0 −5.4 721.1

−0.8 1.2 −160.7

−0.2 0.5 −79.5

−0.6 2.0 −282.2


Σ2 =



22.4 5.4 −4.3

5.4 6.7 21.1

−4.3 21.1 136.6

−5.1 −1.3 0.4

−1.7 4.8 33.3

−0.7 −10.6 −58.8



Σ3 =



1.1 −0.3 −2.1

−0.3 0.2 −10.3

−2.1 −10.3 922.3

−0.6 −2.4 222.4

0.2 0.9 −89.9

0.2 4.0 −348.4



(B.3)

However the attractor of push-down is at [−.4,0, .08] while the attractor of retreat is at [−.32, .28, .36].
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B.2.2 DS parametrization for carrying task

The four tasks has the same dynamics as ẋd =−(xr −xg ) with saturated velocity at 0.12m/s.

However, the location of the attractor (xg ) is set differently for each task as follows.

xMF = [0.05,0.47,0.50]

xMB = [0.05,0.32,0.50]

xPL = [−0.3,0.35,0.1]

xPR = [0.3,0.35,0.1]

(B.4)

B.3 Technical details for Chapter 6: human-guidance detection

B.3.1 The simulation parameters for DS-admittance control

The parameters used for the 1D simulations are as follows: Ma = 1, Da = 10, Em = 2, Et = 1,

P̃d = 2, h(0) = 0, E(0) = 0, ẋ(0) = 0, x(0) = 1, ẋa(0) = 0, dt = 1ms. The dynamics system:

ẋt =−3x but saturated in [−2, 2]. The external forces:

Fe =



N (0,36) 0 < t < 2

−20(x −1)−10ẋr 3 < t < 6

10 9 < t < 9.005

0 elsewhere

(B.5)

However, the forces for the simulated human (second row) is saturated between 5 and −5, and

the pulse (third row) repeats 10 times every 50ms.

For the 2D simulation example, we use Ma = diag{2,2}, Da = diag{4,4}, Em = 2, Et = 1, P̃d = 2,

h(0) = 0, E (0) = 0, ẋ(0) = [0,0], x(0) = [−.9,−.6], ẋa(0) = [0,0], dt = 1ms. The dynamical system

is:

f (x) =
[
−1.5 1.5

−2.4 −6

]
x (B.6)

saturated at 2m/s.

For the adaptive case (Fig. 6.9), we use M = diag{1,1}, C = diag{0,0}, ẍ(0) = [0,0], ẋ(0) = [0,0],

x(0) = [.022,0], Da = diag{2,2}, Ma = diag{0.05,0.05}, ẋa(0) = [0,0], h(0) = 0,P̃d = .2, E(0) = 0,

Et = .1, Em = .2, d t = 1ms. The dynamical system specified in the polar coordinate is:θ̇ =±10

ṙ =−15(r −0.022)
(B.7)

where x1 = r cos(θ) and x2 = r sin(θ). f1 represent the counterclockwise and f2 the clockwise
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rotation. The external forces are simulate as

Fe =−20(ẋ − f1(x)) (B.8)

where the norm of the output is limited to 2N . In one of the comparisons with impedance

control (i.e., higher human effort), we increase this limit to 20N .

B.3.2 The robot parameters for DS-admittance control

For the arm admittance, we use the following parameters.

Ma = diag{6,6,6,1,1, .5}

Da = diag{60,60,60,15,15,15}

dt = 8ms

(B.9)

However, for the virtual admittance use the following values.

Ma = diag{2,2,2,1,1,1}

Da = diag{2,2,2,2,2,2}
(B.10)

Fro the energy tank, we use Em = 4, Et = 2 , P̃d = 2.5.

Admittance control parametrization for the mobile robot

The parameters used in the admittance control for the mobile-robot are as follows.

Ma = diag(1,1,1, .5, .5, .5)

Da = diag(25,25,25,5,5,5)

Ka = diag(10,150,10,5,5,5)

Mp = diag(100,10,0,0,0,500)

Dp = diag(500,50,0,0,0,10)

(B.11)

diag denotes a diagonal matrix with the given values where coordinate system is (x, y, z,θx ,θy ,θz ).

B.4 Source codes

In the following, we provide a reference for the implementation used in this thesis:

• kuka-lwr-ros at https://github.com/epfl-lasa/kuka-lwr-ros

provides the implementations for controlling KUKA LWR 4+ in different control modes

including DS-based impedance control.

• adaptive-polishing at https://github.com/epfl-lasa/adaptive_polishing
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B.5. Media

provides the implementation for the adaptation in parameterized dynamical systems

(Chapter 4)

• task-adaptation at https://github.com/epfl-lasa/task_adaptation

provides the implementation for the task adaptation method presented in Chapter 5.

• ds-admittance-control at https://github.com/epfl-lasa/ds_admittance_control/tree/

ridgeback

provides the implementation for DS-based admittance control with human-guidance

detection as presented in Chapter 6.

• ridgeback-ur5-controller at https://github.com/epfl-lasa/ridgeback_ur5_controller/

tree/devel

provides several functionalities for the Ridgeback mobile robot with UR5 robotic arm.

This includes the DS-based admittance controller.

• cpr-load-support at https://github.com/epfl-lasa/cpr_load_support

provide load support functionality for the Ridgeback mobile robot with UR5 robotic

arm. This implementation is based on DS-based admittance control.

B.5 Media

In the following, we provide a external references for the media related to each chapter.

Media for Chapter 4

The experimental demonstration for motion adaptation in the polishing task can be viewed

here: https://youtu.be/TGwNkSEMm0M.

The motion adaptation for repetitive pick-and-place is demonstrated here: https://youtu.be/

qIcOAtVMNgE.

Media for Chapter 5

The experimental result of the manipulation tasks using Kuka LWR 4+ (Section 5.5.1) can be

watched here: https://youtu.be/oqHJ8crB5KY.

The results of the carrying task using the mobile robot (Section 5.5.2) can be viewed here:

https://youtu.be/7BjHhV-BkwE

Media for Chapter 6

The result of DS-admittance control with human-guidance detection (Section 6.6.3) can be

viewed at https://youtu.be/HrR85-IP-Qo.
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Media for DS-based admittance control

A demonstration using DS-admittance control for supporting a load using the Ridgeback

mobile robot can be watched here: https://youtu.be/AB7B2HuQdQ0

In another demonstration, we DS-admittance control integrated with tracking and navigation

capabilities in order to collaborate with a human for transportation tasks. The demonstration

can be viewed here: https://youtu.be/cSRu14MR5mE

Media for DS-based impedance-admittance control

A preliminary implementation of DS-based impedance-admittance control (Section C.2) is

demonstrated here: https://youtu.be/-Tj-FUjCYlE
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C Further mathematical formulation

C.1 Switching between proactive and passive following behavior

In our proposed method in Section 3, the leader’s position and velocity is primarily used for

forward prediction.. Here, we extend this model to account for the assumption that human-

follower switches between a proactive following behavior (i.e., using the internal model to

track leader’s future motion) and passive following behavior (i.e., tracking leader’s current

motion). Therefore, we propose the following dynamics.

ẍ f (t ) = f (x f (t ))+η(t )g (e(t )) (C.1)

In this model, f (x(t )) represents the internal dynamics which can be adapted to the leader’s

trajectory. Tracking of the leader’s trajectory can be achieved by g (e(t)) where e(t) = xl (t)−
x f (t). Switching between relying on the internal model and tracking is simulated by η(t). A

simple choice for these functions can be:

f (x(t )) =−kx(t )

g (e(t )) = Kp e(t )+Kd ė(t )

η(t ) =
1 if

∫ t
t−T |e(t )|dt > E

0 otherwise

(C.2)

Our choice of f (x) is the most simple oscillatory system as well as PD-controller for tracking

dynamics (g (e)). Switching between internal model and tracking happens when the integral of

the error over last T seconds goes over a threshold E . The performance of such dynamics for a

sinusoidal trajectory is shown in Fig. C.1a. The frequency and amplitude of this reference tra-

jectory is smoothly changing from 4r ad/s to 1r ad/s and from 1m to 2m. For this simulation,

Kp = 60, Kd = 15, T = 3s, and E = 1.5ms. Setting k = 16N /m consistent with the trajectory is

sufficient for good tracking behavior until the leader changes its frequency and amplitude.

This sudden change in leader’s trajectory creates an error between leader and follower which

triggers the tracking dynamics (η= 1); see Fig. C.1b. Reducing the error and tuning k = 4N /m
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Figure C.1 – (a) Switching between an autonomous internal dynamics and tracking. (b)
Switching between anticipatory and compensatory behavior based on the integration of the
tracking error.

manually consistent with new frequency makes the internal model sufficient for tracking.

Transitory behavior of this model is quite similar to human performance; e.g. undershoot

around 27s in Fig. 3.7b. Moreover, Fig. C.1b shows how the integration of error triggers the

compensatory control and how the absence of tracking error triggers back the anticipatory

control; i.e internal model. Switching between anticipatory ( f (x)) and compensatory (g (e))

control has been proposed and studied in action coordination in groups and individuals

Knoblich and Jordan (2003). Evaluation of this model –forced dynamical system– for the

experimental data requires parameter tuning which lays out of this paper scope.

C.2 DS-based impedance-admittance control

To track Cartesian velocity compliantly, we use the following impedance law proposed by

Kronander and Billard (2016):

Fc =−di (ẋ − ẋd )+ (1−h)M f ′(x)ẋ (C.3)

Where D ∈R+ is a constant gain. To recall from Chapter 6, we have

ẋd = ẋt + ẋa (C.4)

where ẋt is the task-specific velocity generated by a dynamical system, and ẋa is the admittance-

generated velocity which allows the robot to comply the the human user. We slightly modified

this controller by adding the second term to improve the tracking performance. In the absence

of human-interaction(Fe = 0 and h = 0), and assuming ẋd = ẋt , we can study the dynamics of

the tracking error (ė = ẋ − ẋt ) as

ë = ẍ − ẍt (C.5)
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C.2. DS-based impedance-admittance control

This leads to

ë =−M−1di ė + f ′(x)ẋ − f ′(x)ẋ

=−(M−1di )ė
(C.6)

This shows that the error vanishes exponentially since di > 0 and M Â 0. The feedback of ẋ

can be replaced by ẋt for practical reasons (such noise in the measurements). This way the

impedance controller is:

Fc =−di (ẋ − ẋd )+ (1−h)M f ′(x)ẋt (C.7)

In this case the error dynamics are

ë =−M−1di ė + f ′(x)ẋt − f ′(x)ẋ

=−(M−1di + f ′(x))ė
(C.8)

This shows that the error vanishes exponentially if di >λmax (M f ′(x)).

For the energy analysis of the system, consider the following energy function:

W = 1

2
ẋT M ẋ +α1

2
ẋT

a Ma ẋa +di V (x) (C.9)

where α is a positive scalar satisfying α> D/(2λmi n(Da)). The time derivative of this energy

function is:

Ẇ = ẋT M ẍ + 1

2
ẋT Ṁ ẋ +αẋT

a Ma ẍa +di∇xV (x)T ẋ

= ẋT Fe − ẋT (diId − h̄M f ′(x)−C )︸ ︷︷ ︸
D̃

ẋ +di ẋT ẋd

+αhẋT
a Fe −αẋT

a Da ẋa +di∇xV (x)T ẋ

(C.10)

where skew-symmetry of Ṁ −2C is used to replace Ṁ . Using ẋd = ẋa + h̄(−∇xV (x)+ f̃ (x) , we

have:

Ẇ =F T
e (ẋ +αhẋa)− ẋT D̃ ẋ −αẋT

a Da ẋa

+di ẋT ẋa +hdi∇xV (x)T ẋ + h̄di f̃ (x)T ẋ
(C.11)

using the equality 2ẋT ẋa =−(ẋ − ẋa)2 + ẋ2 + ẋ2
a , we have

Ẇ = F T
e (ẋ +αhẋa)

− ẋT (D̃ − di

2
In)ẋ − ẋT

a (αDa − di

2
In)ẋa − di

2
(ẋ − ẋa)2

+hdi∇xV (x)T ẋ + h̄di f̃ (x)T ẋ

(C.12)

By introducing human-induced error as ėh = ẋ − h̄ẋt , we can break one term into two parts as
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follows:

hD∇xV (x)T ẋ = hh̄D∇xV (x)T ẋt +h∇xV (x)T ėh (C.13)

This leads us to the following power rates:

Ẇ = Pi +Pd +Pt +Pa +Ph (C.14)

where

Pi = F T
e (ẋ +αhẋa)

Pd =−ẋT ( di
2 In − h̄M f ′(x)−C )ẋ

−ẋT
a (αDa − di

2 In)ẋa − di
2 (ẋ − ẋa)2

Pt = hh̄di∇xV (x)T ẋt

Pa = h̄di ẋT f̃ (x)

Ph = hdi∇xV (x)T ėh

(C.15)

Here, Pi denotes the power input from the environment. Pdi ss accounts for the dissipations

due to impedance and admittance parts. To satisfy passivity, we need to ensure di > 2λmax (C+
h̄M f ′(x)). Pt shows that during transitions (h̄h > 0), the conservative part of the DS increase

the passivity of the system. Note that ∇xV (x)T ẋt < 0. Pa is related to no-conservative part

of the motion planning. Energy-tank approach can be used to control this flow of energy to

achieve passivity while following temporarily active motions. The last part, Ph denotes the

energy that the human user exchanges with the DS.

In this formulation, the damping matrix for the admittance is not required to be of form daIn

and can be any arbitrary positive-definite matrix. Moreover, the resulting variable admittance

of this controller (Y ) can be formulated as follows:

Y = ∂ẋr

∂Fe
= 1

di
In + ∂ẋd

∂Fe
= 1

Di
In + ∂ẋa

∂Fe
= 1

Di
In + h

Da
(C.16)

For small h, the robot exhibits an impedance of size Di and for higher h (and assuming

Di À Da), the robot exhibits an impedance of size h−1Da .

Without any loss of stability, passivity, and tracking performance, we can use an asymmetric

impedance matrix

Fc =−d q
i (ẋq− ẋt )−d⊥

i ẋ⊥+ h̄M f ′(x)ẋ (C.17)

where ẋ is decomposed into two parts: ẋq parallel and ẋ⊥ orthogonal to ẋt with their respective

damping gains (d q
i and d⊥

i ). Similar to Eq.6.37, this formulation lead to a asymmetrical
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C.3. Task adaptation including a null dynamical system

damping matrix Di . For the passivity analysis, this changes Pdi ss in Eq. C.15 to

Pdi ss = − ẋT (
Di

2
− h̄M f ′(x)−C )ẋ − ẋT

a (αDa −
d q

i +d⊥
i

2
In)ẋa

− d q
i

2
(ẋq− ẋa)2 − d⊥

i

2
(ẋ⊥− ẋa)2

(C.18)

and for Pt , Pa , and Ph , d⊥
i appears instead of di .

Task-specific impedance matrix

A further formulation of the impedance controller (in Eq. C.3) is as follow:

Fc =−Dẋr +λ⊥ẋd + h̄M f ′(x)ẋt (C.19)

where D (positive definite) has one eigenvector along ẋd with eigenvalue ofλ. Let’s decompose

ẋr into two parts: ẋq
r parallel and ẋ⊥

r orthogonal to ẋd . Therefore, the following error dynamics

ë =−M−1(−Dẋr +λ⊥ẋt +M f ′(x)ẋt )− f ′(x)ẋr (C.20)

can be decomposed into parallel ė⊥ and perpendicular ėq.ë⊥ =−(λM−1 + f ′(x))ė⊥

ëq =−(M−1D + f ′(x))ėq
(C.21)

Assuming all other eigenvalues of D are equal (λq), the impedance law can be simply seen as:

Fc =−λq(ẋq
r − ẋt )−λ⊥ẋ⊥

r + h̄M f ′(x)ẋt (C.22)

C.3 Task adaptation including a null dynamical system

It is possible to include a dynamic DS encoding for zero-velocity (i.e., f0(xr ) ≡ 0) in Eq.5.2

with its corresponding belief b0. In this case, the constraints in Eq.5.3 should be modified to

include b0 as well. To have the dynamics of the competition between the null-DS and other

DS in the autonomous condition, we need to insert f0 = 0 in Eq.5.25 which results in

∆ḃk0 = (2bk −1)| fk |2 (C.23)

This equation shows that any DS with belief lower than 0.5 decreases and saturates at 0. Only

the confident task – if exists – converges to 1. Therefore, the human can change the task of the

robot to a desired one by providing enough demonstrations as to pass this threshold.
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C.4 Dynamics approximation and motion learning

Having a series of primitive dynamics (i.e., fi ), and their corresponding beliefs (i.e., bi ), one

can consider the following underlying dynamics that governs the human-demonstration.

ḃ = B(t , x, s,b) (C.24)

Where b is a vector including bi , t is time, x represents the state of the system, and s represents

other contextual informations in the interaction (i.e., other than those states (x) used by

the dynamical systems fi ). Time-dependency of this model indicates that (or model for)

the duration of tasks and their switching times. State-dependency (i.e., x) indicates that

the switching between task takes place due a change in the state; e.g., different tasks are

desirable in different region of the state-space. Contextual-dependency (i.e., s) indicates the

switching between task might occur due to other relevant information during the interaction;

e.g., entrance of another human partner, appearance of an obstacle, etc. Finally, the belief-

dependency of this model indicates that each task (or primitive dynamics) is decided based

on a history of previous task; e.g., the picking an object most certainly followed by a placing

the object. All other unknown dynamics and uncertainties can be model as time-variability.

Regarding these underlying dynamics (Eq.C.24), our proposed adaptation mechanism can be

seen as an estimator for b under no priors; i.e., assuming ḃ = B(t ). In the followings, we use

this adaptation as a building block for different learning architectures where assume there

is a stat-dependency (ḃ = B(x)), context-dependency (ḃ = B(s)), or a sequence-dependency

(ḃ = B(b)).

To use the proposed adaptation mechanism in a learning architecture that learns state-

dependency (i.e., ḃ = B(x) approximation of Eq.C.24), one requires a memory mechanism that

associates between the beliefs (i.e., bi which is being adapted temporally) and other spatial

information such as position (x). For this purpose, consider the following state dependency

for the beliefs.

bi (x) =

M∑
m=1

Ψi m(x) βi m

M∑
m=1

Ψi m(x)

for i = 1...N (C.25)

In this formulation,Ψi m ≥ 0 is the mth basis function of i th task with its corresponding linear

weight βi m . We need to impose a set of constraints on our approximators to have positive

values summing up to one for bi . This can be done by using the same set of basis functions

for all task (i = 1...N ) resulting in the disappearance of i subscription for Ψi m(x), and the

following constraint on βi m .

N∑
i=1

βi m = 1 and 0 ≤βi m ≤ 1. (C.26)
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Using such assumptions, we can show that

N∑
i=1

bi (x) =
N∑

i=1

M∑
m=1

Ψm(x)βi m

M∑
m=1

Ψm(x)

=

M∑
m=1

Ψm(x)(
N∑

i=1
βi m)

M∑
m=1

Ψm(x)

= 1

(C.27)

To update the model (i.e., βi m), we first compute the updates on task-beliefs (ḃi ) using our

proposed adaptation mechanism (Eq.5.4). Then, we project the updates of bi onto the updates

of βi m as follows.

β̇i m = Ψm(x) ḃi

M∑
m=1

Ψm(x)

(C.28)

Therefore, the forward integration for the learning parameters is

βi m(t ) =βi m(0)+
∫ t

0
β̇i m d t (C.29)
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By turning the adaptation into a learning mechanism, we are able to approximate a targeted

dynamics (i.e., the dynamics that generates ẋd ) using a set of given primitive dynamics (i.e.,

fi (x)). We illustrated a simple case in Fig.C.2 where a targeted dynamics is learned (approxi-

mated) by a set of given dynamics. For this case, we used a simple basis function as follows.

Ψm(x) = exp(−||x − cm ||22
2σ2 ) (C.30)

where cm represents the center of basis functions which are localized on a 5-by-5 equal

distance grid. The width of basis function (σ) is set to 0.25, and adaptation rate (ε) is 0.2. In

each trial (for 0.5 second and sampling time of 0.05s), an initial position is randomized, and a

motion is generated based on the target dynamics. In the course of this motion generation,

the bi are adapted, and βi m are learned online. The learning converges after a few trials (less

than 15). It can be seen that our method (due to its WTA process) results in a soft partitioning

of the space where in each partition only one primitive dynamics (or task) dominates.

On-line learning from adaptation has interesting implication in robotic system. First, after

a few trials the robot can start performing the task. Even though, the initial performance is

not satisfactory, it sill reduces the human-effort required to provide further demonstrations.

Second, the quality of the learning is decided by the teacher in course of the interaction (as

opposed to the reliance on a cost-function or a likelihood function during the offline learning).
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